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Abstract

Urban land-use efficiency (LUE) is central to sustainable development, as urban areas must ac-
commodate population growth while minimizing unnecessary land consumption and environmental
consequences. Sustainable Development Goal (SDG) Indicator 11.3.1 was introduced to monitor
LUE through the land consumption rate (LCR), the population growth rate (PGR), and their ra-
tio (LCRPGR). However, current implementations remain largely deterministic, retrospective, and
two-dimensional. The input variables used for the calculation—built-up area (BUA) and popula-
tion (Pop)—are typically treated as exact values, thus neglecting measurement uncertainties. At the
same time, the indicator itself remains focused on horizontal urban expansion and does not capture
the vertical dimension of urban growth. Consequently, prevailing applications of SDG Indicator
11.3.1 remain insufficient for a reliable, policy-relevant assessment of urban LUE.

This dissertation addresses these limitations by developing and evaluating uncertainty-aware,
forecast-enabled, and multidimensional approaches to LUE assessment based on SDG Indicator
11.3.1. First, a deterministic sensitivity analysis investigates how alternative datasets for BUA and
Pop under retrospective conditions affect LCR, PGR, LCRPGR, and the resulting LUE interpreta-
tions. Second, a general uncertainty-propagation framework is developed in which uncertain BUA
and Pop inputs are probabilistically represented and propagated through the SDG Indicator 11.3.1
formulae using Monte Carlo simulations. Subsequently, a probabilistic LUE classification is used
to express class membership as probabilities. Third, a global deep learning workflow is designed
to jointly forecast BUA and Pop for urban centers (UCs) using probabilistic sequence-to-sequence
models, deep ensembles, and dependency-aware uncertainty propagation for a forward-looking LUE
assessment. Finally, a trajectory framework is introduced that integrates BUA and built-up volume
(BUV) to improve the interpretability and robustness of LUE assessment under SDG Indicator
11.3.1, capturing both horizontal and vertical dimensions of urban growth.

Applied to Philippine local government units (LGUs), the sensitivity analysis demonstrated that
SDG Indicator 11.3.1 is materially affected by routine choices of BUA and Pop datasets, with BUA
representation emerging as the stronger source of deterministic variability. The uncertainty prop-
agation analysis, demonstrated through both a hypothetical example and a real-world case study
of Baguio City, Philippines, further showed that explicitly representing BUA and Pop as uncertain
inputs can substantially alter the estimated values and interpretation of the indicator. Probabilistic
LUE classification improved interpretation by identifying both the dominant class and the degree
of support for alternative classes. Across global UCs, the forecasting analysis demonstrated that
an uncertainty-aware deep learning workflow can support forward-looking assessment of SDG In-
dicator 11.3.1 by jointly predicting BUA and Pop while quantifying confidence in projected LUE
classes across forecast horizons. The BUA–BUV trajectory framework further demonstrated that
integrating horizontal and vertical dimensions of urban growth improves the interpretability of LUE
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assessment by revealing structural growth patterns that are not captured by conventional indicator
values alone. In particular, it showed that favorable LCRPGR outcomes do not necessarily imply
compact or vertically oriented urban development.

Overall, the dissertation demonstrates that a more reliable and policy-relevant assessment of urban
LUE requires SDG Indicator 11.3.1 to be calculated and interpreted with explicit consideration of
input-data sensitivity and uncertainty, projected change, and the multidimensional nature of urban
growth.

Keywords: Urban land-use efficiency, SDG Indicator 11.3.1, uncertainty propagation, proba-
bilistic forecasting, BUA–BUV trajectory framework.
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Kurzfassung

Die städtische Flächennutzungseffizienz (urban land-use efficiency, LUE) ist von zentraler Bedeu-
tung für eine nachhaltige Entwicklung, da städtische Gebiete dem Bevölkerungswachstum gerecht
werden müssen, ohne dabei unnötigen Flächenverbrauch zu verursachen und damit verbundene
Umweltfolgen zu verstärken. Der Indikator 11.3.1 der Ziele für nachhaltige Entwicklung (Sustain-
able Development Goals, SDGs) wurde eingeführt, um LUE anhand der Flächenverbrauchsrate
(land consumption rate, LCR), der Bevölkerungswachstumsrate (population growth rate, PGR)
und ihres Verhältnisses (LCRPGR) zu überwachen. Gegenwärtige Realisierungen dieses Indikators
sind jedoch weitgehend deterministisch, retrospektiv und zweidimensional. Die für die Berech-
nung verwendeten Eingangsgrößen bebaute Fläche (built-up area, BUA) und Bevölkerung (Pop)
werden in der Regel als exakte Größen behandelt, wodurch Messunsicherheiten unberücksichtigt
bleiben. Zugleich konzentriert sich der Indikator auf horizontale städtische Expansion und erfasst
nicht die vertikale Dimension städtischen Wachstums. Folglich sind die derzeitigen Anwendungen
des SDG-Indikators 11.3.1 für eine verlässliche und politikrelevante Bewertung der städtischen LUE
unzureichend.

Die vorliegende Dissertation adressiert diese Einschränkungen, indem sie unsicherheitsbewusste,
prognosefähige und multidimensionale Ansätze zur Bewertung der LUE auf Grundlage des SDG-
Indikators 11.3.1 entwickelt und evaluiert. Zunächst untersucht eine deterministische Sensitivität-
sanalyse, wie sich alternative Datensätze zu BUA und Pop unter retrospektiven Bedingungen auf
LCR, PGR, LCRPGR und die daraus resultierenden LUE-Interpretationen auswirken. Darüber
hinaus wird ein allgemeiner methodischer Ansatz zur Unsicherheitsfortpflanzung entwickelt, in dem
unsichere BUA- und Pop-Eingangsgrößen probabilistisch dargestellt und mithilfe von Monte-Carlo-
Simulationen durch die Formeln des SDG-Indikators 11.3.1 fortgepflanzt werden. Anschließend
wird eine probabilistische LUE-Klassifizierung angewendet, um die Klassenzugehörigkeit in Form
von Wahrscheinlichkeiten auszudrücken. Drittens wird ein globales Deep-Learning-Verfahren für
eine zukunftsgerichtete LUE-Bewertung konzipiert: Dabei werden für urbane Zentren (urban cen-
ters, UCs) BUA und Pop gemeinsam mithilfe probabilistischer Sequence-to-Sequence-Modelle, Deep
Ensembles und einer Unsicherheitsfortpflanzung unter Berücksichtigung von Abhängigkeiten prog-
nostiziert. Schließlich wird ein Trajektorienansatz eingeführt, der BUA und bebautes Volumen
(built-up volume, BUV) integriert, um die Interpretierbarkeit und Robustheit einer auf dem SDG-
Indikator 11.3.1 basierenden LUE-Bewertung zu verbessern, indem sowohl die horizontalen als auch
die vertikale Dimensionen städtischen Wachstums erfasst werden.

Angewandt auf lokale philippinische Verwaltungseinheiten (local government units, LGUs), zeigte
die Sensitivitätsanalyse, dass der SDG-Indikator 11.3.1 wesentlich durch routinemäßige Entschei-
dungen hinsichtlich der verwendeten BUA- und Pop-Datensätze beeinflusst wird, wobei sich die
Darstellung der BUA als stärkere Quelle deterministischer Variabilität erweist. Die Analyse der
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Unsicherheitsfortpflanzung demonstriert, sowohl anhand eines hypothetischen Beispiels als auch
anhand einer realen Fallstudie für Baguio City auf den Philippinen, dass die explizite Modellierung
von BUA und Pop als unsichere Eingangsgrößen die geschätzten Werte und die Interpretation des In-
dikators erheblich verändern kann. Die probabilistische LUE-Klassifikation verbessert die Interpre-
tation, indem sie sowohl die dominante Klasse als auch den Grad der Unterstützung für alternative
Klassen identifizierte. Über globale UCs hinweg, zeigt die Prognoseanalyse, dass ein unsicherheits-
bewusstes Deep-Learning-Verfahren eine zukunftsgerichtete Bewertung des SDG-Indikators 11.3.1
unterstützen kann, indem BUA und Pop gemeinsam vorhergesagt und zugleich die Konfidenz der
prädizierten LUE-Klassen über verschiedene Prognosehorizonte hinweg quantifiziert werden. Der
BUA-BUV-Trajektorienansatz zeigt darüber hinaus, dass die Integration horizontaler und vertikaler
Dimensionen städtischen Wachstums die Interpretierbarkeit der LUE-Bewertung verbessert, indem
strukturelle Wachstumsmuster sichtbar gemacht werden, die durch konventionelle Indikatorwerte
allein nicht erfasst werden. Insbesondere wird deutlich, dass positive LCRPGR-Ergebnisse nicht
zwangsläufig auf eine kompakte oder vertikal orientierte Stadtentwicklung hinweisen.

Insgesamt zeigt die Dissertation, dass eine verlässlichere und politikrelevantere Bewertung der
städtischen LUE es erfordert, den SDG-Indikator 11.3.1 unter expliziter Berücksichtigung von Sen-
sitivität und Unsicherheit der Eingangsdaten, projizierter Veränderungen sowie der multidimension-
alen Natur städtischen Wachstums zu berechnen und zu interpretieren.

Schlagwörter: Effizienz der städtischen Flächennutzung, SDG-Indikator 11.3.1, Unsicherheits-
fortpflanzung, probabilistische Prognose, BUA–BUV-Trajektorienansatz
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1 Introduction

1.1 Background and Motivations

Urbanization is among the most consequential processes shaping contemporary human–environment
systems (Bai et al., 2017). Cities concentrate population, economic activity, and infrastructure,
while simultaneously transforming land systems, altering ecosystems, and intensifying resource de-
mands. As urban areas expand and intensify, a central challenge for sustainable development is
not merely the pace of urban growth, but how efficiently land resources are consumed relative to
population change. This challenge lies at the intersection of spatial planning, environmental sus-
tainability, and social equity, making the efficient use of land a critical concern for both scientific
analysis and policy action (Melchiorri et al., 2018; UN-Habitat, 2018b; Khan et al., 2025).

Within this context, Sustainable Development Goal (SDG) Indicator 11.3.1 was introduced by
the United Nations (UN) to provide a globally comparable measure of land-use efficiency (LUE)
(Figure 1.1). Defined as the ratio of the land consumption rate (LCR) to the population growth rate
(PGR), commonly denoted as LCRPGR, the indicator operationalizes LUE by relating horizontal
changes in built-up area to changes in population over time (UN Statistics Division, 2025). Its con-
ceptual appeal lies in its simplicity: efficiency is achieved when population growth is accommodated
without disproportionate expansion of built-up area (Estoque et al., 2021; UN-Habitat, 2018b).
This formulation has enabled widespread adoption across national reporting systems, international
urban assessments, and academic research, positioning SDG Indicator 11.3.1 as a central reference
point for evaluating progress toward sustainable urbanization (UN-Habitat, 2018b; UN Statistics
Division, 2025). This widespread adoption has been facilitated by the increasing availability of
Earth observation (EO)–derived time series that enable consistent, spatially explicit measurement
of built-up area and population change across large spatial extents and long temporal horizons.

1.1.1 The Uncertainty of Indicator-Based Assessment

The increasing use of SDG Indicator 11.3.1 for policy-relevant evaluation has raised fundamental
questions about how such indicators represent urban processes and support decision-making (Es-
toque et al., 2021; Schiavina et al., 2019). Indicator-based assessments necessarily simplify complex
and dynamic systems, enabling comparisons and benchmarking across cities and regions. Urban
systems, however, are inherently uncertain, dynamic, and multidimensional (Yang & Zhang, 2025).
In practice, these assessments are commonly implemented and interpreted deterministically, with
built-up area, population, and derived indicators treated as exact values (UN Statistics Division,
2025).
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Figure 1.1: Conceptual overview of SDG Indicator 11.3.1 for monitoring land-use efficiency (LUE). Built-up
area and population changes between two time points are used to calculate LCR and PGR, whose
ratio defines LCRPGR. The interpretation panel assumes that both LCR and PGR are positive;
under this condition, LCRPGR ≤ 1 indicates relatively efficient land use, while LCRPGR > 1
indicates relatively inefficient land use.

This deterministic framing contrasts with the nature of the quantities underlying SDG Indicator
11.3.1. The built-up area and population data used to calculate LCR and PGR are modeled repre-
sentations derived from heterogeneous data sources, including EO-derived built-up products, census
or administrative population counts, gridded population models, and ancillary spatial covariates.
As such, both inputs embed assumptions regarding definition, measurement, spatial allocation, tem-
poral harmonization, and aggregation (Chakraborty et al., 2024; Leyk et al., 2019). While these
input data characteristics are widely recognized, conventional applications typically rely on point
estimates and do not explicitly account for uncertainty in these inputs.

The implications of this simplification are especially pronounced for ratio-based indicators such as
SDG Indicator 11.3.1 because uncertainty in either input component can be amplified nonlinearly
in the resulting value. Small variations in built-up area or population may therefore lead to dis-
proportionately large changes in the indicator, particularly when population growth is low and the
denominator becomes small, resulting in shifts in the interpreted LUE (Calka et al., 2022; Zhong et
al., 2025b). When such values are treated as precise measures of LUE performance, there is a risk
that apparent differences across cities or periods reflect data uncertainty rather than substantive
differences in urban development dynamics.

As SDG Indicator 11.3.1 increasingly informs assessments of urban development progress and
LUE, and as it is being extended to support more equitable and policy-relevant comparisons across
cities and regions (Cai et al., 2020; Mudau et al., 2020; Schiavina et al., 2022b), this implicit assump-
tion of precision becomes a critical limitation. Ensuring that indicator-based LUE assessments are
robust to uncertainty is therefore a central motivation for re-examining how SDG Indicator 11.3.1
is calculated, interpreted, and applied in policy contexts.
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1.1.2 The Need for Forward-Looking Assessment

A further challenge arises from the predominantly retrospective orientation of existing indicator-
based assessments. While SDG Indicator 11.3.1 is intended to support long-term sustainability
objectives, its application has largely focused on summarizing past patterns of urban expansion
and population change rather than using historical evidence to assess plausible future land-use
pressures and urban development trajectories (Schiavina et al., 2022b). As a result, indicator
values are commonly interpreted as assessments of historical performance, offering limited insight
into how current trajectories may evolve under continued urbanization or under alternative future
conditions.

This retrospective focus constrains the relevance of SDG Indicator 11.3.1 for planning and decision-
making in rapidly changing urban contexts. Urban development decisions that encompass infras-
tructure investment, land-use regulation, and climate adaptation are inherently forward-looking.
Any forward-looking assessment must necessarily build on existing, and therefore historical, data;
however, its value lies not only in describing past change but in using those data to evaluate plausi-
ble future pathways. These decisions must be made under uncertainty regarding future population
growth, land availability, and development intensity. Indicators that rely exclusively on historical
observations may provide little guidance on the range of plausible future efficiency outcomes, the
uncertainties surrounding them, or the risks associated with alternative development paths and
scenarios.

As cities face increasingly complex challenges related to infrastructure provision, climate adap-
tation, and land scarcity (UN-Habitat, 2020), decision-makers require analytical tools that move
beyond descriptive assessment of past performance. Forward-looking, risk-aware evaluation of LUE
is needed to support proactive planning and to anticipate potential inefficiencies before they become
established. This necessity motivates extending SDG Indicator 11.3.1 beyond a purely retrospective
monitoring instrument. Grounded in historical data, such an extension can support prospective,
uncertainty-aware assessment of urban development trajectories through forecasting, scenario-based
analysis, and the explicit treatment of uncertainty. This extension is important both for informing
the remaining SDG implementation period up to 2030 and for sustaining evidence-based monitoring
and planning beyond it.

1.1.3 The Dimensional Constraints of Planar Metrics

The conceptual scope of LUE extends beyond two-dimensional land consumption. While SDG In-
dicator 11.3.1 evaluates efficiency through changes in planar built-up area relative to population
growth, this representation captures only one aspect of urban development (Estoque et al., 2021).
In many contemporary urban contexts, population growth is increasingly accommodated through
vertical intensification, such as higher building densities, increased floor space, and taller struc-
tures, rather than through outward horizontal expansion (Liu et al., 2024; Frolking et al., 2024).
Therefore, indicators that focus exclusively on planar changes in built-up area risk obscuring crit-
ical aspects of how cities grow and accommodate population. Urban areas with similar LCRPGR
values may exhibit fundamentally different development patterns, with some relying on low-rise
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Figure 1.2: Conceptual illustration of two cities with identical LCRPGR values but contrasting modes of
urban growth. City A accommodates population increase mainly through horizontal expansion,
whereas City B accommodates growth through more limited planar expansion combined with
stronger vertical densification. Despite these different development patterns, both cities yield
the same LCRPGR value and LUE interpretation, highlighting how area-based indicators alone
can obscure important structural differences in urban trajectories.

horizontal expansion and others on vertical densification (Figure 1.2). When these distinctions are
not accounted for, efficiency outcomes derived from area-based metrics alone may be difficult to
interpret, as they conflate structurally distinct urban trajectories into a single numerical value.

This dimensional limitation constrains the explanatory power of SDG Indicator 11.3.1, partic-
ularly in contexts where vertical development plays a central role in managing land scarcity, in-
frastructure demand, and environmental impacts (Grace Wong, 2004; Munn & Dragićević, 2021).
Without complementary representations that capture both horizontal and vertical dimensions of
growth (Koomen et al., 2009; Bruyns et al., 2021), indicator-based assessments remain incomplete,
limiting their ability to explain how LUE is achieved and to support differentiated interpretation of
urban development pathways.

Overall, the uncertainty of indicator inputs, the predominantly retrospective orientation of SDG
Indicator 11.3.1 applications, and the planar treatment of urban growth reveal a deeper structural
issue in current SDG Indicator 11.3.1–based assessments. The indicator is commonly interpreted as
a precise, retrospective, and planar measure of LUE, despite being derived from uncertain inputs,
applied to inherently dynamic urban systems, and blind to vertical modes of urban development.
As a result, SDG Indicator 11.3.1 is often interpreted and applied in ways that go beyond what
its prevailing analytical framing can reliably support, particularly in comparative, evaluative, and
policy-oriented contexts. Addressing these limitations does not require abandoning the indicator;
rather, it requires rethinking how it is calculated, interpreted, and extended. Figure 1.3 summarizes
this conceptual motivation and frames the dissertation’s analytical direction.
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Figure 1.3: Conceptual framing of the dissertation, showing the transition from conventional deterministic
SDG Indicator 11.3.1 assessment toward an uncertainty-aware, probabilistic, forward-looking,
and multidimensional framework for LUE assessment.

1.2 Central Thesis Statement

This dissertation advances the thesis that prevailing uses of SDG Indicator 11.3.1 remain insufficient
for a reliable, policy-relevant assessment of urban LUE because they treat the indicator as deter-
ministic, retrospective, and two-dimensional. Built-up area and population are uncertain quantities
whose errors propagate nonlinearly through LCR, PGR, and LCRPGR, affecting both indicator
magnitudes and LUE classification. At the same time, contemporary urban growth is increasingly
shaped by vertical intensification, which area-only indicators cannot capture. These limitations
motivate the development of uncertainty-aware, forward-looking, and multidimensional analytical
frameworks to improve robustness in LUE assessment.
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1.3 Objective and Research Questions

The general objective of this dissertation is to develop, implement, and empirically evaluate analyt-
ical frameworks for assessing urban LUE in the context of SDG Indicator 11.3.1. These frameworks
are designed to be uncertainty-aware, forward-looking, and multidimensional.

To achieve this objective, the dissertation addresses the following research questions (RQs):

• RQ1. How sensitive are SDG Indicator 11.3.1 values and LUE interpretations to uncertainty in
built-up area and population arising from measurement, definition, and data-source selection
under retrospective conditions?

• RQ2. How does explicit propagation of uncertainty in built-up area and population affect the
magnitude, stability, and LUE classification outcomes of SDG Indicator 11.3.1 compared to
conventional deterministic approaches?

• RQ3. Given uncertain SDG Indicator 11.3.1 components and outputs, how does probabilistic
LUE classification improve the robustness, comparability, and interpretability of LUE assess-
ments relative to deterministic classification?

• RQ4. To what extent can data-driven, uncertainty-aware forecasting models accurately and re-
liably predict built-up area and population time series across diverse localities, while producing
predictive uncertainty that enables subsequent SDG Indicator 11.3.1–based LUE assessments
to be well-calibrated and decision-relevant?

• RQ5. To what extent does integrating built-up area (BUA) and built-up volume (BUV) within
a trajectory-based framework enhance the interpretability and robustness of SDG Indicator
11.3.1–based LUE assessment?

1.4 Contributions

The contributions of this dissertation are conceptual, methodological, and analytical:

• Conceptually, the dissertation reframes SDG Indicator 11.3.1 as an uncertainty-sensitive, dis-
tributional measure rather than a deterministic scalar. It shows that uncertainty in built-up
area and population propagates nonlinearly through LCR, PGR, and especially LCRPGR,
affecting indicator magnitude, stability, and LUE regime1 interpretation, thereby challenging
the implicit assumptions of precision common in deterministic SDG Indicator 11.3.1 applica-
tions.

1Here, and throughout this dissertation, “regime” is used strictly in an analytical sense. In the context of LUE
classification, it denotes a distinct interpretive state of urban LUE defined by a specific combination of LCR,
PGR, and LCRPGR conditions. Accordingly, regime membership refers to the assignment, or probability of
assignment, of a spatial entity (e.g., a city, urban center, or country) to one of these defined LUE states.
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• Methodologically, the dissertation operationalizes probabilistic workflows for SDG Indicator
11.3.1 assessment that integrate (i) uncertainty estimation for built-up area from design-based
reference sampling and error-adjusted area estimation, (ii) uncertainty propagation through
the indicator transformations, (iii) uncertainty-aware forecasting of built-up area and popula-
tion from empirical urban time series, and (iv) probabilistic LUE classification. A key contri-
bution is the end-to-end integration of dependence-aware uncertainty propagation—treating
built-up area and population as a joint uncertain system rather than independent inputs—with
LUE regime membership probability outputs, applied consistently across both retrospective
monitoring and forecast-based assessment.

• Analytically, the dissertation develops a trajectory-based framework that integrates BUA and
BUV, enabling horizontal expansion and vertical intensification to be represented in a unified
analytical space. This framework reveals structural growth patterns that are not captured by
area-based indicators alone and complements SDG Indicator 11.3.1-based assessment with a
multidimensional context.

These contributions establish an integrated foundation for an uncertainty-aware, forward-looking,
and multidimensional assessment of urban LUE, thereby extending both the scientific interpretation
and the policy relevance of SDG Indicator 11.3.1.
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2 Conceptual Foundations and Related Work

2.1 Conceptual Foundations

2.1.1 LUE and SDG Indicator 11.3.1

In its broadest sense, land-use efficiency (LUE) refers to the capacity of land systems to coordinate
competing demands for food production, socio-economic development, and ecological maintenance
under increasing population growth, economic expansion, and urbanization pressures, to mitigate
land-use conflicts and promote sustainable development (Liu et al., 2020a). Within this framing,
LUE is understood as a dynamic concept aligned with the sustainable development paradigm,
shaped by the combined influences of natural conditions, economic activities, and social processes
rather than by static land-use outcomes alone (Liu et al., 2020a; Zhu et al., 2019).

Within the UN SDGs framework, this broad, multidimensional understanding of LUE is translated
into an operational concept suitable for global comparison and monitoring. In this framework, LUE
is recognized as a cross-cutting concept that influences multiple aspects of sustainable development,
including food security, economic productivity, and environmental protection (Khan et al., 2025).
To enable systematic monitoring, LUE is formalized through a nested indicator hierarchy that links
global development objectives to operational monitoring metrics.

At the highest level, the 17 SDGs define a comprehensive agenda for sustainable development.
Within this framework, SDG 11 focuses on making cities and human settlements inclusive, safe,
resilient, and sustainable. Under SDG 11, Target 11.3 specifically aims to enhance inclusive and sus-
tainable urbanization and capacity for participatory, integrated, and sustainable human settlement
planning (UN Department of Economic and Social Affairs, 2024). Indicator 11.3.1 operationalizes
this target into a metric called “LCRPGR,” which quantifies LUE through the relationship between
built-up expansion (LCR) and population change (PGR) (UN Statistics Division, 2025). Under
the UN SDG monitoring framework, this indicator is classified as Tier II, indicating that while its
methodological standards are well-established, global data coverage remains inconsistent (CEOS,
2023).

A key motivation for SDG Indicator 11.3.1 is the need to identify and monitor urban sprawl.
Urban sprawl is a widely recognized manifestation of inefficient land use in which built-up land
expands faster than population growth. This pattern often results in low-density development,
higher infrastructure and service provision costs, and increased environmental pressure (UN-Habitat,
2018b; Zhou et al., 2021). By monitoring SDG Indicator 11.3.1, policymakers and stakeholders can
receive timely, relevant information. This information can support informed decision-making to
promote more inclusive and sustainable urbanization. At a minimum, such monitoring can help
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slow the spread of urban sprawl. Where possible, it can also support efforts to maintain or increase
urban compactness over time (UN-Habitat, 2018b).

Formally, SDG Indicator 11.3.1 and its components are calculated as follows (UN Statistics Divi-
sion, 2025):

LCR =
BUAt2 − BUAt1

BUAt1

· 1

∆t
(2.1)

PGR =
ln
(
Popt2
Popt1

)
∆t

(2.2)

LCRPGR =
LCR

PGR
(2.3)

Here, BUA denotes the total built-up area and Pop the total population at two epochs (t1 and
t2), with ∆t as the time interval. In the context of SDG Indicator 11.3.1, built-up areas are defined
as “all areas occupied by buildings” (UN Statistics Division, 2025). The dimensionless indicator,
LCRPGR, is based on rates rather than absolute quantities. As such, it facilitates comparison
across spatial scales and time periods. At the same time, its ratio-based structure implies that
variation in either built-up area or population can influence the resulting indicator value.

2.1.2 LUE Interpretation in SDG Indicator 11.3.1 Context

An LCRPGR value close to 1 indicates balanced urban expansion, where land consumption increases
at a rate similar to population growth. Values larger than one indicate that land consumption grows
faster than population and are commonly interpreted as inefficient land use and excessive spatial
expansion. Values below one indicate that population growth is faster than land consumption
and are usually associated with densification or more compact urban development (UN-Habitat,
2018b).

This simplified interpretation, however, is not generally sufficient and applies only when LCR and
PGR are both positive. The official metadata explicitly requires that LCR and PGR be examined
separately before interpreting their ratio, as similar LCRPGR values may arise from fundamentally
different land–population dynamics (UN Statistics Division, 2025). For example, identical ratio
values may reflect simultaneous growth in both components, concurrent decline, or asymmetric
change in which one component increases while the other decreases. As illustrated by Figure 2.1
and described further in Table 2.1, meaningful interpretation therefore depends on both the sign
and magnitude of each component rate. Based on these illustrations, efficient LUE refers to urban
growth or contraction conditions in which land consumption is proportional to, lower than, or more
strongly reduced than the observed population change, so that no excess land is taken relative to
population dynamics.

From this perspective, SDG Indicator 11.3.1 functions not merely as a summary ratio but as a
structured diagnostic indicator. Joint examination of LCR and PGR enables efficiency outcomes
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Figure 2.1: Conceptual 17-regime LUE classification space in the LCR–PGR plane. The figure partitions all
possible sign and relative-magnitude combinations of LCR, PGR, and LCRPGR into 17 regimes.
R1–R9 denote efficient LUE outcomes, where land is not consumed unnecessarily relative to
population change. R10–R16 denote inefficient LUE outcomes, where land consumption exceeds
or is insufficiently reduced relative to population change. R17 denotes the neutral case, where
both LCR and PGR are zero. The corresponding regime definitions, interval rules, and inter-
pretations are summarized in Table 2.1. Figure by the author based on UN Statistics Division
(2025), UN-Habitat (2018b), Calka et al. (2022), and Cimini et al. (2023).

to be linked directly to either horizontal expansion/contraction, demographic growth/population
decline, or combinations thereof. For this reason, component-wise interpretation is an integral
element of the official monitoring methodology.

Conceptually, this interpretation framework assumes that built-up area and population inputs are
known with sufficient precision to allow unambiguous classification into growth regimes. Recognizing
this deterministic assumption is essential for understanding both the strengths and limitations of
current SDG Indicator 11.3.1 monitoring practice. This recognition also provides the methodological
motivation for later chapters, which examine how uncertainty in built-up area and population inputs
propagates through the indicator and affects the robustness of LUE interpretation.
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Table 2.1: Land-use efficiency (LUE) regime classification based on the signs and relative magnitudes of the land consumption rate (LCR), population growth rate
(PGR), and their ratio (LCRPGR), together with their corresponding interpretations. The “General LUE Class” column provides a broad efficiency
grouping, whereas the “LUE Regime” column assigns more detailed regime labels to support diagnostic interpretation and probabilistic regime reporting
in Chapters 4 and 5. In this study, efficient LUE is defined as a condition in which land is not consumed unnecessarily relative to population change.
For the LCRPGR intervals shown in the table, the lower and upper bounds are exclusive. The geometric arrangement of these regimes in the LCR–PGR
plane is illustrated in Figure 2.1. Interpretations by the author based on UN Statistics Division (2025), UN-Habitat (2018b), Calka et al. (2022), and
Cimini et al. (2023).

Code LCR PGR LCRPGR Interpretation General LUE
Class

LUE Regime

R1 + + = 1 Both built-up area and population grow at proportional rates,
indicating balanced expansion in which land consumption re-
mains aligned with population increase and does not exceed
what is needed.

Efficient Efficient (Balanced Growth)

R2 + + (0, 1) Both built-up area and population grow, but population in-
creases faster than built-up area. This indicates efficient ex-
pansion, as additional population is accommodated with com-
paratively lower built-up consumption, consistent with com-
pact growth or moderate densification.

Efficient Efficient Built-up Expansion under
Faster Population Growth

R3 = 0 + = 0 Population increases while built-up area remains stable. This
indicates highly efficient growth, as additional population is
absorbed without further built-up expansion.

Efficient Efficient Population Growth Without
Built-up Expansion

R4 − + (−1, 0) Built-up area contracts while population grows, but popula-
tion growth exceeds built-up contraction in absolute terms.
This indicates efficient population-growth-driven built-up con-
traction, where urban growth is accommodated through in-
tensified use, redevelopment, or reorganization of the existing
built-up footprint rather than outward expansion.

Efficient Efficient Population Growth with Built-
up Reduction

R5 − + = −1 Built-up area contraction and population growth occur at
similar absolute rates. This indicates a balanced opposite-
direction adjustment in which urban development becomes
more space-efficient while still accommodating population in-
crease.

Efficient Efficient Proportional Built-up Reduc-
tion and Population Growth

Continued on next page
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Table 2.1: Land-use efficient (LUE) regime classification based on the signs and relative magnitudes of LCR, PGR, and LCRPGR. Continued from previous page.
Code LCR PGR LCRPGR Interpretation General LUE

Class
LUE Regime

R6 − + < −1 Built-up area contracts faster than the population grows. This
may reflect strong redevelopment, consolidation, or spatial
compression that reduces built-up extent despite continued
population growth.

Efficient Efficient Built-up Reduction-Dominant
Densification

R7 − = 0 Undefined Built-up area contracts while population remains stable. This
indicates efficient adjustment of the urban footprint, as built-
up area is reduced without population loss, suggesting im-
proved spatial efficiency through redevelopment, surplus built-
up space removal, or more compact land use.

Efficient Efficient Built-up Reduction under Sta-
ble Population

R8 − − > 1 Both built-up area and population decline, but built-up area
contracts faster than population. The reduction in built-up
extent more than compensates for population loss and helps
limit underutilized urban space.

Efficient Efficient Built-up Reduction under Pop-
ulation Decline

R9 − − = 1 Both built-up area and population decline at similar rates.
This indicates efficient proportional contraction, where the
reduction in built-up area keeps pace with population decline,
helping maintain an appropriate built-up footprint relative to
reduced demographic demand.

Efficient Efficient Proportional Built-up Reduc-
tion and Population Decline

R10 − − (0, 1) Both built-up area and population decline, but population
declines faster than built-up contraction. This indicates that
built-up reduction is insufficient relative to population loss,
leading to inefficient shrinkage and possible underutilization of
urban space.

Inefficient Inefficient Built-up Reduction under
Population Decline

R11 = 0 − = 0 The population declines while the built-up area remains un-
changed. This suggests underutilization, vacancy, or persis-
tence of excess built-up area despite reduced population de-
mand.

Inefficient Inefficient Stable Built-up Area under
Population Decline

Continued on next page
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Table 2.1: Land-use efficient (LUE) regime classification based on the signs and relative magnitudes of LCR, PGR, and LCRPGR. Continued from previous page.
Code LCR PGR LCRPGR Interpretation General LUE

Class
LUE Regime

R12 + − (−1, 0) Built-up area expands while population declines, although
population decline exceeds built-up expansion in absolute
terms. This still reflects inefficient land use, as built-up areas
continue to increase despite declining population demand.

Inefficient Inefficient Built-up Expansion with
Population-Decline Dominance

R13 + − = −1 Built-up expansion and population decline occur at the same
rate in opposite directions. Although balanced in magnitude,
this remains inefficient because land consumption continues to
increase despite a declining population.

Inefficient Inefficient Proportional Built-up Expan-
sion and Population Decline

R14 + − < −1 Built-up area expands faster than population declines. This
represents the strongest inefficient expansion under population
decline, with clear excess built-up growth relative to demo-
graphic need.

Inefficient Inefficient Built-up Expansion un-
der Population Decline (Expansion-
Dominant)

R15 + = 0 Undefined Built-up area expands while population remains stable. This
indicates demographic-detached expansion and unnecessary
built-up growth without a corresponding population increase.

Inefficient Inefficient Built-up Expansion under
Stable Population

R16 + + > 1 Both built-up area and population grow, but built-up expan-
sion exceeds population growth. This indicates inefficient out-
ward growth or sprawl, where land is consumed faster than
needed relative to population increase.

Inefficient Inefficient Built-up Expansion under
Slower Population Growth

R17 = 0 = 0 Undefined No detectable change in land consumption and population
over the interval.

Neither efficient
nor inefficient

Neutral
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2.2 State of the Art in SDG Indicator 11.3.1 Monitoring

Since the adoption of the UN SDGs in 2015, SDG Indicator 11.3.1 has been widely implemented
as the primary operational tool for empirical assessment of LUE across global, national, and local
contexts. A substantial body of literature has employed the indicator to examine LUE within
the context of urban land–population dynamics (e.g., Melchiorri et al., 2019; Estoque et al., 2021;
Schiavina et al., 2022b; Wang et al., 2020; Faye et al., 2022; Angel et al., 2024; Santillan & Heipke,
2024a). These studies have enabled comparative analyses across cities, regions, and countries and
supported large-scale monitoring efforts. This body of work indicates that SDG Indicator 11.3.1 has
reached a high level of operational maturity, characterized by standardized calculation procedures,
broad data availability, and applicability across diverse urban settings, while maintaining a relatively
low implementation barrier.

2.2.1 Earth Observation (EO)-based Data Sources and Implementation
Practices

Applications of SDG Indicator 11.3.1 rely on EO data to measure changes in built-up area and
population across space and time. In accordance with a series of methodological guidelines issued
by UN-Habitat and the UN Statistics Division (UN-Habitat, 2018a, 2018b; UN Statistics Division,
2021, 2025), operational workflows typically emphasize procedural transparency and simplicity. At
a minimum, calculating LCRPGR requires delineating a spatial unit of analysis (e.g., an urban
center, metropolitan area, city, or country) and corresponding built-up area and population values
for at least two reference years. This simplicity has facilitated the broad adoption of the indicator
across diverse geographical and institutional contexts.

Although SDG Indicator 11.3.1 is formally standardized, differences persist in how the LCR
component is implemented across studies. Earlier applications, particularly those conducted before
the 2021 revision of the official metadata (UN Statistics Division, 2021, 2025), commonly used a
logarithmic form of the LCR as described in the 2018 guidelines (UN-Habitat, 2018a, 2018b). While
the updated metadata replaced this with a linear rate-based formulation, several studies published
after 2021 continue to apply the earlier logarithmic version (e.g., Gao et al., 2022; Bhandari et
al., 2023; Yiannakou & Zografos, 2025; Liu et al., 2025; Zhong et al., 2025a), often citing older
documentation or previous literature. As a result, LCR and LCRPGR values reported in the
literature are not always directly comparable, even when similar EO data sources are used. At
the same time, some studies explicitly justify their continued use of the logarithmic formulation.
For example, Angel et al. (2024) adopt a logarithmic-based LCR to maintain consistency with the
logarithmic formulation of PGR, thereby facilitating component-wise comparability between land
and population growth rates.

Despite differences in formula choice, spatial scale, and study objectives, existing SDG Indicator
11.3.1 applications show strong similarity in the EO-based data sources used to represent built-up
area. Among global products, the Global Human Settlement Layer (GHSL) is the most widely
applied dataset for SDG Indicator 11.3.1 monitoring at global and regional scales (e.g., Estoque et
al., 2021; Laituri et al., 2021; Schiavina et al., 2022b; Liu et al., 2025). GHSL is particularly valuable
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in data-scarce contexts where reliable local statistics are unavailable (e.g., Santillan & Heipke,
2023). Its extensive temporal coverage (1975–2020), combined with harmonized layers of built-
up area (GHS-BUILT-S), population (GHS-POP), and urban–rural classification (GHS-SMOD),
enables the consistent derivation of land consumption and population metrics within aligned spatial
units. These characteristics substantially lower implementation barriers and support multi-scale
analyses under an open-access policy. As a result, GHSL is widely regarded as the state of the art
for SDG Indicator 11.3.1 monitoring and has been identified as a key dataset capable of supporting
the transition of the indicator from Tier II to Tier I by providing a global baseline for the required
variables (Melchiorri et al., 2019; Estoque et al., 2021).

In addition to GHSL, other global impervious surface and land-cover datasets, such as Glo-
beLand30, the Global Artificial Impervious Area (GAIA), the Global Land Cover with Fine Clas-
sification System (GLC_FCS), and the Global Impervious Surface Area (GISA), have been used
to estimate built-up area and calculate LCR values (e.g., Cai et al., 2020; Bhandari et al., 2023;
Bounoua et al., 2023; Huang et al., 2024; Zhong et al., 2025b). At regional and national scales,
existing land-use or land-cover (LULC) maps produced by governmental agencies are also utilized
for LCR calculations (e.g., Nicolau et al., 2019; Ling et al., 2023). In parallel, many studies gen-
erate built-up area maps directly from satellite imagery using supervised classification and related
digital image analysis techniques, often following the spatial processing steps recommended in the
SDG Indicator 11.3.1 metadata and methodological guidelines. These approaches range from tradi-
tional machine-learning methods, such as Support Vector Machines and Random Forests, to more
recent deep learning–based workflows for impervious surface mapping (e.g., Ghazaryan et al., 2021;
Han et al., 2022; Jalilov et al., 2021; Li et al., 2020). Some studies further combine multiple EO
datasets and ancillary information within more integrated processing frameworks to improve the
accuracy and precision of built-up data (e.g., Jiang et al., 2021; Zhou et al., 2021; Liu et al., 2023;
Cardenas-Ritzert et al., 2024a; Xu et al., 2024).

For population inputs, SDG Indicator 11.3.1 applications commonly rely on census-derived pop-
ulation counts when the unit of analysis aligns with administrative or census boundaries (e.g.,
Aquilino et al., 2021; Cai et al., 2020; Jalilov et al., 2021; Koroso et al., 2021; Bhandari et al.,
2023). Population estimates from international sources, such as the World Population Prospects,
are also used, particularly in national- and global-scale studies (e.g., Estoque et al., 2021; Jiang et
al., 2021; Li et al., 2021b; Faye et al., 2022). In contrast, studies employing non-administrative spa-
tial units (e.g., urban areas, functional urban areas, metropolitan regions, or urban agglomerations)
often lack directly available census aggregates. In such cases, population inputs are derived from
gridded population datasets, including GHS-POP and WorldPop, or through dasymetric mapping
and spatial disaggregation techniques (e.g., Zhou et al., 2021; Schiavina et al., 2022b; Holobâcă
et al., 2022; Wang et al., 2022a; Cardenas-Ritzert et al., 2024a). Even in analyses conducted at
administrative levels, gridded population datasets are sometimes preferred to ensure spatial consis-
tency with EO-derived built-up area data or to compensate for incomplete, outdated, or inconsistent
census information (e.g., Calka et al., 2022; Santillan & Heipke, 2024a).
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2.2.2 Result Interpretation and Reporting Practices

SDG Indicator 11.3.1 monitoring results are commonly reported at the level of a defined spatial unit,
such as an administrative unit (e.g., city, municipality, province, or country), an urban center, a
metropolitan region, or other forms of urban agglomeration. For official SDG reporting, UN-Habitat
distributes a standardized reporting template to countries on an annual basis for the submission
of the most recent SDG Indicator 11.3.1 data at the city and national levels (UN-Habitat, 2024).
The reported information typically includes built-up area, population, LCR, PGR, and LCRPGR
for each reporting unit and analysis period.

In the research literature, a common reporting format is a tabular presentation listing LCR,
PGR, and LCRPGR for each unit and time interval (e.g., Schiavina et al., 2019, 2022b; Zhou et al.,
2021; Cimini et al., 2023). In some cases, these tables are further organized according to broader
analytical groupings, such as administrative level, development context (e.g., World Bank income
groups or SDG regions), settlement characteristics, and city size (e.g., Schiavina et al., 2019; Wang
et al., 2020; Estoque et al., 2021; Huang et al., 2024).

Two main approaches are used to summarize indicator values within such groupings. The first
relies on aggregation, where built-up area and population are first summed within each group and
then used to calculate group-level LCR, PGR, and LCRPGR values. This approach is commonly
applied in regional, national, or global comparisons and supports high-level synthesis of built-
up–population dynamics across large and heterogeneous sets of urban areas (e.g., Schiavina et al.,
2019; Estoque et al., 2021; Schiavina et al., 2022b). The second approach focuses on the distribution
of unit-level indicator values within each group. In this case, summaries are usually based on
measures of central tendency, most often the mean or median, sometimes accompanied by standard
deviation to describe variability (e.g., Nicolau et al., 2019; Li et al., 2021a; Santillan & Heipke,
2024a). Some studies further present histograms of LCRPGR values to examine distributions before
interpretation (e.g., Calka et al., 2022).

Interpretation of SDG Indicator 11.3.1 monitoring results is typically conveyed through explana-
tory text or tables that clarify how the ratio values should be interpreted. In most applied studies,
LCRPGR values larger than 1 are interpreted as indicating that land consumption is growing faster
than population, while values below one are associated with relatively more compact or population-
efficient development (e.g., Schiavina et al., 2019; Estoque et al., 2021; Schiavina et al., 2022b).
Several studies go beyond this basic interpretation by adopting regime-based classifications that ex-
plicitly consider the signs and magnitudes of both LCR and PGR. These classifications distinguish,
for example, efficiency driven by population densification, inefficiency driven by outward land ex-
pansion, and cases where built-up area continues to increase despite population decline (e.g., Jiang
et al., 2021; Calka et al., 2022; Santillan & Heipke, 2024a). By considering the component rates
alongside the ratio, such approaches support a more detailed interpretation of urban development
trajectories. In addition, some studies examine the temporal evolution of LCRPGR values to assess
progress toward SDG Indicator 11.3.1, focusing on whether spatial units show improvement or de-
terioration in LUE over time in relation to observed urban growth patterns (e.g., Schiavina et al.,
2022b; Liu et al., 2025).
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Cartographic and statistical visualizations typically support reporting. Dot maps and choropleth
maps of LCR, PGR, and LCRPGR are widely used to display spatial patterns and regional contrasts
(e.g., Melchiorri et al., 2019; Wang et al., 2020; Schiavina et al., 2022b; Calka et al., 2022; Huang et
al., 2024; Santillan & Heipke, 2024a; Liu et al., 2025). In many cases, LCRPGR maps classify spatial
units into efficiency-related categories or value ranges, distinguishing “efficient” spatial units from
inefficient ones. In contrast, others apply multi-level classifications ranging from very low to high
efficiency (e.g., Faye et al., 2022). Additional summaries include pie charts or bar charts showing
the proportion of spatial units within specific LCRPGR classes for a given grouping (e.g., Estoque
et al., 2021; Schiavina et al., 2022), scatterplots of LCR versus PGR to explore their relationship
and implications for LUE assessment (e.g., Wang et al., 2020; Estoque et al., 2021; Ghazaryan et
al., 2021), and time-series plots illustrating changes in LCR, PGR, and LCRPGR across successive
intervals (e.g., Jiang et al., 2021; Ling et al., 2023; Zhou et al., 2021). Web-based mapping platforms
are also increasingly used to visualize the status and progress of SDG Indicator 11.3.1, particularly
to support interactive exploration and communication of results (e.g., Santillan & Heipke, 2024b).

2.2.3 Methodological Characteristics and Known Challenges

Existing studies on SDG Indicator 11.3.1 document a set of methodological characteristics that
influence how the indicator behaves across different spatial, temporal, and data contexts. These
characteristics arise from both the mathematical structure of the indicator and from common choices
in EO-based data preparation and implementation workflows, and they have been examined across
a growing body of empirical applications.

2.2.3.1 Mathematical Behavior and Interpretation of LCRPGR under Population
Change

A recurrent topic in the literature on SDG Indicator 11.3.1 concerns the mathematical behavior
and interpretability of LCRPGR across different population change regimes. Because LCRPGR
is formulated as a ratio between land consumption and population growth rates, its numerical
properties are directly influenced by both the magnitude and sign of population change.

One commonly documented feature is the occurrence of negative LCRPGR values, which arise
when the LCR and PGR have opposite signs. In empirical applications, this most frequently occurs
when built-up area continues to expand while population declines, a pattern observed across diverse
geographical contexts and population datasets (e.g., Nicolau et al., 2019; Cai et al., 2020; Li et
al., 2021a; Calka et al., 2022; Angel et al., 2024; Ma et al., 2024). Negative LCR values, reflecting
net reductions in built-up area, are theoretically possible but relatively uncommon in city-scale
applications and therefore contribute less frequently to negative LCRPGR outcomes in practice. In
some studies, negative LCR values are attributed to inconsistencies or errors in built-up area data
sources rather than to genuine land contraction processes (e.g., Aquilino et al., 2021; Calka et al.,
2022). While negative LCRPGR values clearly indicate a decoupling between land consumption
and population change, their substantive interpretation is not straightforward. As highlighted by
Angel et al. (2024), it is difficult to assess whether a larger negative value corresponds to a more
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favorable LUE outcome than a smaller one, limiting the usefulness of negative LCRPGR magnitudes
for comparative evaluation.

Beyond sign-related ambiguity, the literature has also emphasized that LCRPGR is unbounded
by construction. Angel et al. (2024) formalize this property by demonstrating that no theoreti-
cal upper or lower limits constrain the indicator’s magnitude. As population growth approaches
zero, LCRPGR values can increase or decrease without bound, regardless of the absolute scale of
land consumption. Empirical studies show that LCRPGR values can vary widely across cities and
metropolitan areas, reaching very large positive or negative magnitudes that complicate interpre-
tation and limit meaningful comparison across spatial contexts (e.g., Li et al., 2021a; Calka et al.,
2022; Ma et al., 2024). This unboundedness is intrinsic to the ratio-based formulation of LCRPGR
and holds independently of data source, spatial resolution, or implementation workflow. Addi-
tionally, Zhong et al. (2025b) demonstrated that a minimal demographic change—that is, when
population growth is close to zero—can trigger sharp transitions between positive and negative ef-
ficiency regimes, reflecting nonlinear amplification effects inherent in the indicator’s mathematical
structure.

To support interpretation considering these properties, the literature reports several established
practices. A widely adopted approach is to report LCR and PGR alongside LCRPGR and to
interpret the ratio in conjunction with the magnitude and sign of its components (e.g., Estoque et
al., 2021; Calka et al., 2022; Cimini et al., 2023). This recommendation is also emphasized in the
official SDG Indicator 11.3.1 methodology (UN Statistics Division, 2025). Other studies employ
sign-based interpretation tables that explicitly consider whether LCR, PGR, and LCRPGR are
positive, zero, or negative, enabling differentiation between population-driven densification, land-
intensive expansion, and expansion under population decline (e.g., Calka et al., 2022; Cimini et
al., 2023; Jiang et al., 2021; Zhou et al., 2021). Histogram-based analyses are further used to
examine the empirical distribution of LCRPGR values, identify extreme or atypical values, and
characterize the observed value ranges before aggregation or classification (e.g., Calka et al., 2022).
Additional handling strategies include filtering or bounding extreme values for statistical summaries
and aggregating results to higher spatial levels to reduce the influence of extreme local outcomes
(e.g., Li et al., 2021a; Santillan & Heipke, 2024a).

These studies show that negative values, unbounded magnitudes, and oscillatory behavior are
not isolated anomalies but systematic consequences of the ratio-based structure of LCRPGR under
certain population change conditions. The interpretation practices reviewed above can improve
clarity when LCR and PGR are treated as fixed quantities. However, their usefulness becomes
more limited when built-up area and population are themselves uncertain estimates. Under such
conditions, even modest uncertainty in the component rates may alter their sign or bring PGR close
to zero, thereby amplifying instability in LCRPGR and producing extreme or ambiguous values.
These points suggest that deterministic component-wise or rule-based interpretation, while still
informative, may not be sufficient on its own when uncertainty in the indicator inputs is explicitly
acknowledged.
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2.2.3.2 Operational Definitions of Built-up Area in SDG Indicator 11.3.1 Monitoring

Across EO-based applications of SDG Indicator 11.3.1, built-up area is operationalized using a
range of data products and thematic definitions that reflect differences in land-cover classification
systems, data availability, and analytical objectives. These operational choices directly shape how
land consumption is represented within LCR calculations and are documented across a wide body
of empirical studies. This variability in built-up area definitions within SDG Indicator 11.3.1 mon-
itoring was explicitly articulated by Calka et al. (2022), who framed such variation as a form of
semantic uncertainty arising from differences in how built-up area is conceptually and thematically
represented across datasets and implementations.

The official SDG Indicator 11.3.1 metadata defines built-up area as “all areas occupied by build-
ings” (UN Statistics Division, 2025). However, this building-centric conceptual definition is not
always directly aligned with the semantic structure of the built-up or land-cover datasets commonly
used in practice, giving rise to what Calka et al. (2022) describe as semantic uncertainty in SDG
Indicator 11.3.1 input data. As a result, LCR is frequently calculated using proxy representations
that depart from the SDG definition. Examples include artificial areas (Nicolau et al., 2019; Calka
et al., 2022), artificial surfaces, including those that also encompass industrial and mining lands and
transportation infrastructure (Cai et al., 2020), impervious surfaces (Jiang et al., 2021; Bhandari
et al., 2023; Ling et al., 2023), construction land (Wang et al., 2020), and built-up area defined as
an aggregation of residential and bare land classes (Jalilov et al., 2021). In some cases, LCR is de-
rived from the fusion of multiple land-cover representations, such as built-up area (SDG definition),
impervious surface, and artificial surface classes, drawn from different data products (Zhou et al.,
2021).

In contrast to this diversity of operational definitions, studies that rely on the GHSL most closely
adhere to the intended definition of built-up area in SDG Indicator 11.3.1. The GHSL conceptual-
ization aligns with the Infrastructure for Spatial Information in Europe (INSPIRE) framework, in
which built-up area refers explicitly to roofed constructions intended for human shelter, economic
production, or service delivery (Pesaresi et al., 2013; European Commission, 2023; Sikder et al.,
2025). This building-centric definition aligns with the SDG metadata formulation and distinguishes
GHSL-based implementations from approaches that equate built-up area with broader categories of
artificial or impervious surfaces.

Despite these substantive definitional differences, the choice of built-up area representation is
rarely articulated as an explicit methodological decision in applications of SDG Indicator 11.3.1.
Moreover, indicator results are often discussed without reference to the specific built-up area def-
inition employed. One notable exception is Calka et al. (2022), who explicitly justify their use of
“artificial areas” by arguing that the land type addressed by the indicator corresponds to urban land
comprising both built-up areas and associated open urban spaces; on this basis, they adopt artifi-
cial areas from the Coordination of Information on the Environment (CORINE) land cover dataset.
In most studies, however, an implicit assumption of equivalence across alternative definitions of
built-up areas persists. This assumption complicates cross-study and cross-context comparisons, as
observed differences in LCR and LCRPGR values may reflect variation in the semantic representa-
tion of built-up areas rather than substantive differences in LUE outcomes.
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2.2.3.3 Treatment of Accuracy and Uncertainty in Input Data

Most implementations of SDG Indicator 11.3.1 incorporate some form of accuracy assessment or
validation of built-up area and population inputs during the data preparation stage. However,
the manner in which accuracy and uncertainty information is subsequently treated within indicator
calculation and interpretation varies across studies and is typically discussed through a combination
of methodological descriptions and qualitative interpretive caveats.

Studies that generate built-up area maps through image classification, multi-data integration,
or data fusion approaches report accuracy metrics such as overall accuracy, user’s and producer’s
accuracies, or related commonly used measures (e.g., Mudau et al., 2020; Cai et al., 2020; Jalilov et
al., 2021; Koroso et al., 2021; Zhou et al., 2021; Han et al., 2022; Karthikeya et al., 2024). In most
cases, however, these accuracy assessment results are not propagated into subsequent calculations
of LCR, PGR, or LCRPGR, and indicator values are calculated using mapped or classified inputs
as fixed quantities. Because classification error is unavoidable in thematic mapping, direct area
estimates obtained by counting mapped pixels can be biased (Stehman, 2013). Well-established
design-based methods address this problem by using probability samples and an error matrix to
derive error-adjusted class-area estimates and associated uncertainties, supported by widely used
good-practice guidance (e.g., Stehman, 2009, 2013; Olofsson et al., 2013, 2014; Olofsson, 2021;
FAO, 2016). However, these approaches are rarely employed in SDG Indicator 11.3.1 workflows to
quantify built-up data uncertainty and propagate it into the indicator components.

A similar pattern is observed in studies that rely on readily available land-use, land-cover, built-up,
or population data products, including global EO-derived datasets. In such applications, valida-
tion results reported in prior assessments or external documentation are typically cited to justify
dataset suitability (e.g., Estoque et al., 2021; Li et al., 2021a; Bhandari et al., 2023; Bounoua et
al., 2023; Ling et al., 2023; Santillan & Heipke, 2024a). In some cases, dataset selection is explic-
itly justified by reference to meeting commonly cited minimum accuracy thresholds (e.g., around
85%), as in the analysis conducted by Yiannakou & Zografos (2025). While a limited number of
studies explicitly acknowledge data limitations and sources of uncertainty in their input datasets,
typically through qualitative caveats or recommendations for cautious interpretation (e.g., Estoque
et al., 2021; Santillan & Heipke, 2024a), such information is not explicitly incorporated into LUE
calculations.

Calka et al. (2022) provide an explicit discussion of input data uncertainty, emphasizing that
uncertainty is an inherent attribute of the spatial datasets used in SDG Indicator 11.3.1 monitoring.
Their analysis identifies multiple sources of uncertainty, including semantic ambiguity in land-cover
definitions, limitations in thematic accuracy, commission and omission errors, spatial generalization
effects, and positional inaccuracies in land-cover datasets. In their LUE assessment, they report that
LCRPGR outliers are mainly due to uncertainty in the source data rather than substantive urban
processes. At the same time, they observe that such extreme values constitute a small fraction of
all observations and are spatially dispersed, and, therefore, do not undermine the overall validity
of aggregated indicator results. While these uncertainty sources and their effects are discussed in
detail, they are not formally propagated into the calculation of LCR, PGR, or LCRPGR, and the
indicator is ultimately evaluated within a deterministic framework.
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As reflected in the literature, SDG Indicator 11.3.1 workflows predominantly rely on fixed repre-
sentations of built-up area and population, with uncertainty addressed primarily through validation
reporting and qualitative caveats rather than formal integration into indicator calculation. This
approach enables broad applicability but limits insight into how data uncertainty, combined with
semantic ambiguity, interacts with the ratio-based structure of LCRPGR, particularly when indi-
cator values are derived from heterogeneous input sources.

2.2.3.4 Emerging Sensitivity and Robustness Analyses

Building on established EO-based implementation practices, a recent strand of literature has begun
to explicitly examine the sensitivity of SDG Indicator 11.3.1 outcomes to controlled variations in
input data characteristics, spatial resolution, and population redistribution methods. Rather than
treating anomalous or extreme values as isolated artifacts, these studies adopt experimental and
comparative designs that systematically perturb inputs or workflows to assess the robustness and
stability of indicator behavior under alternative data and methodological configurations. Against a
backdrop of largely standardized EO-based workflows, these analyses directly challenge the implicit
assumption that built-up area and population datasets are interchangeable within SDG Indicator
11.3.1 implementations. Cardenas-Ritzert et al. (2024b), for example, isolate spatial resolution
effects by varying the granularity of land-use inputs while holding other components constant. Their
results show that coarser spatial representations tend to omit small or fragmented urban features,
alter the detection of urban boundaries, and bias estimated land consumption rates, thereby affecting
downstream LCR and LCRPGR values. Related work has sought to reduce such sensitivities by
improving the spatial precision of built-up area inputs. Wang et al. (2025), for instance, demonstrate
that high-resolution, high-accuracy urban extraction workflows can attenuate extreme LCRPGR
values and yield smoother spatial and temporal patterns, suggesting that part of the observed
instability arises from the quality of input delineation.

Some complementary sensitivity analyses focus on population inputs rather than land consump-
tion. For instance, Zhong et al. (2025a) examine the robustness of LCRPGR to alternative global
gridded population datasets while holding built-up area inputs constant, showing that differences
in population redistribution alone can produce substantial divergence in LCRPGR estimates. Their
findings indicate that uncertainty introduced during population gridding is not merely additive
but can be strongly amplified through the logarithmic calculation of PGR and the ratio-based for-
mulation of LCRPGR. Extending this line of inquiry, Zhong et al. (2025b) demonstrate through
controlled perturbation experiments that negligible population change and even minor errors in pop-
ulation data can trigger extreme indicator values, frequent sign reversals, and sharp inter-interval
oscillations, resulting in unstable temporal trajectories despite relatively smooth land consumption
trends.

Collectively, these studies demonstrate that the limitations of SDG Indicator 11.3.1 arise not only
from data quality, resolution, or semantic choices but also from the nonlinear interaction between
uncertain inputs and the indicator’s ratio-based mathematical structure. Although these recent
sensitivity and robustness analyses provide important diagnostic insight, they remain grounded in
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deterministic workflows that address LCRPGR instability primarily through data selection, resolu-
tion adjustment, or accuracy improvement. Residual errors, uncertainty ranges, and their nonlinear
propagation through LCR and PGR are not explicitly quantified, leaving a gap in the development of
SDG Indicator 11.3.1–aligned frameworks that can characterize indicator behavior probabilistically
and support uncertainty-aware interpretation.

2.2.3.5 Dimensional and Spatial Scope of Land Consumption Representation

Beyond data quality and implementation choices, the literature identifies structural limitations
in SDG Indicator 11.3.1 stemming from its reliance on two-dimensional representations of land
consumption. By construction, the indicator captures horizontal expansion of built-up area but
does not explicitly represent vertical development processes, thereby constraining its ability to
reflect the full dimensionality of contemporary urban growth (Estoque et al., 2021; Huang et al.,
2024).

Empirical studies show that cities following markedly different development pathways, such as
compact vertical intensification versus extensive horizontal expansion, can exhibit similar LCRPGR
values (Estoque et al., 2021). This limitation has been reported across diverse geographical con-
texts, demonstrating that even when LCR and PGR are interpreted jointly, the indicator remains
insufficient to distinguish among structurally distinct urban growth regimes (Schiavina et al., 2019;
Estoque et al., 2021). Evidence from global analyses further suggests that weak or unstable rela-
tionships between land consumption and population growth in many cities are increasingly driven
by vertical construction processes that are not captured by area-based metrics alone (Estoque et
al., 2021).

Closely related to this dimensional constraint is the lack of spatial explicitness inherent in the
LCRPGR formulation. As a dimensionless ratio aggregated at the urban unit level, the indicator
provides no information on the spatial configuration of land consumption or population change.
Consequently, it cannot differentiate between key spatial urbanization processes such as infill de-
velopment, edge expansion, leapfrogging, or settlement dispersion (Melchiorri et al., 2019; Han et
al., 2022; Cimini et al., 2023). This aggregation further contributes to interpretive ambiguity, as
identical LCRPGR values may arise from fundamentally different spatial patterns and land-use
trajectories. Moreover, path dependency effects imply that similar efficiency values can result from
different historical sequences of land take and population change, even when the underlying urban
development trajectories are substantially different (Schiavina et al., 2019).

As a result, the literature emphasizes that LCRPGR captures only a limited subset of urban
development dynamics. By focusing exclusively on horizontal land consumption and population
change, the indicator does not account for vertical growth, intra-urban heterogeneity, or the broader
economic, institutional, and environmental contexts that shape LUE. Consequently, efficiency clas-
sifications derived from SDG Indicator 11.3.1 may obscure important structural and functional
differences among urban areas, limiting their explanatory power and policy relevance when applied
in isolation.
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2.2.4 Conceptual and Methodological Extensions of LCRPGR

In response to the documented methodological characteristics and limitations of SDG Indicator
11.3.1, the literature has proposed a range of conceptual extensions and complementary analytical
approaches to enhance the interpretation of LUE outcomes. These efforts seek to mitigate known
interpretive ambiguities, sensitivity to input data, and structural blind spots of LCRPGR, while
largely retaining its role within the SDG monitoring framework.

A common strategy involves contextualizing LCRPGR by using supplementary indicators that
more explicitly characterize specific dimensions of urban expansion. Metrics such as Built-up Area
per Capita (BUpC) and Total Change in Built-up Area are formally included in the official SDG In-
dicator 11.3.1 methodology as secondary indicators intended to support interpretation of LCRPGR
values and clarify the underlying nature of urban growth within each spatial unit (UN Statis-
tics Division, 2025). Additional metrics, including Abstract Achieved Population Density in Ex-
pansion Areas (AAPDEA) and Marginal Land Consumption per New Inhabitant (MLCNI), have
been proposed to provide further insight into the intensity, efficiency, and spatial manifestation of
land consumption (Schiavina et al., 2019, 2022b). These indicators are typically reported along-
side LCRPGR to aid interpretation, particularly in distinguishing land-intensive expansion from
population-driven densification in newly urbanizing areas. Other studies extend interpretation by
linking LCRPGR outcomes to broader socioeconomic or institutional dimensions. For example,
LUE has been examined in relation to economic productivity through indicators such as the ratio
of economic growth to land consumption (EGRLCR) (Jiang et al., 2021) or contextualized using
governance-related variables such as the World Governance Indicators (Jaber, 2025). Similarly,
Huang et al. (2024) combine urban expansion intensity (UEI), compactness index (CI), and BUpC
with LCRPGR value ranges to construct a composite LUE evaluation system that captures internal
urban structural change. Collectively, these approaches broaden the analytical framing of SDG In-
dicator 11.3.1; however, they remain auxiliary in nature and do not alter the indicator’s underlying
mathematical structure or its reliance on built-up area and population change rates.

Building on earlier evidence that LCRPGR is highly sensitive to input data uncertainty and
exhibits nonlinear error amplification (Section 2.2.3), several authors have questioned whether the
indicator should continue to serve as the primary summary metric for LUE assessment. Rather than
explicitly reformulating the indicator or modeling uncertainty, these studies propose alternative
strategies to improve interpretability and stability within a deterministic framework. Zhong et al.
(2025b), for example, respond to LCRPGR instability by advocating mitigation through indicator
substitution and spatial aggregation. They emphasize increased reliance on BUpC and its associated
derivatives (e.g., absolute values, growth rates, and increments), demonstrating that BUpC-based
measures are generally less sensitive to incidental data errors and yield smoother, more stable
temporal patterns than LCRPGR in comparative analyses. This approach improves interpretability
by emphasizing per-capita representations of land consumption. However, it does not alter the
underlying land-population relationship and addresses uncertainty only indirectly through indicator
choice and aggregation.

A more fundamental response is proposed by Angel et al. (2024), who argue that the ratio-based
formulation of SDG Indicator 11.3.1 should be replaced altogether. Motivated by the unbounded,
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sign-ambiguous, and difficult-to-interpret behavior of LCRPGR, they propose two alternative rate-
based indicators: the average annual rate of change in land consumption per person and the average
annual rate of change in population density. These indicators are derived from the same built-up
area and population components as LCRPGR. They are expressed as differences rather than ratios,
yielding bounded, sign-consistent values that are easier to interpret and compare across cities and
regions. However, despite improving mathematical transparency, this reformulation likewise remains
deterministic, treating built-up area and population inputs as fixed quantities and leaving their
uncertainties unquantified and unpropagated.

Overall, these conceptual and methodological extensions reflect growing recognition that LCRPGR,
despite its operational simplicity and widespread adoption, provides an incomplete and, in some con-
texts, fragile representation of urban LUE. Existing efforts have largely focused on supplementing or
substituting the indicator through alternative metrics or contextual variables, rather than directly
addressing deeper issues related to uncertainty propagation, nonlinear error amplification, and the
incomplete representation of multidimensional urban growth processes inherent in the original for-
mulation. Consequently, while these approaches enhance interpretability and analytical breadth,
important methodological challenges remain unresolved within the current SDG Indicator 11.3.1
monitoring framework.

2.2.5 Extensions of SDG Indicator 11.3.1 to LUE Forecasting

While SDG Indicator 11.3.1 is conceptually aligned with long-term sustainability objectives, the
literature reviewed in the previous sections primarily focuses on retrospective assessments of LUE
using historical built-up area and population data. These studies have provided valuable insights
into long-term urbanization trends and spatial heterogeneity in LUE but offer limited guidance
for anticipatory planning and policy formulation. Such analyses deepen understanding of how
urbanization has evolved and affected efficiency; however, they provide little insight into how these
dynamics may unfold in the future.

A small but growing body of literature has begun to extend SDG Indicator 11.3.1 into a forward-
looking context by projecting future built-up area and population and computing prospective LCR,
PGR, and LCRPGR values. These efforts generally adopt scenario-based or model-driven pro-
jections. Most rely on predefined socioeconomic or policy scenarios, most notably the Shared
Socioeconomic Pathways (SSPs), a set of globally consistent narratives and quantitative projec-
tions describing alternative future trajectories of population, economic development, urbanization,
and technological change used to support long-term sustainability and climate-related assessments
(O’Neill et al., 2017).

One prominent line of work employs SSP-consistent statistical downscaling frameworks to gen-
erate future built-up area and population inputs for SDG Indicator 11.3.1 assessment. Jiang et
al. (2022) project city-level urban land and population under multiple SSPs by first estimating
provincial urban land demand using regression models that link per-capita built-up area to cumula-
tive Gross Domestic Product (GDP), per-capita GDP, and urbanization rate. These province-level
projections are then downscaled to cities, assuming that city-level growth follows provincial urban
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population growth trajectories. Future LCRPGR values are subsequently calculated from these
projected inputs to evaluate urban LUE across SSPs. In this framework, forecasting is explicitly
tied to socioeconomic scenario narratives, with the primary purpose of assessing the sustainability
implications of alternative development pathways rather than predicting city-specific trajectories
from historical EO observations.

A related but conceptually distinct approach is adopted by Wang et al. (2024), who rely directly
on existing gridded SSP projection datasets for population, GDP, and land-use change to calculate
future values of SDG Indicator 11.3.1 over multi-decadal horizons. Rather than explicitly modeling
urban expansion processes or demographic change, this approach treats SSP-consistent projections
as exogenous inputs and focuses on evaluating the temporal evolution and spatial differentiation
of LCRPGR across alternative development scenarios. In this case, SDG Indicator 11.3.1 is used
as an evaluative metric within a broader scenario analysis framework, including coupling analyses
with other efficiency concepts, rather than as an object of forecasting.

In contrast to SSP-driven statistical projections, several studies adopt process-based land-use
simulation models to generate future built-up area and then combine these outputs with projected
or externally sourced population data. Lu et al. (2022), for example, apply a cellular automata
(CA)–Markov modeling framework to simulate future land-use patterns under policy and environ-
mental constraints, using historical land-cover transitions to estimate future built-up expansion.
Population inputs are obtained from gridded population projection datasets, and SDG Indicator
11.3.1 values are calculated for future time horizons by combining simulated land expansion with
projected population change. This approach emphasizes spatial explicitness and local land-use
dynamics. However, it implicitly assumes that past transition rules and suitability relationships re-
main valid in the future and that population projections are sufficiently reliable to support indicator
calculation.

An even more planning-oriented extension is presented by Zhang et al. (2026), who integrate
multi-objective land-use optimization, genetic algorithms, and spatial simulation models to generate
alternative future land-use scenarios under explicit policy and sustainability constraints. Built-up
area trajectories are produced under multiple development scenarios, while population is projected
using logistic growth models with scenario-specific carrying capacities. SDG Indicator 11.3.1 and
related indicators are then used to evaluate whether planned development pathways align with
sustainability objectives. In their framework, forecasting serves primarily as a decision-support and
planning evaluation tool, with explicit assumptions embedded in scenario design, growth limits, and
policy targets.

Collectively, these studies demonstrate that extending SDG Indicator 11.3.1 to future-oriented
analysis is technically feasible and increasingly applied. However, they also reveal several common
characteristics and limitations. First, most forecasting efforts rely on scenario-based projections
or process-driven simulations. Second, projected built-up area and population inputs are typically
treated as deterministic realizations of scenarios or models, with uncertainty either implicitly embed-
ded in scenario narratives or addressed qualitatively. Third, uncertainty associated with projected
inputs is not formally propagated through the calculation of LCR, PGR, or LCRPGR, despite the
indicator’s known sensitivity to small variations in its components. As a result, existing forecasting
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extensions provide valuable exploratory and planning-oriented insights but do not yet offer a prob-
abilistic, uncertainty-aware framework for forward-looking SDG Indicator 11.3.1 monitoring. This
gap motivates the development of forecasting approaches that explicitly model uncertainty in both
built-up area and population data and examine how this uncertainty propagates probabilistically
through LUE indicators.

2.3 Synthesis and Summary of Research Gaps

The literature reviewed in the previous sections demonstrates that SDG Indicator 11.3.1 is oper-
ationally mature and widely applied across global, national, and local contexts. Supplementary
indicators, component-wise interpretation, and standardized workflows have improved its usability
and interpretability, while emerging forecasting efforts have begun to extend the indicator toward
prospective analysis. Nevertheless, several fundamental research gaps remain unresolved:

• Continued reliance on a deterministic treatment of inherently uncertain inputs.
Built-up area and population data are typically treated as precise and semantically consistent
quantities, despite well-documented differences in classification accuracy, thematic definition,
and data quality across EO products and population datasets. Although these uncertainties
are frequently acknowledged and, in some cases, assessed or mitigated, they are rarely propa-
gated through the calculation of LCR, PGR, or LCRPGR. Consequently, it remains unclear
how differences in built-up area definitions and uncertainties in built-up area and population
estimates influence indicator values, their stability, and their interpretation. Systematic anal-
yses quantifying the sensitivity of SDG Indicator 11.3.1 to input uncertainty and semantic
variability remain limited.

At the same time, standard remote sensing methods for class area estimation and uncertainty
quantification from land cover maps are well established. However, they have not been consis-
tently translated into SDG Indicator 11.3.1 monitoring practice as an integrated, end-to-end
pipeline. In other words, the methodological building blocks are in place. Yet, procedures
that systematically connect EO-derived built-up inputs to uncertainty-aware BUA estimates
and then propagate these uncertainties through to LCR, PGR, and LCRPGR are still rarely
implemented in routine reporting. This limitation constrains the robustness, interpretability,
and comparability of reported LUE outcomes across data sources and study contexts.

• Limited development of uncertainty-aware LUE forecasting. Existing forward-looking
studies predominantly rely on scenario-based assumptions or deterministic projections of built-
up area and population, from which future LCR, PGR, and LCRPGR are subsequently cal-
culated. In most cases, however, forecast uncertainty and dependence structures are not
explicitly modeled. These approaches do not fully exploit the growing availability of long-
term EO-derived urban time series, nor do they provide probabilistic projections of LCR,
PGR, or LCRPGR. As a result, current forecasting efforts are unable to support uncertainty-
aware interpretation, risk-sensitive planning, or probabilistic policy assessment, leaving a gap
between retrospective monitoring and forward-looking decision support.



2.3 Synthesis and Summary of Research Gaps 27

• Omission of vertical urban growth. Existing implementations and extensions of SDG
Indicator 11.3.1 are grounded in a two-dimensional representation of land consumption that
implicitly equates urban growth with horizontal expansion. Vertical development processes,
such as densification through increased building height or volume, are therefore invisible to the
indicator, despite their growing importance in many high-density and land-constrained urban
contexts. Because land consumption is measured only in two dimensions, LCRPGR collapses
diverse urban development pathways into a single scalar value, thereby obscuring vertical
growth dynamics and limiting the indicator’s capacity to explain how cities accommodate
population change. As a result, LCRPGR alone cannot fully distinguish whether apparent
compactness arises from horizontal containment, vertical intensification, or a combination of
both. Consequently, the indicator offers an incomplete representation of the multidimensional
nature of contemporary urban development, providing only limited insight into the processes
through which LUE is achieved and the structural sustainability of observed urban develop-
ment trajectories.

Addressing these gaps requires a set of analytical approaches that extend SDG Indicator 11.3.1
beyond deterministic input treatment and purely planar interpretation. Such approaches must
explicitly consider the sensitivity of the indicator to variations in built-up area definitions, data-
source selection, and uncertainty in built-up area and population estimates, while also incorporating
probabilistic forecasting and complementary representations of vertical urban growth. The following
chapters develop and evaluate these extensions in a structured manner within the SDG Indicator
11.3.1 framework. As an immediate next step, Chapter 3 conducts a sensitivity analysis to examine
how alternative built-up area and population inputs affect LCR, PGR, LCRPGR, and the resulting
LUE interpretation.
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3 Sensitivity of SDG Indicator 11.3.1 to Alternative
Representations of Built-up Area and Population2

3.1 Chapter Overview

This chapter examines the sensitivity of SDG Indicator 11.3.1 to alternative representations of built-
up area (BUA) and population (Pop) within a strictly controlled, deterministic analytical setting.
The objective is to assess how plausible and commonly used data choices influence calculated values
of LCR, PGR, and LCRPGR when all other elements of the analysis are held constant.

The chapter is specifically directed at answering the first research question (RQ1): How sensi-
tive are SDG Indicator 11.3.1 values and LUE interpretations to uncertainty in built-up area and
population arising from measurement, definition, and data-source selection under retrospective con-
ditions?

The analysis is intentionally diagnostic and is not meant to explain urban growth processes,
identify causal relationships, or assess long-term trends. Its purpose is to establish a consistent
empirical baseline that enables the isolation and interpretation of the effects of input data selection.
The EO-derived BUA and Pop datasets are retained at their native spatial resolutions rather than
resampled to a common grid. In this way, differences in spatial resolution are treated as part of the
real-world variability associated with dataset choice.

This chapter serves as a foundation for the uncertainty-aware analyses developed in the subsequent
chapters. By characterizing the magnitude, structure, and direction of data-driven variability in
SDG Indicator 11.3.1 outcomes under retrospective conditions, it provides the empirical basis for
the uncertainty propagation, probabilistic LUE classification, and forecast-based assessments that
follow.

2This chapter builds upon the author’s published work: Santillan et al. (2025a). Uncertainty quantification and
Monte Carlo simulations to enhance SDG 11.3.1 monitoring. ISPRS Annals of the Photogrammetry, Remote
Sensing and Spatial Information Sciences, 753-762. https://doi.org/10.5194/isprs-annals-X-G-2025-753-2025 .
The deterministic input data sensitivity analysis presented here has been substantially extended and revised.
Compared to the published article, this chapter incorporates additional built-up area and population datasets,
revised data preparation procedures, and an explicitly controlled one-factor-at-a-time sensitivity design. The scope
of the analysis has been expanded to provide a systematic, nationwide assessment at the city and municipality
level, and the interpretation of sensitivity results has been refined to serve as an empirical foundation for the
uncertainty-aware and probabilistic analyses developed in subsequent chapters.

https://doi.org/10.5194/isprs-annals-X-G-2025-753-2025
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3.2 Sensitivity Analysis Methodology

The sensitivity analysis is implemented by repeatedly calculating LCR, PGR, and LCRPGR using
alternative representations of BUA and Pop. For each calculation, the same spatial reporting
units, temporal interval, and indicator formulations are applied to ensure direct comparability
across results. The indicator values are calculated following the standard SDG Indicator 11.3.1
formulations described in Section 2.1.1, using a fixed temporal duration ∆t. All inputs are treated
as deterministic quantities, consistent with prevailing SDG Indicator 11.3.1 monitoring practice.

To ensure unambiguous attribution of observed differences to a single source of variation, sensitiv-
ity is examined using a one-factor-at-a-time (OFAT) design. In the built-up sensitivity experiments,
alternative built-up datasets are introduced while population inputs are held fixed to a single base-
line. In the population sensitivity experiments, alternative population datasets are introduced
while the built-up representation is held constant. This structure is particularly appropriate for
SDG Indicator 11.3.1 because LCR and PGR depend on different denominators, BUAt1 and Popt1 ,
respectively. Additionally, simultaneous substitutions can obscure whether changes in LCRPGR
originate from built-up change, population change, or their interaction. Under OFAT, changes in
indicator values can be interpreted directly as deterministic sensitivity responses to the varying
input component.

Indicator values are calculated independently for each spatial unit and dataset configuration.
For each configuration, LUE class labels are also assigned using the classification scheme defined in
Table 2.1. The resulting distributions of LCR, PGR, LCRPGR, and LUE classes are then compared
across configurations to evaluate the magnitude, direction, and spatial variability of dataset-driven
sensitivity.

3.3 Experimental Setup and Implementation Details

3.3.1 Study Area

The study area was the Philippines (Figure 3.1a), an archipelagic country in Southeast Asia with
a land area of about 300,000 km², including inland water bodies (Fabian Jr., 1991). It comprises
7,641 islands grouped into Luzon, Visayas, and Mindanao (Licuanan et al., 2019). This fragmented
geography contributes to substantial heterogeneity in settlement patterns, population distribution,
and urban development intensity across the country (Berse, 2024; Santillan & Heipke, 2024a).

Administratively, the Philippines has a four-tier structure of regions, provinces, cities, municipal-
ities, and barangays. Regions mainly serve planning and coordination functions, while the lower
three levels are generally referred to as local government units. Among these, cities and municipal-
ities are the most relevant units for analyzing SDG Indicator 11.3.1 because they are the primary
level for socio-economic planning, land-use regulation, and urban development. As of 2020, the
country had 17 regions, 82 provinces, 149 cities, and 1,485 municipalities. Of the cities, 38 were
independent, and 33 were highly urbanized cities, 16 of which were in the National Capital Region
(Metro Manila) (PSA, 2021). Census data show sustained population growth in the Philippines
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Figure 3.1: Study area and reference cities used to aid the interpretation of the nationwide sensitivity results. (a) Geographic context of the Philippines, showing
the three major island groups (Luzon, Visayas, and Mindanao) and the locations of the four selected urban centers; the inset situates the Philippines
within East and Southeast Asia. (b)–(e) Satellite image views of the selected cities, with administrative boundaries shown as white outlines, included
to provide visual context on differences in urban form and surrounding landscape (Imagery Source: Esri, Vantor, Earthstar Geographics, and the GIS
User Community).
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up to 2020, with the total population reaching about 109 million. At the same time, the annual
population growth rate gradually declined, from 1.90% in 2000–2010 to 1.72% in 2010–2015 and
1.63% in 2015–2020 (PSA, 2017, 2021).

The country’s fragmented geography, uneven settlement structure, and continuing demographic
change make the Philippines a suitable setting for examining the sensitivity of LUE metrics to
alternative representations of BUA and Pop. Earlier national-scale LUE assessments in the country
have mainly relied on GHSL as the source of BUA and Pop data (Santillan & Heipke, 2023, 2024a,
2024b). Although these studies provide useful baseline evidence on built-up land consumption and
population change, they offer limited insight into how alternative EO-derived datasets influence
SDG Indicator 11.3.1 results under otherwise controlled conditions. Building on this earlier work,
the present study uses the Philippines as a testbed to systematically assess dataset-driven sensitivity
in LUE outcomes rather than to re-estimate national urbanization trends.

3.3.2 Spatial Units of Analysis, Temporal Scope, and Analytical Interval

The sensitivity analysis was conducted nationwide, using all administratively defined Philippine
cities and municipalities (1,634 in total) as the spatial units of analysis. Hereafter, these city and
municipality units are collectively referred to as local government units (LGUs). To aid interpreta-
tion of nationwide results, selected cities, namely Manila (the nation’s capital), Baguio City, Cebu
City, and Davao City, are referenced as illustrative examples (Figure 3.1b–e).

The sensitivity analysis used the 2000–2015 interval (∆t=15 years) as a single cumulative period
to emphasize differences arising from dataset choice. A longer interval was considered preferable in
this context because it captures cumulative built-up change and reduces the influence of short-term
fluctuations and small absolute changes in BUA or Pop that can obscure dataset-driven effects. The
selection of 2000–2015 was also guided by data availability and consistency. Both endpoints have
census-derived Pop data, whereas more recent years, such as 2020, lack temporally consistent and
harmonized coverage across the several BUA and Pop datasets used in this chapter.

3.3.3 Datasets Used

BUA was represented using six global datasets: GHS-BUILT-S, GISD30, GISA 3.0, GAUD, WSF-
Evolution, and the Global Land Analysis and Discovery (GLAD) Global Land Cover and Land
Use Change (GLCLUC) dataset (Figure 3.2). Their main characteristics and BUA definitions are
summarized in Table 3.1. Except for GHS-BUILT-S, which combines multitemporal Landsat and
Sentinel-2 imagery, all datasets were derived primarily from multitemporal Landsat observations.
Reported validation summaries indicate generally high but non-uniform accuracies across these
BUA datasets (Table 3.2).

The BUA datasets were selected because they are widely used in urban and SDG Indicator
11.3.1 studies but differ substantially in their spatial resolution, temporal structure, classification
logic, and underlying interpretation of built-up land, spanning both conservative and more inclusive
representations. Most were designed specifically for mapping built-up or settlement areas. In
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3.3
E

xperim
entalSetup

and
Im

plem
entation

D
etails

33

Table 3.1: Major characteristics of the global built-up area datasets included in the sensitivity analysis. GHS-BUILT-S is a continuous, area-based built-up dataset
at 100 m spatial resolution, in which each grid cell stores the estimated built-up surface area. The other datasets are discrete 1 arc-second products,
approximately 30 m at the equator, where each pixel is assigned a single category. These comprise year-of-detection datasets (GISD30, GAUD, and
WSF-Evolution) and one year-specific, class-based land-cover dataset (GLCLUC).

Dataset Temporal
Coverage

Minimum
Temporal
Resolution

(years)

‘Built-up’
Name

‘Built-up’ Definition

Global Human Settle-
ment – BUILT-S (GHS-
BUILT-S)

1975–2020 5 Built-up surface “The built-up surface is the gross surface excluding the thickness of the walls
beyond the building wall perimeter with a spatial generalization matching
the 1 ha topographic map specifications, that is also informally called ‘build-
ing footprint’. Building is ‘any roofed structure erected above ground for any
use’ ” (European Commission, 2023).

Global Annual Urban
Dynamics (GAUD)

1985–2015 1 Urban areas Urban areas are “pixels that are dominated by built elements (for example,
buildings, roads, runways and so on)” (Liu et al., 2020b).

Global 30 m Impervious
Surface Dynamic Dataset
(GISD30)

1985–2020 5 Impervious
surfaces

Impervious surfaces are “surfaces preventing the surface water from penetrat-
ing into the ground” and are composed of anthropogenic materials, such as
cement, asphalt, brick, and stone” (Zhang et al., 2022).

Global Impervious Sur-
face Area (GISA)

1972–2019 1 Impervious
surface area

“Impervious surface area (ISA) generally refers to artificial structures such as
parking lots, roads, roofs, open spaces, etc.” (Huang et al., 2022).

Global Land Analysis
and Discovery (GLAD)
Global Land Cover
and Land Use Change
(GLCLUC)

2000–2020 5 Built-up lands “Built-up land consists of man-made land surfaces associated with infras-
tructure, commercial and residential land uses”. Built-up land pixels “include
man-made surfaces, even if such surfaces do not dominate within the pixel”
(Potapov et al., 2022; Hansen et al., 2022).

World Settlement Foot-
print Evolution (WSF
Evolution)

1985–2015 5 Settlements Extent human settlements; Settlements are “all areas covered by buildings,
building lots or roads/paved-surfaces” (Marconcini et al., 2020, 2021).
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contrast, GLCLUC is a land-cover and land-use classification product; it was included to reflect
the common practice of deriving BUA indirectly from land-cover or land-use maps. Although
GLCLUC is distributed as a single product, its thematic classes were produced using separately
calibrated machine learning models, which were subsequently merged into a unified land-cover/land-
use dataset. In particular, the built-up class (“built-up lands”) was mapped using a deep learning
convolutional neural network trained with OpenStreetMap data (Potapov et al., 2022). The datasets
also differ in output type. GHS-BUILT-S is a continuous area-based layer reporting the estimated
BUA per grid cell. GISD30, GISA, GAUD, and WSF-Evolution are discrete-event-based products
that record the first year of built-up detection, and GLCLUC is a categorical land-cover and land-
use dataset from which the built-up class is extracted. In terms of spatial properties, all datasets
except GHS-BUILT-S are provided at approximately 1 arc-second resolution in a geographic World
Geodetic System 1984 (WGS84) coordinate reference system (CRS), whereas GHS-BUILT-S is
available at multiple resolutions and projections; this study used the native 100 m Mollweide version
because the 3 arc-second WGS84 product is a reprojected form of that layer, and using the native
equal-area product avoids precision loss and grid-warping effects (European Commission, 2023).

Table 3.2: Reported accuracies of the BUA and Pop datasets used in the sensitivity analysis. MAE = mean
absolute error; UA = user’s accuracy; PA = producer’s accuracy. Unless otherwise stated, UA
and PA refer to the built-up class represented by the dataset. TAA = total allocation accuracy,
a summary metric expressing the agreement between the estimated and reference population
across the spatial units used in the validation. The values reported here are intended only as
summary indicators of dataset performance and are reproduced from the corresponding dataset
documentation or validation studies as presented in the original sources. They do not necessarily
correspond to the study area, the validation design, or the specific years used in this analysis.
The cited references should therefore be consulted for the full validation context, exact metric
definitions, and proper interpretation of the reported values.

Dataset Reported Accuracy

Global Human Settlement – BUILT-S
(GHS-BUILT-S)

MAE = 6% of grid cell area (100 × 100m) (Pesaresi et al.,
2024)

Global Annual Urban Dynamics
(GAUD)

UA = 86.9%, PA = 88.1% (Ren et al., 2025)

Global 30 m Impervious Surface Dy-
namic Dataset (GISD30)

UA = 77.9–93.5%, PA = 67.1–92.3% (Zhang et al., 2022)

Global Impervious Surface Area (GISA) UA = 86.1%, PA = 92.5% (Ren et al., 2025)

Global Land Analysis and Discovery
(GLAD) Global Land Cover and Land
Use Change (GLCLUC)

Stable built-up lands (2000–2020): PA = 39.1%, UA =
63.7%. Built-up land gains (2000–2020): PA = 59.6%, UA
= 74.1% (Potapov et al., 2022)

World Settlement Footprint Evolution
(WSF Evolution)

UA = 84.5%, PA = 92.8% (Ren et al., 2025)

GHS-POP TAA: 83% (Pesaresi et al., 2024)

WorldPop TAA: 72% (Pesaresi et al., 2024)

Pop inputs comprised official census-based counts, GHS-POP, and WorldPop; the reported ac-
curacies of the gridded population datasets are summarized in Table 3.2. Census data from the
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Philippine Statistics Authority (PSA) provided administratively reported population totals for May
1, 2000, and August 1, 2015, and served as the baseline population data in this study, in line with
common practice in SDG Indicator 11.3.1 monitoring.

GHS-POP and WorldPop are EO-derived gridded population products that redistribute popu-
lation counts using different ancillary data and modeling approaches. GHS-POP shares the same
spatial resolution and coordinate reference system options as GHS-BUILT-S, and in this study, the
100 m Mollweide version was used for consistency with the built-up area input. Its estimates are
derived from the Center for International Earth Science Information Network Gridded Population of
the World, version 4.11. They are disaggregated to grid cells using the spatial distribution, density,
and classification of built-up areas from GHS-BUILT-S (European Commission, 2023).

WorldPop similarly provides gridded population estimates as the number of people per pixel at
3 arc-second resolution in a geographic WGS84 CRS. The dataset is generated using a Random
Forest–based dasymetric redistribution approach that reallocates census population counts to grid
cells using a suite of ancillary predictors (Stevens et al., 2015; WorldPop and CIESIN, 2018). For
this study, the WorldPop products for 2000 and 2015 correspond to those generated using the top-
down unconstrained methodology, in which population is redistributed across all grid cells without
applying a settlement or built-up mask (WorldPop, 2026). As a result, population may be allocated
to both built-up and non-built-up areas, allowing representation of dispersed rural populations
but potentially introducing population presence in areas unlikely to be inhabited. Despite this
limitation, the unconstrained WorldPop products provide a useful contrast to settlement-constrained
population representations, such as GHS-POP, and enable assessment of the sensitivity of LUE
metrics to alternative population modeling assumptions.

All BUA GeoTIFF tiles covering the Philippines for 2000 and 2015 were downloaded from their
respective sources3 and mosaicked. City- and municipality-level census data were obtained from
the PSA website4, while GHS-POP and WorldPop data5 were obtained from their respective data
repositories. The administrative boundary shapefile was obtained from the United Nations Office
for the Coordination of Humanitarian Affairs (OCHA) through the Humanitarian Data Exchange6

and was used as the common boundary layer in all analyses.

3BUA datasets were downloaded from the following links: GHS-BUILT-S, https://human-settlement.emergency.
copernicus.eu/download.php (accessed February 14, 2025); GAUD, https://figshare.com/articles/dataset/A
_global_dataset_of_annual_urban_extents_1992-2020_from_harmonized_nighttime_lights/16602224/1
(accessed September 4, 2024); GISD30, https://zenodo.org/records/5220816 (accessed September 3, 2024); GISA,
https://zenodo.org/records/14848113 (accessed January 26, 2024); GLCLUC, https://storage.googleapis.com/e
arthenginepartners-hansen/GLCLU2000-2020/v2/download.html (accessed January 26, 2026); WSF Evolution,
https://download.geoservice.dlr.de/WSF_EVO/ (accessed June 3, 2024).

4https://psa.gov.ph/ (accessed April 19, 2023).
5GHS-POP: https://human-settlement.emergency.copernicus.eu/download.php (accessed February 14, 2025);

WorldPop: https://hub.worldpop.org/geodata/listing?id=29 (accessed January 26, 2026).
6https://data.humdata.org/dataset/cod-ab-phl (accessed April 8, 2024).

https://human-settlement.emergency.copernicus.eu/download.php
https://human-settlement.emergency.copernicus.eu/download.php
https://figshare.com/articles/dataset/A_global_dataset_of_annual_urban_extents_1992-2020_from_harmonized_nighttime_lights/16602224/1
https://figshare.com/articles/dataset/A_global_dataset_of_annual_urban_extents_1992-2020_from_harmonized_nighttime_lights/16602224/1
https://zenodo.org/records/5220816
https://zenodo.org/records/14848113
https://storage.googleapis.com/earthenginepartners-hansen/GLCLU2000-2020/v2/download.html
https://storage.googleapis.com/earthenginepartners-hansen/GLCLU2000-2020/v2/download.html
https://download.geoservice.dlr.de/WSF_EVO/
https://psa.gov.ph/
https://human-settlement.emergency.copernicus.eu/download.php
https://hub.worldpop.org/geodata/listing?id=29
https://data.humdata.org/dataset/cod-ab-phl
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3.3.4 Data Preparation

To ensure consistent area-based calculations, all spatial datasets were reprojected to a common
equal-area CRS before aggregation. A Philippines-specific Albers Equal Area Conic projection was
used (standard parallels 7°N and 18°N; central meridian 121.5°E; latitude of origin 0°; false easting
and northing 0; datum WGS84). This equal-area CRS preserves areal comparability across the
country’s archipelagic extent and reduces latitudinal distortion, so that differences in derived BUA,
gridded Pop totals, and indicator values primarily reflect dataset choice rather than projection
effects.

The GHS-BUILT-S, GHS-POP, and WorldPop datasets were reprojected to the common Albers
equal-area CRS using a 100 m output grid, consistent with their reported nominal spatial resolution.
All remaining built-up datasets were reprojected to the same Albers CRS and output on a uniform
30 m grid, reflecting their native spatial resolution.

BUA and Pop totals per LGU were then derived using zonal statistics on the projected lay-
ers. For continuous area-based datasets (GHS-BUILT-S) and continuous population counts (GHS-
POP, WorldPop), LGU totals were calculated by summing pixel values within each LGU boundary.
For discrete event-based year-of-detection built-up datasets (GISD30, GISA, GAUD, and WSF-
Evolution), the year-of-detection layer was first thresholded to generate binary “built-up by year”
masks for the endpoint years (2000 and 2015). The built-up area per LGU was then calculated
by counting built-up pixels within each LGU and converting the counts to area (m²) using the
corresponding pixel area. For the discrete class-based GLCLUC dataset, each year-specific land-
cover/land-use map was first reclassified into built-up and non-built-up classes, after which built-up
area was calculated via pixel counting and converted to area at the LGU level. For population,
census totals were available directly at the LGU level and were joined to the LGU boundary layer
using a common LGU identifier.

3.3.5 Indicator Calculation and Sensitivity Analysis

Indicator calculation was performed at two spatial levels: the national level, where BUA and Pop
were aggregated across all LGUs before indicator calculation, and the LGU level, where the indi-
cators were calculated independently for each city and municipality. Eight deterministic BUA–Pop
dataset configurations were implemented for the OFAT sensitivity analysis (Table 3.3). The base-
line configuration (BUA0) used GHS-BUILT-S for built-up area and census population totals. BUA
sensitivity runs (BUA1–BUA5) substituted alternative built-up datasets while holding Pop fixed to
census totals. Pop sensitivity runs (Pop1–Pop2) substituted gridded Pop datasets while holding
BUA fixed to GHS-BUILT-S.

For each configuration and spatial level, LCR, PGR, and LCRPGR were calculated for the
2000–2015 interval. In addition, each LGU and national result was assigned a general LUE class
(efficient/inefficient) based on the general classification scheme defined in Table 2.1. Sensitivity
was summarized as differences in LCR, PGR, LCRPGR, and corresponding LUE class assignments
relative to the baseline configuration.
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Table 3.3: Deterministic built-up area–population dataset configurations used for one-factor-at-a-time
(OFAT) sensitivity analysis (2000–2015). Each configuration calculates LCR, PGR, and LCRPGR
for all LGUs and for the national aggregate using identical formulae, spatial units, and the same
2000–2015 interval. The baseline configuration (BUA0) serves as the reference for all difference
calculations. Arrows in the “Metrics that vary” column indicate propagation of differences rela-
tive to the baseline, for example, built-up substitutions change LCR, which then propagates to
LCRPGR; population substitutions change PGR, which then propagates to LCRPGR.

Configu-
ration

Sensitivity
block

Built-up area
dataset

Population
dataset

What varies
vs baseline

Metrics that
vary

BUA0 Baseline GHS-BUILT-S Census — —

BUA1 BUA sensitivity GAUD Census BUA only
LCR →

LCRPGR

BUA2 BUA sensitivity GISA Census BUA only
LCR →

LCRPGR

BUA3 BUA sensitivity GISD30 Census BUA only
LCR →

LCRPGR

BUA4 BUA sensitivity GLCLUC Census BUA only
LCR →

LCRPGR

BUA5 BUA sensitivity WSF-Evo Census BUA only
LCR →

LCRPGR

Pop1 Pop sensitivity GHS-BUILT-S GHS-POP Pop only
PGR →

LCRPGR

Pop2 Pop sensitivity GHS-BUILT-S WorldPop Pop only
PGR →

LCRPGR

3.3.6 Data Completeness and Indicator Calculability Across Configurations

Data completeness screening indicated that indicator calculability is not uniform across dataset
configurations because some BUA and Pop products reported zero values for a subset of LGUs,
most commonly at the baseline year (2000). Among the built-up alternatives, exclusions were
concentrated in GAUD (57 LGUs with zero built-up at t1, and 16 at t2), whereas the other built-up
products yielded only small numbers of non-calculable LGUs (2–10 LGUs with zero built-up at t1,
and 1–9 at t2, depending on the product). Pop-related exclusions were rare across both gridded
products (1 LGU under GHS-POP and 2 LGUs under WorldPop, with zero population at one
or both endpoints). In total, 65 LGUs were non-calculable in at least one configuration due to
zero BUA or zero Pop at one or both endpoints. To ensure like-for-like comparisons, all nationwide
sensitivity results were therefore calculated on a harmonized intersection sample of N= 1,569 LGUs,
obtained by excluding any LGU that reported a zero built-up area or zero population in any dataset
at either endpoint.
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3.4 Results

3.4.1 Dataset Differences in BUA and Pop

Using the harmonized intersection set described in Section 3.3.6, national totals showed substantial
cross-dataset differences relative to the baseline configuration (Figure 3.3). In 2000, the baseline
dataset, GHS-BUILT-S, reported 1,762 km2 of BUA, whereas estimates from the alternative datasets
ranged from 1,628 km2 for GAUD, corresponding to −7.6% relative to the baseline, to 11,337
km2 for GLCLUC, corresponding to +543.3%. GLCLUC therefore reported by far the largest
built-up extent among all datasets. The remaining products also exceeded the baseline by wide
margins: GISD30 reported 3,549 km2 (+101.41%), GISA reported 3,985 km2 (+126.14%), and
WSF Evolution reported 5,346 km2 (+203.35%). By 2015, the divergence had become even larger,
with estimates spanning 2,190 km2 for GAUD, only −0.69% relative to the baseline value of 2,205
km2, to 17,024 km2 for GLCLUC (+671.98%). The intermediate 2015 totals also remained far
above the baseline, including 4,997 km2 for GISD30 (+126.61%), 5,050 km2 for GISA (+128.99%),
and 6,863 km2 for WSF Evolution (+211.20%).

Figure 3.3a further shows that these national-scale differences were also expressed at the LGU
level, although the magnitude and structure of divergence varied across localities. In Manila, the
baseline BUA total changed only slightly between 2000 and 2015. Most alternative datasets already
reported BUA values much higher in 2000. By 2015, the alternative datasets yielded nearly identical
BUA estimates. This pattern suggests that the spread in Manila was mainly driven by differences
in built-up representation rather than by a large increase in mapped built-up extent from 2000 to
2015. In Baguio City, the cross-dataset spread was large in both years, with GAUD remaining
comparatively low while GLCLUC and WSF-Evolution yielded much larger totals, and the mid-
range products (GISA and GISD30) fell between these extremes. Cebu City showed a similar
ordering, with GLCLUC remaining the largest in both years. Davao City exhibited the strongest
divergence among the four cities. All built-up alternatives exceeded the baseline by wide margins.
GLCLUC was especially high in both 2000 and 2015.

In contrast, there was less variation in national Pop totals across sources (Figure 3.3). Relative to
census totals of 75.736 million in 2000 and 100.067 million in 2015, GHS-POP was nearly aligned,
reporting 75.418 million (−0.42%) in 2000 and 100.229 million (+0.16%) in 2015. WorldPop, how-
ever, yielded consistently lower totals: 64.399 million in 2000 (−14.97%) and 79.996 million in 2015
(−20.06%). The same general pattern is evident in the four cities. WorldPop was lower than the
census in both years for Manila, Baguio City, Cebu City, and Davao City. GHS-POP remained close
to the census in most cases, with small city-dependent differences. In Cebu City and Davao City,
GHS-POP closely tracked the census in both years. In Baguio City, GHS-POP was lower than the
census in both years. Manila showed the most noticeable deviation, where GHS-POP exceeded the
census total in 2000 but was slightly lower than the census in 2015.
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Figure 3.3: Cross-dataset totals of built-up area and population for the Philippines, summarized for the national aggregate and four example cities at the endpoint
years 2000 and 2015. Panel (a) shows built-up area totals derived from the baseline (GHS-BUILT-S) and alternative built-up datasets, and panel (b)
shows population totals derived from census counts and gridded population products. Note: “National” totals are aggregated over the harmonized
intersection set of N = 1,569 local government units (LGUs, composed of cities and municipalities) retained for all configurations after excluding any
LGU with zero built-up area or zero population in any dataset at either endpoint.
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3.4.2 Baseline SDG Indicator 11.3.1 Metrics (GHS-BUILT-S + Census)

Under the baseline configuration (BUA0), national-level SDG Indicator 11.3.1 metrics for the period
2000–2015 yielded LCR and PGR values of 1.68% and 1.86% per year, respectively, resulting in an
LCRPGR of 0.90 (Table 3.4). These values placed the Philippines in an efficient LUE category at
the national scale, indicating that built-up land expanded more slowly than population over the
study period.

At the LGU level, baseline patterns for LCR, PGR, and LCRPGR were spatially heterogeneous
(Figure 3.4a–c) and exhibited substantial distributional spread (Figure 3.5). PGR was relatively
more concentrated, whereas LCR showed broader dispersion. Figure 3.5 further shows that while the
central distributions of LCR and PGR were comparatively compact, LCRPGR was more skewed and
included extreme values, particularly in LGUs where PGR was close to zero. The national LCRPGR
value (0.90), calculated from totals aggregated across LGUs, differed from the central tendency of the
LGU-level distribution (1.26); consequently, the national baseline indicated efficiency even though
many LGUs exhibited LCRPGR values above unity (Table 3.4; Figure 3.5).

The corresponding general LUE classification (Figure 3.4d) was therefore non-uniform, with 542
LGUs (35%) classified as efficient and 1,027 LGUs (65%) classified as inefficient.

Table 3.4: Nationwide sensitivity of SDG Indicator 11.3.1 metrics (LCR, PGR, and LCRPGR) to alternative
built-up area and population inputs for the Philippines (2000–2015). Values are national aggre-
gates calculated from LGU-level totals (N = 1,569 LGUs after filtering). LGUs reporting zero
built-up area or zero population in any candidate dataset at either time point were excluded to
ensure a consistent set of reporting units across configurations. LCR and PGR are annual rates.
National LUE classes are reported as E (Efficient) and I (Inefficient).

Configu-
ration

Dataset Combination LCR
(%)

PGR
(%)

LCRPGR ∆

LCRPGR
LUE
Class

BUA0 GHS-BUILT-S + Census 1.68 1.86 0.90 — E

BUA1 GAUD + Census 2.30 1.86 1.24 +0.34 I

BUA2 GISA + Census 1.78 1.86 0.96 +0.06 E

BUA3 GISD30 + Census 2.72 1.86 1.46 +0.56 I

BUA4 GLCLUC + Census 3.34 1.86 1.80 +0.90 I

BUA5 WSF Evolution + Census 1.89 1.86 1.02 +0.12 I

Pop1 GHS-BUILT-S + GHS-POP 1.68 1.90 0.88 −0.02 E

Pop2 GHS-BUILT-S + WorldPop 1.68 1.45 1.16 +0.26 I

3.4.3 Sensitivity to BUA Representation

Replacing the baseline built-up dataset with alternative EO-derived representations (BUA1–BUA5),
while holding population fixed to the census, produced pronounced changes in LCR and, by propa-
gation, LCRPGR at the national level (Table 3.4). Relative to the baseline, national LCR increased
under all built-up substitutions. The largest increase occurred under GLCLUC (3.34% versus 1.68%
in the baseline), raising national LCRPGR from 0.90 to as high as 1.80 and reversing the national
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Figure 3.4: Baseline LGU-level maps of LCR, PGR, and LCRPGR for the Philippines (2000–2015), calcu-
lated using GHS-BUILT-S built-up area and census population inputs. Each value range includes
its upper limit. Results are shown for the harmonized intersection set of N = 1,569 LGUs (out
of 1,634); excluded LGUs are shown in white.

general LUE classification to inefficient for most configurations (Table 3.4). GISA was the main
exception at the national scale, where LCRPGR remained close to unity and the national class
remained efficient.

At the LGU level, built-up substitutions shifted the distributions of both ∆LCR and ∆LCRPGR

predominantly upward, with configuration-dependent magnitude and spread (Table 3.5; Figure 3.6a–
b). Across the harmonized LGU set, LCR was positive for every LGU under both the baseline and
all alternative built-up datasets. Accordingly, ∆LCR and ∆LCRPGR reflected differences in the
magnitude of positive built-up growth rates across datasets rather than sign reversals. GAUD
(BUA1) produced the largest typical departures from baseline (median ∆LCR = 2.70%; median
∆LCRPGR = 1.89) and the widest interquartile ranges (Table 3.5). GLCLUC (BUA4) also showed
a clear positive central shift (median ∆LCRPGR = 1.02). GISA and GISD30 yielded smaller central
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Figure 3.5: Baseline LGU-level distributions of LCR, PGR, and LCRPGR for the Philippines (2000–2015)
under the baseline configuration (GHS-BUILT-S + Census), summarized across the harmonized
intersection set of N = 1,569 LGUs. Boxplots show the median and interquartile range (IQR),
with whiskers following the 1.5×IQR convention; points beyond the whiskers are retained and
shown. Summary statistics reported below each panel (median, IQR, and 2.5th–97.5th per-
centiles) describe the distribution across LGUs. In the zoomed LCRPGR boxplot (d), outlier
points (values beyond the 1.5×IQR whisker limits) are not displayed for visual clarity.

departures (median ∆LCRPGR ≤ 0.49) with tighter spreads. WSF-Evolution (BUA5) was closest
to the baseline, with the smallest median shifts (∆LCR = 0.25%; ∆LCRPGR = 0.16) and the
narrowest interquartile ranges (Table 3.5; Figure 3.6a–b). The full-range panels show that a small
number of LGUs exhibited extreme ∆LCR and ∆LCRPGR values; the zoomed panels highlight
differences in the central distributions that characterized the majority of LGUs (Figure 3.6a–b).

These distributional shifts corresponded to changes in LUE classification (Table 3.5; Figure 3.6c).
Across configurations, the majority of LGUs remained stable (≈70–84%). However, class transitions
occurred in both directions. GLCLUC yielded the largest share of Efficient-to-Inefficient transitions
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Table 3.5: LGU-level descriptive summary of built-up area sensitivity relative to the baseline configuration
(BUA0: GHS-BUILT-S + Census) for 2000–2015 (N = 1,569 LGUs; harmonized intersection).
Census population inputs are held constant across configurations; only the built-up dataset varies
(BUA1–BUA5). Reported values summarize the distributions of ∆LCR and ∆LCRPGR across
LGUs using the median and interquartile range (Q1–Q3), together with the percentage of LGUs
with stable LUE class and class transitions (Efficient-to-Inefficient, Inefficient-to-Efficient) rela-
tive to the baseline.

Configu-
ration

Built-up Dataset
∆LCR (%)

Median
(Q1–Q3)

∆LCRPGR
Median
(Q1–Q3)

Stable
(%)

Efficient-
to-

Inefficient
(%)

Inefficient-
to-

Efficient
(%)

BUA1 GAUD 2.70
(0.57–8.44)

1.89
(0.31–6.56)

72.47 22.75 4.78

BUA2 GISA 0.31
(−0.62–2.12)

0.19
(−0.43–1.60)

70.87 14.21 14.91

BUA3 GISD30 0.65
(−0.21–1.88)

0.46
(−0.16–1.14)

70.24 20.84 8.92

BUA4 GLCLUC 1.56
(0.46–3.13)

1.02
(0.24–2.53)

72.02 25.62 2.36

BUA5 WSF Evolution 0.25
(−0.13–0.55)

0.16
(−0.09–0.40)

83.94 11.98 4.08

(≈25.6%), whereas WSF-Evolution showed the highest stability (≈83.9%) and the smallest shares
of transitions overall (Table 3.5).

Spatially, differences relative to the baseline were geographically structured. Clusters of LGUs
with similar ∆LCR and ∆LCRPGR values appeared across multiple built-up substitutions (Fig-
ure 3.7a–b), and class transition maps show localized areas where LGUs were repeatedly reclassified
under particular built-up datasets (Figure 3.7c).

3.4.4 Sensitivity to Pop Representation

When Pop inputs were varied while holding BUA constant (Pop1–Pop2), national-level effects were
more moderate but dataset-dependent (Table 3.4). Substitution with GHS-POP resulted in a
marginal increase in national PGR from 1.86% to 1.90%, yielding an LCRPGR of 0.88 and preserving
the efficient national classification. In contrast, the use of WorldPop lowered the national PGR to
1.45%, increased the LCRPGR to 1.16, and reversed the national LUE classification to inefficient.

At the LGU level, both population substitutions produced positive shifts in ∆PGR and negative
shifts in ∆LCRPGR relative to the baseline (Table 3.6; Figure 3.8a–b). Median ∆PGR was 0.86%
for GHS-POP (Pop1) and 0.20% for WorldPop (Pop2), while median ∆LCRPGR was −0.53 for
Pop1 and −0.30 for Pop2 (Table 3.6). The interquartile ranges indicate that Pop1 yields a stronger
and more consistently negative ∆LCRPGR distribution than Pop2 (Table 3.6). A small number
of LGUs exhibited extreme values in the full-range panels, while the zoomed panels emphasize the
central differences between Pop1 and Pop2 (Figure 3.8a–b).
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Figure 3.6: LGU-level built-up area sensitivity relative to the baseline configuration (BUA0: GHS-BUILT-S
+ Census) for built-up area substitutions (BUA1–BUA5), 2000–2015 (N = 1,569 LGUs; harmo-
nized intersection). Census population is held constant; only the built-up area dataset is varied.
Panels show (a) distributions of ∆LCR (%), (b) distributions of ∆LCRPGR with full-range (left)
and zoomed (right) views, and (c) LUE class transitions relative to the baseline, expressed as the
percentage of LGUs remaining stable or changing class. Boxplots show the median, interquartile
range, and 1.5×IQR whiskers. In the zoomed panels, outliers are omitted for clarity but retained
in the calculations.

These shifts translated into substantial LUE class transitions (Table 3.6; Figure 3.8c). Under Pop1
(GHS-POP), stability decreased to 65.71%, with 28.36% of LGUs transitioning from Inefficient-to-
Efficient and 5.93% transitioning from Efficient-to-Inefficient. Under Pop2 (WorldPop), stability
was higher (72.15%), with 17.34% Inefficient-to-Efficient and 10.52% Efficient-to-Inefficient transi-
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Figure 3.7: Philippines LGU-level sensitivity maps for 2000–2015 showing changes in (a) LCR, (b) LCRPGR,
and (c) LUE class transition relative to the baseline when substituting the baseline built-up input
with alternative datasets while holding population constant. Each value range includes its upper
limit. Results are shown for the harmonized intersection set of N = 1,569 LGUs (out of 1,634);
excluded LGUs are shown in white.

Table 3.6: LGU-level descriptive summary of Pop sensitivity relative to the baseline configuration (BUA0:
GHS-BUILT-S + Census) for 2000–2015 (N = 1,569 LGUs; harmonized intersection). Built-up
area inputs are held constant across configurations; only the population dataset varies (Pop1–
Pop2). Reported values summarize the distributions of ∆PGR and ∆LCRPGR across LGUs
using the median and interquartile range (Q1–Q3), along with the percentage of LGUs with
stable LUE class and class transitions (Efficient-to-Inefficient, Inefficient-to-Efficient) relative to
the baseline.

Configu-
ration

Population
Dataset

∆PGR (%)
Median
(Q1–Q3)

∆LCRPGR
Median
(Q1–Q3)

Stable
(%)

Efficient-
to-

Inefficient
(%)

Inefficient-
to-

Efficient
(%)

Pop1 GHS-POP 0.86
(0.15–1.46)

−0.53

(−1.08–0.19)
65.71 5.93 28.36

Pop2 WorldPop 0.20
(−0.58–1.02)

−0.30

(−0.82–0.14)
72.15 10.52 17.34
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tions (Table 3.6). Spatially, ∆PGR, ∆LCRPGR, and LUE transition patterns were geographically
clustered rather than uniformly distributed (Figure 3.9a–c).

Figure 3.8: LGU-level population sensitivity relative to the baseline configuration (BUA0: GHS-BUILT-S
+ Census) for population substitutions (Pop1–Pop2), 2000–2015 (N = 1,569 LGUs; harmonized
intersection). GHS-BUILT-S is held constant; only the population dataset varies. Panels show
(a) distributions of ∆PGR (%), (b) distributions of ∆LCRPGR with full-range (left) and zoomed
(right) views, and (c) LUE class transitions relative to the baseline, expressed as the percentage
of LGUs remaining stable or changing class. Boxplots show the median, interquartile range, and
1.5 × IQR whiskers. In the zoomed panels, outliers are omitted for clarity but retained in the
calculations.
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Figure 3.9: Philippines LGU-level sensitivity maps for 2000–2015 showing changes in (a) PGR, (b) LCRPGR,
and (c) LUE class transition relative to the baseline when substituting the baseline population
input with alternative datasets while holding built-up area constant. Each value range includes
its upper limit. Excluded LGUs are depicted in white.
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3.4.5 City Examples for Interpreting Deterministic Sensitivity

To complement the nationwide patterns, Table 3.7 presents baseline and alternative-configuration
LCRPGR values and corresponding LUE classes for four representative cities: Manila, Baguio City,
Cebu City, and Davao City.

Under the baseline configuration (BUA0), all four cities were classified as efficient, with LCRPGR
values well below unity. Substitution of built-up datasets produced markedly different LUE classi-
fications across cities. In Manila, most built-up alternatives maintained an efficient classification,
with only GLCLUC (BUA4) shifting LCRPGR sharply upward to 3.24, resulting in an inefficient
classification. These results mirrored the strong positive ∆LCRPGR observed for GLCLUC at the
LGU level (Section 3.4.3). In Baguio City and Cebu City, GAUD (BUA1) induced the largest
upward shifts, pushing both cities into the inefficient category, while other built-up alternatives
generally preserved efficiency. In Davao City, sensitivity was more pronounced: GAUD, GISA, and
GISD30 all exceeded the threshold, resulting in inefficient classifications, whereas GLCLUC and
WSF-Evolution remained efficient. These patterns are consistent with earlier results showing that
spatially extensive or heterogeneous contexts exhibited stronger deterministic sensitivity to built-up
representation.

Population substitutions (Pop1–Pop2) generated responses in opposite directions. For Manila,
both GHS-POP and WorldPop yielded negative PGR values, denoted by asterisks in Table 3.7, pro-
ducing negative LCRPGR values and shifting the city from efficient to inefficient. This represented
a case of built-up expansion despite population decline. In contrast, Baguio City, Cebu City, and
Davao City remained efficient under both population substitutions, with only moderate changes in
LCRPGR. These results align with Section 3.4.4, where population substitutions generally reduced
LCRPGR, expressed as negative ∆LCRPGR, but did not uniformly trigger class reversals across
cities.

Table 3.7: Baseline (BUA0) and alternative-configuration LCRPGR values for Manila, Baguio City, Cebu
City, and Davao City over 2000–2015, and corresponding general LUE class. E = Efficient and I
= Inefficient. An asterisk (*) denotes cities where negative PGR was obtained under the indicated
population substitution.

Configu-
ration

Dataset
Combination

Manila Baguio City Cebu City Davao City

LCR
PGR

LUE
Class

LCR
PGR

LUE
Class

LCR
PGR

LUE
Class

LCR
PGR

LUE
Class

BUA0 GHS-BUILT-S + Census 0.11 E 0.46 E 0.21 E 0.71 E

BUA1 GAUD + Census 0.21 E 1.84 I 1.48 I 1.78 I

BUA2 GISA + Census 0.13 E 0.57 E 0.72 E 1.16 I

BUA3 GISD30 + Census 0.23 E 0.92 E 0.82 E 1.79 I

BUA4 GLCLUC + Census 3.24 I 0.39 E 0.74 E 0.76 E

BUA5 WSF Evolution + Census 0.18 E 0.50 E 0.31 E 0.81 E

Pop1 GHS-BUILT-S + GHS-POP −0.24∗ I 0.49 E 0.19 E 0.71 E

Pop2 GHS-BUILT-S + WorldPop −0.46∗ I 0.51 E 0.13 E 0.81 E
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3.5 Discussion

3.5.1 Directional Effects of BUA and Pop Substitution

The OFAT experiments show that deterministic variability in SDG Indicator 11.3.1 outcomes is
strongly shaped by which input component is substituted, with BUA and Pop changes produc-
ing distinct and largely opposite responses in ∆LCRPGR and LUE transitions. When BUA was
varied while Pop was held fixed (BUA1–BUA5), ∆LCRPGR shifts predominantly upward relative
to the baseline, and reclassification was dominated by Efficient-to-Inefficient transitions. GAUD
(BUA1) produced the strongest and most variable departures from the baseline, with a high median
∆LCRPGR and a wide interquartile range, indicating that the sensitivity signal was widespread
across LGUs rather than driven by a few outliers. GLCLUC (BUA4) also induced a clear positive
shift in ∆LCRPGR and yielded the largest share of Efficient-to-Inefficient transitions. By contrast,
WSF-Evolution (BUA5) remained closest to the baseline, with ∆LCRPGR values concentrated near
zero and the highest proportion of stable classifications, implying that its built-up representation
produced the most baseline-consistent LUE outcomes in this deterministic setting.

A different pattern emerged when Pop is varied while BUA was held fixed (Pop1–Pop2). In
both Pop substitutions, ∆LCRPGR shifted downward, as indicated by negative medians, and the
dominant transition direction is Inefficient-to-Efficient. This effect was strongest under GHS-POP
(Pop1), which produced the highest share of Inefficient-to-Efficient reclassifications, whereas World-
Pop (Pop2) showed a similar but more moderate response. While Pop substitution can reclassify
a substantial fraction of LGUs, the direction of change is consistently toward lower LCRPGR and
more efficient LUE status relative to the baseline.

These results indicate that BUA substitutions tend to push LUE outcomes toward inefficiency.
In contrast, Pop substitutions tend to pull them toward efficiency under the same spatial units,
time interval, and indicator formulation. This contrast is reinforced by the city examples. In
several cities, BUA substitutions, particularly GLCLUC, produced large upward shifts in LCRPGR
and, in some cases, reversed the LUE class relative to the baseline. In contrast, Pop substitutions
generally reduced LCRPGR, and where reclassification occurred, it tended to move cities toward
more efficient status. These examples demonstrate that the directional behavior observed nationally
is not an artifact of aggregation but is also evident in major urban centers.

3.5.2 Why BUA Substitutions Exert the Stronger Effect

Among the evaluated dataset combinations, the BUA component exerts the strongest influence on
deterministic variability in SDG Indicator 11.3.1. This finding is evident in two ways. First, BUA
substitutions generated the largest shifts in ∆LCRPGR and the widest spreads, including substan-
tial interquartile ranges that reflected differences across many LGUs. Second, BUA substitutions
accounted for the largest share of Efficient-to-Inefficient transitions, reaching roughly one quarter
of LGUs in some datasets, with direct consequences for how local LUE performance is interpreted.
Pop substitutions, although capable of producing many transitions, tended to move LGUs in the
opposite direction and do so with more constrained ∆LCRPGR shifts.
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A likely reason for this stronger BUA effect is that the built-up products do not consistently
measure the same spatial phenomenon. The baseline dataset, GHS-BUILT-S, represents built-up
surfaces as a continuous area-based measure, more closely tied to roofed structures or building foot-
prints. By contrast, the alternative products correspond to broader but related concepts, including
urban area, impervious surface, settlement extent, or land-cover classes, which allow the inclusion
of developed features even when built-up is not the dominant pixel component. These thematic
differences are compounded by differences in spatial encoding. For several alternative products,
year-specific BUA layers are derived by thresholding event-based or categorical maps to produce
binary “built-up by year” masks, so that once a pixel was classified as built-up, its entire area con-
tributed to the total, regardless of the within-pixel built fraction. Relative to a continuous built-up
surface layer, this logic can systematically inflate mapped BUA totals and, in turn, increase LCR
and LCRPGR.

This interpretation is consistent with the product-specific behavior observed in the results. GLCLUC,
which adopts the broadest land-use-oriented built-up concept among the evaluated products, pro-
duces the largest upward departures from the baseline and the largest share of Efficient-to-Inefficient
transitions. GAUD also produced strong departures, suggesting that its urban-area representation
captured spatial elements that extend beyond the narrower built-up surface concept of the base-
line. By contrast, WSF-Evolution remained closest to the baseline, indicating that its settlement
representation was more aligned, in this study context, with the spatial footprint captured by GHS-
BUILT-S. Thus, the observed sensitivity pattern is not solely a matter of numerical disagreement
across datasets, but more fundamentally reflects semantic and representational non-equivalence in
how BUA is defined and encoded.

The reported accuracy summaries in Table 3.2 provide additional context for this interpretation.
Although those values are drawn from different studies and are therefore not strictly comparable,
they suggest that part of the observed upward shift in LCRPGR may also be associated with
differences in dataset performance, particularly commission tendencies. In this regard, GLCLUC,
which shows relatively low user’s accuracy for stable built-up lands and built-up gains in the cited
source, may capture non-built-up areas as built-up, thereby contributing to larger estimated BUA
totals and stronger upward shifts in LCRPGR. More generally, products with lower user’s accuracy
for the built-up class imply higher commission error and therefore a larger potential to overestimate
built-up extent. This accuracy-related explanation, however, should be regarded as supportive
rather than definitive, since the reported metrics were obtained under different validation designs,
study areas, and class definitions.

This dominance of the BUA component is also visible in the reference-city summaries (Table 3.7).
Across the four cities, substituting the BUA dataset was sufficient to change the LUE class in
some cases, whereas Pop substitutions more often shifted the LCRPGR value without changing
the class. These examples underscore that differences in the built-up concept and mapping logic
across products can materially alter SDG Indicator 11.3.1 efficiency outcomes even for prominent,
well-established urban centers used as reference cases in this chapter. In practice, this means that
the choice of built-up dataset is the primary driver of whether an LGU is labeled as efficient or
inefficient in deterministic SDG Indicator 11.3.1 reporting. In contrast, population choice acts as a
secondary modifier that can soften or amplify the apparent efficiency status.
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The city examples further suggest that the magnitude of this sensitivity depends not only on the
dataset but also on local geographic context. In Baguio City, mixed land cover and fragmented urban
development likely amplified differences between continuous built-up surface estimation and broader
urban or impervious representations. In Davao City, the large administrative extent increased the
influence of dispersed settlements, transport corridors, and other linear or low-density developed
features that may be included differently across datasets. Accordingly, dataset effects are not
spatially uniform: they interact with the morphology, fragmentation, and administrative extent of
the reporting unit.

3.5.3 Relation to Previous Studies

These findings are consistent with prior work arguing that SDG Indicator 11.3.1 behavior is shaped
not only by urban change processes but also by uncertainty and semantic ambiguity in the underly-
ing spatial datasets. Calka et al. (2022), for example, highlighted that sources of uncertainty, such
as land-cover definition ambiguity, thematic misclassification, and spatial generalization, can con-
tribute to extreme or unstable LCRPGR values. Complementary sensitivity and robustness studies
(e.g., Cardenas-Ritzert et al., 2024b; Zhong et al., 2025a, 2025b) further show that controlled vari-
ations in land inputs, including resolution and delineation quality, as well as population gridding
assumptions, can yield substantial divergence in LCRPGR estimates because of the nonlinear struc-
ture of PGR and the ratio form of LCRPGR. The results of this chapter extend these insights by
showing that routine dataset substitution alone, without perturbing resolutions or injecting syn-
thetic error, can produce systematic shifts in ∆LCRPGR and non-trivial LUE reclassification across
LGUs and reference cities, with built-up representation exerting the stronger effect in this study
context.

These findings also provide important context for earlier national-scale LUE assessments based
exclusively on GHSL inputs (e.g., Santillan & Heipke, 2023, 2024a). Those studies evaluated Philip-
pine LUE using a single built-up and population representation, namely GHS-BUILT-S and GHS-
POP. The present results show that alternative, yet commonly used, BUA and Pop datasets can
materially alter LCRPGR values and induce non-trivial LUE reclassification at both national and
LGU levels. These results do not invalidate the earlier GHSL-based findings; rather, they indicate
that those findings should be understood as valid for the specific dataset combination used, but not
as the only plausible representation of LUE outcomes. The magnitude and direction of ∆LCRPGR

observed here therefore suggest that reported efficiency patterns in single-dataset implementations
should be interpreted as conditional on the chosen data representation.

3.5.4 Implications for SDG Indicator 11.3.1 Monitoring and Policy Use

The results have immediate implications for monitoring SDG Indicator 11.3.1. Dataset-driven
changes in either LCR or PGR can shift an LGU across the efficiency threshold even when underlying
urban dynamics are unchanged. The results of this chapter show that such threshold crossings
are not rare: depending on the dataset substitution, about 15–30% of LGUs can change class.
Consequently, LUE classifications derived from a single built-up or population product should not be
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interpreted as uniquely “correct” or directly comparable across studies unless the input datasets and
their built-up and population concepts are explicitly aligned. For monitoring frameworks that aim
to track progress over time or compare performance across jurisdictions, the sensitivity highlighted
here implies that changes in reported efficiency can arise from routine data choices rather than from
actual changes in LUE.

From a policy perspective, these findings matter because SDG Indicator 11.3.1 outputs can be used
to support accountability narratives, prioritize interventions, and allocate technical assistance. If an
LGU’s classification can switch from efficient to inefficient, or vice versa, simply because a different
built-up or population product is adopted, then policy decisions based on a single deterministic
classification risk being unstable. A practical implication is that agencies and practitioners should
document the specific datasets used and the concepts they represent, avoid treating LUE classes
as definitive without sensitivity checks, and interpret “efficient/inefficient” labels as conditional on
data representation rather than as absolute statements of performance. More broadly, the results
support the need for monitoring approaches that report uncertainty or sensitivity ranges alongside
point estimates, and for guidance that clarifies how differences in built-up definitions, such as
roofed structures versus impervious, settlement, urban, or broader developed land representations,
may systematically shift national and local conclusions under SDG Indicator 11.3.1.

3.6 Limitations and Further Work

This chapter was intentionally designed as a deterministic sensitivity analysis to isolate how al-
ternative representations of BUA and Pop affect SDG Indicator 11.3.1 outcomes under controlled
conditions. Accordingly, several limitations should be acknowledged. First, once selected, each
dataset was treated as fixed and exact, such that within-product uncertainty was not explicitly rep-
resented. This includes, for example, built-up misclassification, spatial generalization effects, and
uncertainty in gridded population estimates. As summarized in Table 3.2, the datasets considered
in this chapter also differ in their reported accuracies, suggesting that part of the observed variation
may reflect not only differences in thematic definition and spatial representation, but also differ-
ences in dataset performance. Second, the OFAT design varied BUA and Pop separately. While
this was useful for isolating their individual effects, it did not capture their joint uncertainty or any
dependence structure between them. Third, the larger number of BUA datasets relative to Pop
datasets may have widened the observed range of BUA-related variation and therefore contributed
to the stronger apparent influence of BUA substitution in this chapter.

These limitations also indicate the next step of the dissertation. Further work should move beyond
deterministic dataset substitution toward explicit uncertainty representation and propagation, so
that SDG Indicator 11.3.1 outputs can be interpreted not only as conditional on dataset choice, but
also in terms of their uncertainty and degree of classification support.
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3.7 Chapter Conclusion

This chapter examined the sensitivity of SDG Indicator 11.3.1 to alternative representations of BUA
and Pop under a controlled deterministic design. By systematically substituting commonly used EO-
derived BUA and gridded Pop datasets while holding spatial units, temporal interval, and indicator
formulations constant, the analysis showed that routine input-data choices alone can materially
alter LCR, PGR, LCRPGR, and resulting LUE classifications. The findings directly address RQ1
by demonstrating that SDG Indicator 11.3.1 is meaningfully sensitive to representation differences
in retrospective LUE assessment, with BUA substitutions exerting the stronger influence in this
study context. These results establish the need to move beyond single-value deterministic reporting
toward approaches that explicitly account for uncertainty, which is the focus of Chapter 4.
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4 Uncertainty Propagation and Probabilistic LUE
Classification for SDG Indicator 11.3.17

4.1 Chapter Overview

Building on the deterministic sensitivity results of Chapter 3, this chapter develops an uncertainty-
aware extension of the SDG Indicator 11.3.1 framework in which BUA and Pop are treated as
uncertain inputs. The objective is to examine how uncertainty in these inputs propagates through
LCR, PGR, and LCRPGR, and how this propagation influences the stability and interpretation
of LUE classification. Rather than relying solely on single-point estimates, the chapter presents
indicator outputs as probability distributions that capture the effects of input uncertainty, nonlinear
indicator transformations, and inter-variable dependence. It also extends this uncertainty-aware
perspective to the classification stage through a probabilistic treatment of LUE regimes.

This chapter addresses two research questions:

• RQ2. How does explicit propagation of uncertainty in built-up area and population affect the
magnitude, stability, and LUE classification outcomes of SDG Indicator 11.3.1 compared to
conventional deterministic approaches?

• RQ3. Given uncertain SDG Indicator 11.3.1 components and outputs, how does probabilistic
LUE classification improve the robustness, comparability, and interpretability of LUE assess-
ments relative to deterministic classification?

To answer these questions, the chapter first introduces a conceptual and mathematical framework
for uncertainty propagation that is general with respect to the source of uncertainty (Figure 4.1). In
this framework, BUA and Pop are represented by probability distributions that may arise from sam-
pling variability, classification error, measurement uncertainty, definitional ambiguity, or predictive
modeling. These input distributions are propagated through the SDG Indicator 11.3.1 formulations
using Monte Carlo simulation, yielding empirical distributions for LCR, PGR, and LCRPGR.

7This chapter builds upon the author’s published work: Santillan et al. (2025a). Uncertainty quantification and
Monte Carlo simulations to enhance SDG 11.3.1 monitoring. ISPRS Annals of the Photogrammetry, Remote
Sensing and Spatial Information Sciences, 753-762. https://doi.org/10.5194/isprs-annals-X-G-2025-753-2025 .
The uncertainty propagation presented in the paper has been substantially extended and revised. Compared to
the published article, this chapter formally introduces the general framework for uncertainty propagation and
probabilistic LUE classification and makes use of hypothetical and real-world illustrations of the said framework
utilizing new data and study area.

https://doi.org/10.5194/isprs-annals-X-G-2025-753-2025
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Figure 4.1: Conceptual framework for uncertainty propagation and probabilistic LUE classification for SDG
Indicator 11.3.1. Input uncertainty in built-up area and population is represented through
marginal or joint probability distributions, including their dependence structure. Repeated sam-
pling from these distributions produces multiple realizations of built-up area, population, LCR,
PGR, and LCRPGR. Each realization is classified into an LUE regime based on the corresponding
LCR, PGR, and LCRPGR values. The percentages in the lower panel represent the proportion
of realizations assigned to each regime and therefore indicate regime membership probabilities.
The values shown are illustrative.

A key design principle is that the framework is not tied to a single uncertainty-generation method.
The same propagation logic can be used whether uncertainty is obtained from design-based infer-
ence, model-based estimation, bootstrap procedures, or predictive distributions from forecasting
models. This makes the framework suitable as a common basis for both retrospective monitoring
and forward-looking assessment. In the present chapter, the framework is developed under retro-
spective conditions, with particular attention to uncertainty in EO-derived estimates of built-up
area. Later, Chapter 5 extends this foundation by introducing probabilistic forecasting of BUA and
Pop for the forward-looking assessment of SDG Indicator 11.3.1.

Beyond uncertainty propagation itself, the chapter introduces a probabilistic LUE classification
approach. Instead of assigning each spatial unit to a single regime from point estimates alone,
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the method classifies the ensemble of simulated indicator realizations, thereby producing estimated
probabilities of regime membership. This provides a more informative basis for interpretation by
showing not only the most likely regime, but also the degree of support for that regime relative to
competing plausible outcomes.

The remainder of the chapter is structured as follows. Section 4.2 presents the general framework
for uncertainty propagation and probabilistic LUE classification, including the conceptual represen-
tation of input uncertainty, indicator transformation, distribution-based propagation, extension to
secondary SDG 11.3.1 indicators, and probabilistic regime assignment. Section 4.3 then focuses on
uncertainty quantification of EO-derived BUA for SDG Indicator 11.3.1 monitoring. It outlines the
pipeline adopted in this chapter, including error-adjusted area estimation and uncertainty estima-
tion, followed by bootstrap-based uncertainty estimation and propagation. Section 4.4 contains two
illustrative applications: a hypothetical case used to examine the influence of dependence assump-
tions, and a real-world case in Baguio City (Philippines) demonstrating uncertainty-aware SDG
Indicator 11.3.1 monitoring using EO-derived built-up data. Section 4.5 discusses the main findings
and methodological implications of the chapter. Section 4.6 outlines limitations and future work,
and Section 4.7 concludes the chapter.

4.2 General Framework for Uncertainty Propagation and
Probabilistic LUE Classification

4.2.1 Conceptual Representation of Input Uncertainty

In conventional implementations of SDG Indicator 11.3.1, BUA and Pop at each reference epoch
are treated as fixed quantities. Under this deterministic interpretation, the indicator components
(LCR, PGR, LCRPGR) are calculated as single-valued functions of observed inputs. However, as
established in Chapter 3, these inputs depend on the measurement approach, semantic definition,
and data source. More fundamentally, BUA and Pop are estimated quantities subject to sampling
variability, classification error, spatial generalization, redistribution uncertainty, or predictive error
(Olofsson et al., 2014; Leyk et al., 2019).

The uncertainty considered here is primarily epistemic, reflecting incomplete knowledge of the
true values of BUA and Pop due to one or more of the factors stated above. Aleatoric variabil-
ity in the underlying urban process is not explicitly modeled; instead, the framework propagates
the uncertainty encoded in the input distributions, including cases where epistemic and aleatoric
components are not separable.

To formalize this uncertainty, BUA and Pop are treated as random variables. For two reference
epochs t1 and t2 of a spatial unit of analysis, define:

BUAt1 ∼ pBUAt1
, BUAt2 ∼ pBUAt2

, (4.1)

Popt1 ∼ pPopt1
, Popt2 ∼ pPopt2

, (4.2)

where p(•) denotes the probability distribution characterizing uncertainty in each input quantity.
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More generally, uncertainty may be represented through a joint distribution:

v =
(
BUAt1 ,BUAt2 ,Popt1 ,Popt2

)⊤ ∼ p(v). (4.3)

where v denotes the joint random input vector and p(v) its joint probability distribution.

This joint representation is useful because dependencies may exist both across epochs (e.g., corre-
lated errors between t1 and t2 when inputs are generated using the same sensors, models, or reference
data) and, in some workflows, across variables (e.g., shared covariates or coupled estimation proce-
dures). In such a case, representing uncertainty only marginally (i.e., treating inputs as independent)
can yield implausible combinations of input values that do not reflect their joint behavior (Jiang et
al., 2017). Ignoring such dependence structures in this case may distort the indicator component
distributions, particularly given the nonlinear transformation inherent in LCRPGR. However, de-
pendence is not always present. In many SDG Indicator 11.3.1 monitoring applications, BUA and
Pop are produced by distinct data pipelines (e.g., EO-derived built-up mapping on the one hand
and census-based population estimation on the other), in which case cross-variable dependence may
be negligible. The framework, therefore, treats the dependence structure as scenario-specific; it can
be modeled when justified and omitted when independence is a defensible assumption.

Alternative factorizations of p(v) can be used to encode different dependence assumptions. A
common case is within-variable temporal dependence without cross-variable dependence, where:

p(v) = p (BUAt1 ,BUAt2) p
(
Popt1 ,Popt2

)
. (4.4)

A more restrictive case is full independence, where:

p(v) = p (BUAt1) p (BUAt2) p
(
Popt1

)
p
(
Popt2

)
. (4.5)

Conversely, when BUA and Pop share models, covariates, calibration data, or error sources, cross-
variable dependence may be present and a full joint representation p(v) is appropriate (Eq. 4.3).

The framework developed here does not assume a specific parametric form for p(v) (or for its
factorized components). Input uncertainty may be characterized via design-based inference (e.g.,
stratified sampling), model-based estimation, bootstrap resampling, ensemble prediction, or any
other statistically coherent procedure (e.g., Stehman, 2000, 2009; Olofsson et al., 2013; Efron &
Tibshirani, 1986; Gallaun et al., 2015; Lakshminarayanan et al., 2017). The only requirement is
that uncertainty can be expressed in distributional form, either analytically or empirically.

4.2.2 Indicator Transformation

Given the (possibly factorized) joint input uncertainty representation specified in Section 4.2.1, the
SDG Indicator 11.3.1 components are obtained through the deterministic transformations specified
in Eqs. 2.1–2.3. To emphasize the transformation structure, denote the mapping from inputs to
indicator components as

y = (LCR,PGR,LCRPGR)⊤ = T (v), (4.6)
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where T (•) represents the composite transformation implied by the SDG Indicator 11.3.1 formu-
lations. Under deterministic inputs, y is a fixed vector. Under the probabilistic representation
introduced in Section 4.2.1, however, v is random, and therefore y is also random. Essentially, the
SDG Indicator 11.3.1 formulae transform input uncertainty into indicator uncertainty, and they do
so in a nonlinear way.

Two structural features of this transformation are central for uncertainty propagation. First, the
mapping from v to y is nonlinear. LCR depends on ratios of differences in BUA; PGR involves
a logarithmic transformation of population change; and LCRPGR is itself a ratio of two derived
quantities. Nonlinear transformations generally alter distributional shape, meaning that even sym-
metric or approximately Gaussian input distributions can produce skewed or heavy-tailed output
distributions. This effect becomes more pronounced when denominators are small (e.g., low BUAt1

in the LCR term, or near-zero population growth in the PGR term) and when uncertainties in
numerators and denominators are correlated.

Second, the transformation couples uncertainties across epochs, and depending on the dependence
assumptions adopted in Section 4.2.1, may also couple uncertainties across variables. Because LCR
and PGR each depend on paired inter-epoch quantities, uncertainty in BUAt1 influences LCR jointly
with BUAt2 , and similarly for Pop in PGR. Moreover, the ratio structure of LCRPGR implies
that uncertainty in LCR and PGR interacts multiplicatively rather than additively. Consequently,
propagated uncertainty in LCRPGR cannot, in general, be inferred from marginal uncertainty in
any single input alone; it depends on the joint (or factorized) structure used to generate plausible
realizations of v, including any temporal dependence within BUA and/or Pop and any cross-variable
dependence when such dependence is modeled.

These properties imply that simple linear error-propagation approximations (e.g., first-order Tay-
lor expansion or delta-method approaches) may be unreliable for SDG Indicator 11.3.1, because they
linearize T and can fail to capture skewness, heavy tails, and dependence-driven effects arising from
ratios and logarithms, especially when PGR is small in magnitude. For this reason, and as described
in the following section, a distribution-based propagation approach is adopted that approximates
the induced distribution of y = T (v) directly while retaining the nonlinear transformation and
whichever dependence structure (full, block, or independent) is specified for the inputs.

4.2.3 Distribution-Based Uncertainty Propagation

Uncertainty propagation is implemented by approximating the distribution of the SDG Indicator
11.3.1 components induced by the mapping y = T (v) through repeated evaluation of T (•) over
plausible realizations of the input vector v. The procedure adopted here is Monte Carlo-based
uncertainty propagation, which constructs an empirical approximation of the output distribution
through repeated sampling of plausible inputs under a specified uncertainty model and repeated
evaluation of the transformation of interest (Metropolis & Ulam, 1949; Robert & Casella, 2004;
JCGM, 2008). In this study, that transformation is given by the SDG Indicator 11.3.1 formulae.

Let N denote the number of simulation draws. For each draw i = 1, . . . , N , an input realiza-
tion v(i) is generated from the distributional specification defined in Section 4.2.1. Depending on
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the dependence assumptions adopted, v(i) may be generated (i) by sampling all four inputs in-
dependently from their marginal distributions, (ii) by sampling from two bivariate distributions
(BUAt1 ,BUAt2) and

(
Popt1 ,Popt2

)
and concatenating them (temporal dependence within vari-

ables, no cross-variable dependence), or (iii) by sampling from a full four-dimensional joint model
when cross-variable dependence is justified.

The joint distribution p(v) may be specified using different modeling strategies depending on the
nature of available uncertainty information. A common parametric approach is to assume a multi-
variate normal distribution defined by a mean vector, marginal standard deviations, and a correla-
tion matrix (Robert & Casella, 2004; JCGM, 2008). When uncertainty arises from sampling-based
accuracy assessment, model ensembles, or repeated estimation procedures, empirical or bootstrap-
based joint distributions may instead be constructed directly from resampled realizations (e.g., Efron
& Tibshirani, 1986; Gallaun et al., 2015). Alternatively, copula-based approaches (e.g., Nelsen,
2006; Nagler, 2025) can be employed to model dependence separately from marginal distributions,
allowing flexible non-Gaussian marginals while preserving prescribed dependence properties. The
uncertainty propagation framework developed here does not require a specific joint distributional
form; it only requires that realizations of the joint input vector can be generated in a manner
consistent with the assumed marginal uncertainties and dependence structure.

Once a realization v(i) has been generated, the SDG Indicator 11.3.1 transformation is evaluated
at that realization to obtain y(i) = T

(
v(i)
)
. Repeating this procedure yields an empirical sample{

y(i)
}N
i=1

, which serves as a non-parametric approximation of the propagated distribution of LCR,
PGR, and LCRPGR. Because the approximation is empirical, it does not require distributional
assumptions about y and naturally retains skewness, heavy tails, or other non-Gaussian features
generated by the nonlinear transformations.

The simulated sample provides a direct basis for summarizing indicator uncertainty. Point sum-
maries, such as the mean or median, can be calculated for each component of y, and uncertainty
intervals can be reported using empirical quantiles, for example, by taking the 2.5th and 97.5th
percentiles to form a central 95% interval. Because the resulting distributions may be asymmetric,
quantile-based summaries are preferable to variance-only reporting. Beyond descriptive summaries,
the propagated distribution enables probability statements that are directly aligned with interpreta-
tion needs, such as the probability that an indicator exceeds a threshold or falls within a particular
efficiency regime. Such probability statements are especially relevant in the context of SDG Indica-
tor 11.3.1, where LUE interpretation ultimately relies on threshold-defined regimes, so realizations
near classification boundaries may be assigned to different regimes under relatively small changes
in the uncertain BUA and Pop inputs.

As N increases, the empirical distribution converges to the true distribution induced by p(v)

under standard Monte Carlo convergence. In practice, N is selected to ensure stable estimation of
the distributional features of interest, particularly tail quantiles and regime probabilities (JCGM,
2008; Janssen, 2013). The output of this propagation step (full distributions of LCR, PGR, and
LCRPGR) provides the quantitative foundation for the probabilistic LUE classification framework
introduced in Section 4.2.5.
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4.2.4 Extension to SDG 11.3.1 Secondary Indicators

The uncertainty-propagation framework described above is not specific to LCR, PGR, or LCRPGR.
More generally, once the uncertain inputs (BUAt1 ,BUAt2 ,Popt1 ,Popt2) are represented through a
joint (or factorized) distribution and propagated via repeated draws, any SDG Indicator 11.3.1-
related quantity that is a deterministic function of the same inputs can be assigned a propagated
uncertainty distribution using the same Monte Carlo realizations. This extension is consistent with
the SDG Indicator 11.3.1 methodology, which recommends reporting complementary indicators
alongside the primary components to support interpretation.

In particular, two recommended secondary indicators, namely Built-up Area per Capita (BUpC)
and Total Change in Built-up Area (%) (TCBUA) (UN Statistics Division, 2025) can be obtained
directly from each simulated realization v(i). BUpC at each epoch and TCBUA are calculated as

BUpCt =
BUAt

Popt
, t ∈ {t1, t2} (4.7)

TCBUA(%) = 100× BUAt2 − BUAt1

BUAt1

(4.8)

Evaluating these expressions for i = 1, . . . , N yields empirical distributions of these secondary
indicators, from which their medians, uncertainty intervals, and probability statements can be
reported in the same manner as for the three primary indicator components.

4.2.5 Probabilistic LUE Classification

Once BUA and Pop are treated as uncertain quantities and propagated through the SDG Indicator
11.3.1 formulae, the resulting outputs (LCR, PGR, and LCRPGR) are no longer fixed scalars
but random variables. Consequently, regime membership itself becomes uncertain. A spatial unit
may plausibly belong to multiple LUE regimes depending on the realization of input uncertainty
(Figure 2.1; Table 2.1). Deterministic assignment, therefore, conceals classification variability that
may arise from uncertainty in BUA and Pop estimates.

To formalize probabilistic classification, let y(i) =
(
LCR(i),PGR(i),LCRPGR(i)

)⊤
denote the i-th

simulated realization obtained from the uncertainty propagation procedure described in Section 4.2.3
under the specified input dependence scenario. For each realization, the corresponding LUE regime
R(i) is determined by applying the deterministic classification rules defined in Table 2.1. That is,
each simulated triplet y(i) is mapped to one of the predefined efficiency regimes according to the
sign and relative magnitude criteria for LCR, PGR, and LCRPGR.

Let K denote the total number of regimes defined in Table 2.1. The probability that a spatial
unit belongs to regime k is then estimated as

P̂ (R = k) =
1

N

N∑
i=1

I
(
R(i) = k

)
, (4.9)
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where N is the number of simulation draws and I(·) is the indicator function, which equals 1 if the
condition is satisfied and 0 otherwise. The set of probabilities {P̂ (R = 1), P̂ (R = 2), . . . , P̂ (R = K)}
forms a discrete probability distribution over LUE regimes for each spatial unit.

This formulation yields several important interpretive advantages. First, it allows classification
uncertainty to be quantified explicitly. A unit with P̂ (R = 1) ≈ 1 exhibits stable regime membership
under plausible input variation, whereas a unit with probability mass distributed across multiple
regimes is classification-unstable. Second, the approach supports risk-aware interpretation. For
example, the probability that LCRPGR exceeds unity, or that LCR is positive while PGR is negative
(corresponding to inefficient expansion under demographic decline in Table 2.1), can be reported
directly. Such probability statements provide a clearer basis for decision-relevant interpretation
than a single deterministic label.

Third, probabilistic classification enables the identification of threshold sensitivity. Because the
regime definitions in Table 2.1 rely on sign changes and relative magnitudes of LCR and PGR, small
perturbations near zero-growth boundaries may induce regime switching. The Monte Carlo-based
framework quantifies the frequency of such threshold crossings under uncertainty. The resulting
regime probabilities are conditional on the adopted input uncertainty model and its dependence
assumptions; if alternative dependence scenarios yield materially different regime probabilities, this
indicates that classification is sensitive to dependence modeling and merits additional justification.

In reporting results, several complementary summaries may be presented. The most probable
regime R∗ can be identified as

R∗ = argmax
k

P̂ (R = k), (4.10)

which serves as a probabilistic analogue to deterministic assignment. However, unlike conventional
classification, this assignment can be accompanied by its associated probability P̂ (R∗), thereby
communicating the degree of confidence in the classification. Additionally, a single summary mea-
sure of classification instability may be reported if desired (e.g., based on the spread of regime
probabilities).

In simple terms, probabilistic LUE classification replaces the idea of a single “correct” regime label
with a likelihood over regimes. Instead of saying “this city is efficient” based on one fixed set of BUA
and Pop values, it is acknowledged that BUA and Pop are uncertain values and thus vary within
plausible ranges. When plausible BUA and Pop values are repeatedly drawn (via Monte Carlo),
and LCR, PGR, and LCRPGR are recalculated each time, the city can fall into different regimes
across draws. The proportion of simulations assigned to each regime can then be interpreted as the
probability of membership in that regime under the assumed uncertainty model. This concept is
illustrated in Figure 4.2.

By moving from deterministic labels to regime probabilities, the framework provides a formal
counterpart to the instability observed in Chapter 3, where dataset substitution alone produced
non-trivial reclassification across spatial units. Here, reclassification is quantified explicitly as the
likelihood of regime switching under modeled uncertainty in BUA and Pop, establishing a consistent
basis for uncertainty-aware interpretation of SDG Indicator 11.3.1 in both retrospective assessments
and forward-looking analyses.
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Figure 4.2: Conceptual illustration of probabilistic LUE classification for a hypothetical city with uncertain
built-up area (BUA) and population (Pop) inputs. Each point in the LCR–PGR space represents
one Monte Carlo realization of LCR and PGR derived from uncertainty-propagated BUA and
Pop estimates. Colored clusters indicate LUE regimes defined by the joint signs and relative
magnitudes of LCR, PGR, and LCRPGR, following Table 2.1. In this example, the realiza-
tions are concentrated mainly in Inefficient Built-up Expansion under Slower Population Growth
(R16), with substantial shares also falling in R2 and R14. These proportions represent estimated
probabilities of regime membership under the assumed uncertainty model, showing that although
R16 is the most likely outcome, alternative plausible regime assignments remain substantial.

4.3 Uncertainty Quantification of EO-Derived BUA for SDG
Indicator 11.3.1 Monitoring

In the preceding section, the uncertainty propagation framework was formulated under the assump-
tion that uncertainties in BUA and Pop are already available in distributional form, allowing them
to be propagated through the SDG Indicator 11.3.1 transformations and used for probabilistic LUE
classification. What has not yet been addressed is how such uncertainties, particularly for EO-
derived BUA, can be quantified in practice. In this section, a pipeline for uncertainty quantification
of EO-derived BUA is introduced, with outputs that can be directly integrated into the general
uncertainty propagation framework developed in Section 4.2.

4.3.1 Pipeline Overview

The proposed pipeline begins with an EO-derived built-up change map for the analysis period and
a stratified sample of reference observations. The change map serves as the stratification layer for
design-based estimation, while the reference sample is used to quantify classification errors through
an error matrix of mapped and reference change classes. From this, error-adjusted estimates of
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the change-class areas are derived, and the endpoint built-up areas at t1 and t2 are reconstructed
by summing the relevant change components. Uncertainty in these endpoint estimates is then
characterized empirically through stratified bootstrap resampling of the reference sample within
each change-map stratum. These procedures yield paired bootstrap replicates of BUA at t1 and t2,
which can subsequently be used as empirical input distributions within the uncertainty propagation
framework of Section 4.2.1.

4.3.2 Error-Adjusted Area Estimation and Uncertainty Estimation

The first component of the pipeline is the estimation of BUA and its uncertainty from the EO-
derived built-up map and the corresponding reference sample. The approach adopted here is the
bootstrapped implementation of the post-stratified estimator-based area estimation and uncertainty
estimation methodology formalized in Olofsson et al. (2013). This approach forms the basis of
widely cited good-practice guidance for estimating area and assessing the accuracy of land cover
and land cover change products (Olofsson et al., 2014; Olofsson, 2021), and has been broadly applied
in the remote sensing community for error-adjusted area estimation and uncertainty reporting (e.g.,
Gallaun et al., 2015; FAO, 2016; Marconcini et al., 2020; Pickens et al., 2020; Dalagnol et al., 2023;
De Keersmaeker et al., 2026; Pfoch et al., 2026).

Under this approach, a thematic map is treated as an auxiliary stratification layer, and the
reference sample (independently interpreted from higher-quality information) provides unbiased
information about the true class composition within each mapped stratum (Olofsson et al., 2013).
The estimand is the true area (or area proportion) of a target reference class in the study region,
while the mapped classes are used only to define strata and area weights.

Consider two binary built-up maps at t1 and t2. Overlaying these two maps yields a built-up
change map with four mutually exclusive classes that describe whether a location remained built-
up, ceased to be built-up, became built-up, or remained non-built-up. For compact presentation,
the four change classes are encoded as numeric labels and used consistently for both the map strata
and the reference classes:

• 1 = Stable BUA (BUA at t1 and t2),

• 2 = BUA Loss (BUA at t1, non-BUA at t2),

• 3 = BUA Gain (non-BUA at t1, BUA at t2), and

• 4 = Stable Non-BUA (non-BUA at both times).

The built-up change map is treated as the stratification layer for design-based estimation, following
the post-stratified, error-matrix8-based area estimation framework of Olofsson et al. (2013).

8Although confusion matrix is widely used in classification studies, the term error matrix is preferred here to remain
consistent with Olofsson et al. (2013) and related land-cover area-estimation literature, where the matrix serves
as the basis for map-error quantification, area adjustment, and uncertainty estimation, rather than simply as a
summary of agreement between map and reference labels.
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Let the four map-based change classes define q = 4 strata indexed by i ∈ {1, 2, 3, 4}. Denote the
total study area by Atot, the map area of stratum i by Amapped,i, and its corresponding weight by
Wi = Amapped,i/Atot. A probability sample is drawn from these strata. Each sampled location is
interpreted using reference information at t1 and t2, producing two reference labels (BUA or non-
BUA) per sample. These two reference labels are then converted to a single reference change-class
code j ∈ {1, 2, 3, 4} using the same transition rule used to form the built-up change map: BUA at
both times → 1, BUA to non-BUA → 2, non-BUA to BUA → 3, and non-BUA at both times → 4.
The sample results are summarized in a 4× 4 error matrix of counts nij , where rows (i) correspond
to map-based change classes and columns (j) correspond to reference change classes (Table 4.1a).

Table 4.1: Error matrices of sample counts, nij , (a) and of estimated area proportions, p̂ij , (b). Rows
correspond to map-based change classes (i) and columns correspond to reference change classes
(j).

(a)

Class 1 2 3 4 Total

1 n11 n12 n13 n14 n1·

2 n21 n22 n23 n24 n2·

3 n31 n32 n33 n34 n3·

4 n41 n42 n43 n44 n4·

Total n·1 n·2 n·3 n·4 n

(b)

Class 1 2 3 4 Total

1 p̂11 p̂12 p̂13 p̂14 p̂1·

2 p̂21 p̂22 p̂23 p̂24 p̂2·

3 p̂31 p̂32 p̂33 p̂34 p̂3·

4 p̂41 p̂42 p̂43 p̂44 p̂4·

Total p̂·1 p̂·2 p̂·3 p̂·4 1

Following Olofsson et al. (2013), the error matrix is converted from sample counts (Table 4.1a) to
a matrix of estimated area proportions (Table 4.1b). An unbiased estimator of the area proportion
of area in cell (i, j) of the error matrix is

p̂ij = Wi
nij

ni·
. (4.11)

The term nij

ni·
estimates the probability that a location mapped as class i belongs to reference class

j. Summing down column j yields the estimated true area proportion of reference change class j,

p̂·j =

q∑
i=1

p̂ij , (4.12)

and the corresponding error-adjusted area estimate is

Âj = Atot × p̂·j . (4.13)

In simple terms, these steps treat the map as a useful but imperfect first approximation of reality.
The reference sample, derived from higher-quality information, indicates how often the map’s labels
are correct within each mapped class. The error matrix summarizes these matches and mismatches,
revealing where the map tends to assign too much area to a class (commission error) or fail to
capture it (omission error). The post-stratified estimator (Eq. 4.11) then uses this information to
correct map-based area totals: rather than relying on pixel counting, it estimates, for each mapped
class i, the share of its area that truly belongs to reference class j, and scales that share by the
mapped area weight. Summing these corrected contributions across strata yields an error-adjusted
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estimate of the true area of each reference class, i.e., one that effectively adds back missed areas
(omissions) and removes wrongly included areas (commissions).

Because the reference classes are change classes, BUA at the endpoint years can be obtained
directly by summing the relevant change components. BUA at t1 corresponds to Stable BUA (class
1) and BUA Loss (class 2). BUA at t2 consists of Stable BUA (class 1) and BUA Gain (class 3).
Therefore,

B̂UAt1 = Â1 + Â2, B̂UAt2 = Â1 + Â3. (4.14)

Uncertainty in the estimated area proportions arises from the finite reference sample used to
estimate the error matrix and therefore reflects the sampling uncertainty of the classification-error-
adjusted area estimates. Following Cochran (1977) and Olofsson et al. (2013), this uncertainty is
quantified by the estimated standard error9 of a column total p̂·j :

S (p̂·j) =

√√√√√ q∑
i=1

W 2
i

nij

ni·

(
1− nij

ni·

)
ni· − 1

. (4.15)

and the corresponding standard error in area units is

S
(
Âj

)
= Atot × S (p̂·j) . (4.16)

From these formulae, the uncertainty of endpoint BUAs can be indirectly estimated because
B̂UAt1 and B̂UAt2 are sums of the estimated change-class areas (Eq. 4.14). In general, the variance
of a sum includes both the variances of the individual terms and their covariance. Therefore, the
standard errors for B̂UAt1 and B̂UAt2 can be expressed as

S
(
B̂UAt1

)
=

√[
S
(
Â1

)]2
+
[
S
(
Â2

)]2
+ 2Cov

(
Â1, Â2

)
. (4.17)
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Â1

)]2
+
[
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(
Â3

)]2
+ 2Cov

(
Â1, Â3

)
. (4.18)

While the variance terms
[
S
(
Âj

)]2
are obtained directly from the stratified estimator (Eqs. 4.15–

4.16), the covariance terms are not routinely available from standard error-matrix reporting and
are not straightforward to derive without additional assumptions about dependence between the
component estimators. Setting these covariances to zero would be an ad hoc simplification that
may understate or overstate uncertainty, particularly because the stable class (Â1) appears in both
endpoint sums and shares the same underlying sample. On the other hand, it is also possible to
apply the same estimator independently to the built-up map at t1 and the built-up map at t2, but
this would typically require two separate samples (one per time point) and would still leave the
dependence between B̂UAt1 and B̂UAt2 difficult to quantify.

9Here, the standard error may be interpreted as the estimated standard deviation of the area-proportion estimator,
i.e., the expected sampling variability of the estimate across repeated samples drawn under the same design.
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To address these limitations in a practical and assumption-light way, this study adopts a stratified
bootstrap procedure applied to the change-map sample. The bootstrap generates an empirical
distribution of change-class areas and, by extension, an empirical joint distribution of B̂UAt1 and
B̂UAt2 , which can be propagated directly into LCR and LCRPGR. The procedure, patterned after
Gallaun et al. (2015), is described in the next section.

4.3.3 Bootstrap-based Uncertainty Estimation and Propagation

Bootstrapping is a resampling method that approximates the sampling distribution of an estimator
by repeatedly re-drawing samples, with replacement, from the observed data (Efron & Tibshirani,
1986). In the stratified bootstrap used here, resampling is performed within each change-map
stratum, preserving the sample allocation across strata. For each bootstrap replicate b = 1, . . . , B,
the resampled observations are used to reconstruct a replicate error matrix and to calculate replicate
area-proportion estimates using the same post-stratified estimator as defined in Eqs. 4.11–4.13. This
procedure yields replicate change-class area estimates

{
Â

(b)
j

}q

j=1
. Endpoint built-up areas are then

obtained replicate-wise using the same component sums as Eq. 4.14, producing paired endpoint

estimates
{
B̂UA

(b)

t1 , B̂UA
(b)

t2

}B

b=1

.

This bootstrap-based representation has two practical advantages for the present application.
First, it provides uncertainty distributions for B̂UAt1 and B̂UAt2 without requiring a closed-form
covariance term, because the dependence induced by shared sampling variability is reflected auto-
matically in the paired bootstrap replicates. Second, it enables direct uncertainty propagation to the
SDG Indicator 11.3.1 components through replicate-wise transformation. For each bootstrap repli-

cate, LCR(b) is calculated from B̂UA
(b)

t1 and B̂UA
(b)

t2 . The corresponding LCRPGR(b) can then be
obtained by dividing LCR(b) by PGR, whether PGR is treated as a fixed quantity or represented by
its own uncertainty distribution. The resulting sets of replicate values form empirical distributions.
These distributions can be summarized using medians and percentile-based uncertainty intervals.
They can also be used to report probability-based statements about LUE regime membership in
line with the probabilistic LUE classification framework.

The same replicate-wise propagation logic also extends to secondary indicators derived from the
endpoint built-up areas. Empirical distributions of BUpC and TCBUA are calculated from the
bootstrap endpoint estimates in the same manner as for the primary SDG Indicator 11.3.1 com-
ponents. They can then be summarized using medians and percentile-based uncertainty intervals,
and can be reported through probability statements when needed.

4.4 Illustrative Applications

The following sections present two applications to demonstrate the operational behavior of the
uncertainty propagation and probabilistic LUE classification framework developed in Section 4.2,
together with the EO-derived built-up area uncertainty-quantification pipeline introduced in Sec-
tion 4.3. The first application uses a hypothetical City A experiment to fully illustrate the framework
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under controlled conditions, treating all four inputs (BUA and Pop, both at t1 and t2) as uncertain.
The second application uses Baguio City, Philippines, as a real-world case study to demonstrate
how the Section 4.3 pipeline can be used to derive empirical BUA uncertainty distributions from
EO-derived built-up data and reference samples, and how these distributions can then be prop-
agated through the Section 4.2 framework to produce uncertainty-aware indicator estimates and
probabilistic LUE classification outputs.

4.4.1 Application 1: Hypothetical Application Under Alternative Dependence
Scenarios

To examine the influence of dependence structure under fully controlled conditions, the framework
was applied here to an abstract spatial unit, hereafter referred to as City A, with explicitly specified
input values and uncertainty parameters. This hypothetical setup allows defining the joint input
uncertainty transparently and systematically varying the assumed dependence structure. In turn,
it allows the resulting effects on the propagated distributions of LCR, PGR, and LCRPGR, as well
as on probabilistic LUE regime membership, to be examined without the additional complexities of
empirical data.

4.4.1.1 Baseline Specification and Marginal Input Uncertainty

City A was defined as a single spatial reporting unit observed at two reference epochs, t1 and t2

for a 10-year interval (∆t = 10). Baseline BUA and Pop values were specified to represent moder-
ate built-up expansion and population change, and epistemic input uncertainty was introduced by
treating BUAt1 , BUAt2 , Popt1 , and Popt2 as uncertain quantities with marginal distributions cen-
tered on their baseline means, consistent with the probabilistic input representation in Section 4.2.1.
Marginal uncertainty was parameterized using fixed relative standard deviations applied symmetri-
cally across epochs: 5% for BUA at both t1 and t2, and 10% for Pop at both epochs, with standard
deviations calculated as the corresponding proportions of the baseline means. All baseline inputs
and marginal uncertainty parameters are summarized in Table 4.2. The deterministic baseline val-
ues of LCR, PGR, and LCRPGR are reported in Table 4.3. Pop uncertainty was intentionally set
higher than BUA uncertainty to ensure that probabilistic regime switching is observable in this
illustrative experiment.

4.4.1.2 Alternative Dependence Structures

Consistent with the dependence possibilities outlined in Section 4.2.1, namely full independence,
within-variable temporal dependence without cross-variable dependence, and full joint dependence,
three alternative dependence scenarios were specified for the hypothetical application, as summa-
rized in Table 4.4. Here, the correlations refer to dependence in the stochastic input variables used
for Monte Carlo sampling, i.e., how uncertainty in BUA and Pop co-varied across epochs and across
variables, rather than empirical correlations between the unknown true BUA and Pop levels.



68 4 Uncertainty Propagation and Probabilistic LUE Classification for SDG Indicator 11.3.1

Scenario S1 adopted the fully independent factorization discussed in Section 4.2.1, treating all
variables as mutually independent. Under this assumption, uncertainty at one epoch or for one vari-
able provided no information about uncertainty in any other component. Scenario S2 corresponded
to the within-variable temporal dependence case. Here, strong positive inter-epoch correlations of
0.8 were specified for both BUA and Pop. Scenario S3 represented the general joint dependence
case. In addition to the strong temporal dependence within each variable, with a correlation of 0.8
for both BUA and Pop across epochs, moderate cross-variable dependence was imposed between
BUA and Pop components, with cross-correlations set to 0.5. This configuration allowed uncer-
tainty to co-move both across time and across variables, reflecting the possibility of shared inputs,
constraints, or harmonization procedures that could link the two quantities.

Across all scenarios, the marginal specifications in Table 4.2 were held constant, and only the
dependence structure varied.

Table 4.2: Baseline inputs and marginal uncertainty specification for City A (∆t = 10 years).

Variable Units
Baseline mean

(µ)
Relative Standard

Deviation
Standard Deviation

(σ)

BUAt1 km2 53.0 0.05 2.650

BUAt2 km2 61.5 0.05 3.075

Popt1
persons 320,000 0.10 32,000

Popt2
persons 330,000 0.10 33,000

Table 4.3: Deterministic baseline indicator values and regime assignment for City A.

Quantity Value

LCR (% yr-1) 1.60

PGR (% yr-1) 0.31

LCRPGR 5.19

LUE Regime (Table 2.1) Inefficient Expansion under Slower Population Growth (R16)

Table 4.4: Alternative dependence structures assumed among BUA and Pop at t1 and t2 in the hypothetical
City A application. Here, ρ(·, ·) denotes the correlation coefficient between the indicated variables
or variable components.

Scenario ρ(BUAt1 ,BUAt2) ρ(Popt1
,Popt2

)
ρ (BUA components,

Pop components)

S1: Full independence 0 0 0

S2: Within-variable temporal
dependence

0.8 0.8 0

S3: Temporal + cross-
variable dependence

0.8 0.8 0.5

4.4.1.3 Joint Distribution Specification and Dependence Modeling

For the hypothetical application, the joint uncertainty in BUA and Pop was represented using a
parametric joint distribution. Specifically, the four-dimensional input vector v, with components
BUAt1 , BUAt2 , Popt1 , and Popt2 , was assumed to follow a multivariate normal distribution, v ∼
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N (µ,Σ), where the mean vector µ contained the baseline values in Table 4.2, and Σ denoted the
covariance matrix.

Under this assumption, dependence between the variables was encoded through a scenario-specific
correlation matrix, denoted by C,

C =


1 ρ(BUAt1 ,BUAt2) ρ(BUAt1 ,Popt1) ρ(BUAt1 ,Popt2)

ρ(BUAt1 ,BUAt2) 1 ρ(BUAt2 ,Popt1) ρ(BUAt2 ,Popt2)

ρ(BUAt1 ,Popt1) ρ(BUAt2 ,Popt1) 1 ρ(Popt1 ,Popt2)

ρ(BUAt1 ,Popt2) ρ(BUAt2 ,Popt2) ρ(Popt1 ,Popt2) 1

. (4.19)

This correlation structure was combined with the marginal standard deviations to construct a
covariance matrix. Let vi denote the i-th component of v, and let σi denote its marginal standard
deviation. The covariance terms are then defined as Cov(vi, vj) = ρijσiσj for i ̸= j, while the
marginal variances satisfy Var(vi) = σ2

i . In compact matrix form, the covariance matrix was
written as Σ = DCD, where D = diag

(
σBUAt1

, σBUAt2
, σPopt1

, σPopt2

)
.

The multivariate normal specification was adopted for computational convenience, as it allowed
systematic manipulation of the covariance structure while preserving fixed marginal uncertainty.

4.4.1.4 Monte Carlo Implementation

The Monte Carlo uncertainty propagation was executed separately for each dependence scenario in
Python 3.10.11. For a given scenario, the scenario-specific correlation structure in Table 4.4 was
combined with the fixed marginal standard deviations in Table 4.2 to define the covariance structure
of the joint input vector v under the multivariate normal model described in Section 4.4.1.3.

Random sampling was carried out by first generating independent standard normal random num-
bers. These numbers were then transformed into correlated realizations using covariance factoriza-
tion implemented in NumPy’s multivariate normal sampling routine10, for example through matrix
decomposition of the covariance matrix Σ. Because the multivariate normal distribution is un-
bounded, rare non-physical negative values could occur. To preserve the non-negativity of BUA
and Pop and to avoid numerical issues in logarithmic and ratio-based calculations, simulated inputs
were constrained to be strictly positive by applying a small lower bound (1×10−10) before indicator
evaluation.

For each Monte Carlo realization, the SDG Indicator 11.3.1 components were calculated deter-
ministically as described in Section 4.2.2. When calculating LCRPGR, realizations with PGR equal
to zero, or numerically indistinguishable from zero under a tolerance of 1 × 10−10, were explicitly
flagged, and the corresponding LCRPGR value was treated as undefined. This safeguard avoided
unstable ratios resulting from division by effectively zero values, while preserving these realizations
for subsequent regime assignment under the “undefined LCRPGR” cases in Table 2.1. Each simu-
lated triplet (LCR, PGR, LCRPGR), including cases with undefined LCRPGR, was then mapped
to an LUE regime using the regime definitions in Table 2.1.

10https://numpy.org/doc/stable/reference/random/generated/numpy.random.multivariate_normal.html (accessed
February 23, 2026).

https://numpy.org/doc/stable/reference/random/generated/numpy.random.multivariate_normal.html
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For reporting and visualization, realizations classified as R4–R6 were grouped and reported as
Efficient Built-up Reduction under Population Growth, while realizations classified as R12–R14 were
grouped and reported as Inefficient Built-up Expansion under Population Decline. All other regimes
were retained as individual categories. This grouping was adopted for practical interpretation. Al-
though R4–R6 and R12–R14 are distinguished in the full classification system, the differences among
the regimes within each group were not considered especially useful for the purposes of this study.
From a planning or policy perspective, it is often more meaningful to identify the broader devel-
opment pattern itself—such as built-up reduction despite population growth, or built-up expansion
despite population decline—than to further distinguish its subtypes. In other words, once the real-
izations already reflect the same overall development pattern, distinguishing the individual regimes
within that group adds complexity but contributes little additional interpretive value. The grouped
reporting, therefore, retains the policy-relevant message while making the probabilistic results easier
to communicate.

For each dependence scenario, N = 444,130 realizations were drawn from the corresponding input
distribution. This choice was justified through a convergence or sample-size sensitivity analysis in
which increasing Monte Carlo sizes were evaluated using a geometric progression to avoid sensitivity
to uneven step sizes. Specifically, candidate sample sizes were defined as Ni+1 = ⌈rNi⌉ with a fixed
multiplier r = 1.25, supplemented by a small set of initial values (e.g., N = 100, 500, 1000, 5000,
10000) and capped at Nmax = 500,000. For each candidate N , the median and 95% interval (2.5th
and 97.5th percentiles) of LCR, PGR, and LCRPGR were calculated.

Convergence was assessed using a plateau criterion based on successive increases in N . Specifically,
for each statistic s ∈ {x̃, q0.025, q0.975}, where q0.025 and q0.975 denote the 2.5th and 97.5th percentiles,
respectively, stability was evaluated via the successive change ∆s = |sNi+1 − sNi |. The minimum
N was defined as the smallest value for which all reported statistics for all three indicators satisfied
predefined tolerances for two consecutive sample-size increments, indicating that further increases
in N produced negligible changes in the reported summaries. Tolerances were set to require that
the relative change in the median was less than 0.5% and that the 2.5th/97.5th percentiles changed
by less than 1%. Under this criterion, the most stringent requirement arose for LCRPGR under
scenario S1, full independence, yielding N = 444,130. The corresponding plateau values for S2 and
S3 were N = 227,394 and N = 93,140, respectively. For consistent precision across all scenarios,
N = 444,130 was adopted uniformly for all simulations.

To ensure comparability across candidate N , simulations were generated with a fixed random seed
so that results for smaller N corresponded to the first N realizations, i.e., a nested subset, of the same
underlying simulation run. Despite this relatively large N , the simulations were computationally
inexpensive in practice; executing all three dependence scenarios, including indicator calculation
and regime assignment, required less than one minute on the laptop used for this experiment.11

11Runtime measured for the City A experiment using Python 3.10.11 on an Acer Predator PT515-51 laptop running
Windows 11 Pro 64-bit with an Intel® Core™ i7-8750H CPU @ 2.20 GHz (6 cores / 12 threads) and 16 GB RAM.
Actual runtimes may vary with hardware, operating system, and implementation details.
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The resulting sets of simulated indicators and regime labels formed empirical distributions, which
were summarized in the next subsection using distribution plots, summary statistics, and regime
probabilities, calculated as the relative frequency of realizations assigned to each regime.

4.4.1.5 Results and Discussion

4.4.1.5.1 Distributional Behavior of LCR, PGR, and LCRPGR Across Dependence
Scenarios Figure 4.3 summarizes the Monte Carlo-propagated distributions of LCR, PGR, and
LCRPGR for City A under three dependence scenarios. Across all scenarios, LCR and PGR ex-
hibited unimodal distributions centered near their expected growth rates, while LCRPGR showed
stronger non-Gaussian behavior, reflecting its ratio structure.

Figure 4.3: Monte Carlo-propagated distributions of LCR, PGR, and LCRPGR for City A under three depen-
dence scenarios. For interpretability, LCRPGR values were truncated to the interval [−20, 20],
meaning the plotted histograms represent the central mass of the ratio distribution rather than
its full tail extent.

Under S1 (full independence), the LCR distribution is comparatively wider, indicating larger
dispersion in land consumption estimates when uncertainties in BUA at t1 and t2 are allowed to
vary independently (Figure 4.3a). This pattern is consistent with the idea that, without tempo-
ral coupling in the error terms, uncertainty in the change term (BUAt2 − BUAt1) can be larger,
which carries through to LCR. The PGR distribution likewise appears relatively broad, reflecting
independent variation in Pop uncertainty at t1 and t2. For LCRPGR, the histogram shows a sharp
central peak with extended tails; this is in line with ratio behavior, where simulations with PGR
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values close to zero can generate very large positive or negative LCRPGR values (Angel et al., 2024;
Zhong et al., 2025b).

Under S2 (within-variable temporal dependence), the LCR distribution appears noticeably tighter
than in S1, and the PGR distribution shows a similar narrowing (Figure 4.3b). This pattern suggests
that when uncertainty components for BUA at t1 and t2 are positively correlated, the two epochs
tend to co-vary more consistently in the simulations, so the change between them varies less from one
draw to the next. In contrast, the LCRPGR histogram appears more uneven and less symmetric,
with a visible dip around zero. One way to interpret this is that ratios near zero would require
LCR to be very small relative to PGR; however, because LCR is more concentrated away from
zero in this scenario, fewer simulations produce LCRPGR values close to zero. At the same time,
occasional simulations with PGR close to zero can still create very large positive or negative ratios,
which helps explain the heavier tails and the relatively lower counts in the midrange.

Under S3 (temporal plus cross-variable dependence), the LCR and PGR distributions are very
similar to those in S2, remaining narrow and clearly unimodal (Figure 4.3c). This similarity suggests
that most of the variance reduction is already achieved once strong within-variable temporal depen-
dence is introduced, and that adding cross-variable dependence in the uncertainty terms does not
noticeably change the marginal spread of LCR and PGR for this case. The LCRPGR distribution
also closely resembles that of Scenario S2, including the low density around zero.

Overall, the distributions demonstrate that dependence assumptions primarily control the magni-
tude of uncertainty for LCR and PGR, with temporal dependence reducing variance. At the same
time, LCRPGR remains inherently more unstable and non-Gaussian because it is a ratio of two
uncertain growth rates. This distributional behavior motivates reporting LCRPGR using robust
quantiles and probabilistic regime membership rather than relying on single-point estimates.

4.4.1.5.2 Summary Statistics and Deterministic Agreement Table 4.5 complements the
distributional patterns in Section 4.4.1.5.1 by summarizing the Monte Carlo medians and 95%
intervals (2.5th–97.5th percentiles) of LCR, PGR, and LCRPGR12 across the three dependence
scenarios, alongside the deterministic values reported earlier in Table 4.3. For LCR and PGR,
the Monte Carlo medians are nearly identical across scenarios and remain close to the deterministic
values, with LCR approximately 1.60–1.61% and PGR approximately 0.31%. This suggests that the
dependence assumptions mainly influence uncertainty spread rather than shifting the distributional
center. This result is consistent with the scenario design, in which marginal uncertainty magnitudes
are held constant and only the dependence structure is varied, as described in Section 4.4.1.2.

Scenario differences are most evident in the widths of the 95% intervals. Compared with full
independence (S1), the 95% intervals for both LCR and PGR are noticeably narrower under S2 and
S3, reflecting the stabilizing effect of strong inter-epoch dependence (ρ = 0.8) within each variable.
The near-identical summaries for S2 and S3 for LCR and PGR mirror the histogram similarities
noted in Section 4.4.1.5.1 and follow from the fact that cross-variable dependence in S3 does not

12The median LCRPGR was calculated directly from the simulated LCRPGR distribution. It is therefore not
necessarily equal to the ratio of the median LCR and median PGR.
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Table 4.5: Monte Carlo-propagated summaries of LCR, PGR, and LCRPGR for City A under three depen-
dence scenarios (S1–S3), with deterministic values from Table 4.3 shown for comparison. Entries
report the Monte Carlo median, with the 95% interval (2.5th–97.5th percentiles) shown in brack-
ets. For LCRPGR, the median was calculated directly from the simulated LCRPGR distribution
after applying the ratio transformation to each Monte Carlo realization; therefore, it is not nec-
essarily equal to the ratio of the median LCR and median PGR.

Indicator Scenario 1 Scenario 2 Scenario 3 Deterministic

LCR (% yr−1)
1.61

[0.10–3.34]
1.61

[0.90–2.35]
1.60

[0.90–2.35]
1.60

PGR (% yr−1)
0.31

[−2.50–3.12]
0.31

[−0.96–1.57]
0.31

[−0.96–1.57]
0.31

LCRPGR
0.52

[−18.02–18.31]
1.77

[−35.62–36.01]
1.78

[−35.17–36.70]
5.19

modify the within-variable temporal structure that drives the joint behavior of (BUAt1 ,BUAt2) and(
Popt1 ,Popt2

)
, from which LCR and PGR are calculated.

For LCRPGR, Table 4.5 shows much stronger tail effects and larger departures from the determin-
istic value of 5.19 than for the component rates, with propagated medians markedly lower, namely
0.52 in S1 and approximately 1.77–1.78 in S2–S3, and wide 95% intervals across all scenarios. The
LCRPGR 95% intervals are wider under S2 and S3 than under S1. While temporal dependence
narrows the marginal uncertainty of LCR and PGR, it also concentrates PGR closer to zero. When
PGR is very small, dividing LCR by it can produce extreme positive or negative LCRPGR values,
which inflate the tail percentiles and widen the interval. Consistent with the histogram results, the
LCRPGR summaries for S2 and S3 are again very similar, indicating that moderate cross-variable
dependence (ρ = 0.5) adds little beyond the dominant effect of within-variable temporal depen-
dence (ρ = 0.8) on the marginal distribution of LCRPGR. These results reinforce that dependence
assumptions made in this hypothetical experiment matter most through their effects on uncertainty
widths and tail behavior, with the largest practical implications arising for LCRPGR rather than
for LCR and PGR considered separately.

4.4.1.5.3 Probabilistic LUE Classification of City A Figure 4.4 summarizes the probabilistic
LUE classification by assigning each Monte Carlo draw of LCR, PGR, and LCRPGR to an LUE
regime. Under full independence (S1), the most likely outcome for City A is Inefficient Built-up
Expansion under Population Decline (combined R12–R14), but it accounts for less than half of
the simulations. Instead, the probabilities are shared across several regimes: the combined R12–
R14 group has the largest share at 40.65%, followed closely by R16 (Inefficient Built-up Expansion
under Slower Population Growth) at 37.73%, and R2 (Efficient Built-up Expansion under Faster
Population Growth) at 19.83%. The remaining regimes occur only rarely, with the combined R4–R6
group accounting for 1.05%, R8 for 0.12%, and R10 for 0.62%. This wider spread in regime outcomes
is consistent with the earlier S1 distribution results, where LCR and PGR show the broadest ranges
(Figure 4.3a), allowing more draws to map to different regimes.

With within-variable temporal dependence (S2), the probabilistic classification becomes much
more concentrated. City A is most likely Inefficient Built-up Expansion under Slower Population
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Growth (R16), accounting for 64.54% of simulations, while Inefficient Built-up Expansion under Pop-
ulation Decline (combined R12–R14) remains the clear second-most-common outcome at 31.54%.
Efficient Built-up Expansion under Faster Population Growth (R2) drops to 3.91%, and the remain-
ing regimes are close to 0%. This concentration is consistent with the earlier S2 results, where the
LCR and PGR distributions are narrower than in S1 (Figure 4.3a–b).

Under S3 (temporal plus cross-variable dependence), the classification is almost unchanged from
S2. R16 remains dominant at 64.66%, followed by the combined R12–R14 group at 31.43%, with
R2 at 3.92% and all other regimes near 0%. In other words, introducing moderate cross-variable
dependence (ρ = 0.5) does not materially change the regime probabilities for City A compared
with S2. This result suggests that, in this hypothetical setup, the regime outcomes are driven
mainly by the strong temporal dependence within BUA and within Pop, while the added BUA–Pop
co-movement has only a small effect.

Figure 4.4: Probabilistic LUE regime classification results for City A under three dependence scenarios.
Panel (a) shows the Monte Carlo draws in the (LCR,PGR) plane, colored by the assigned LUE
regime. Panel (b) shows the share of simulations, in percent, assigned to each regime for each
scenario.
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4.4.1.6 Application 1 Summary

The hypothetical City A experiment shows how the proposed framework translates input data un-
certainty into distributions of LCR, PGR, and LCRPGR, as well as into probabilities across LUE
regimes. With marginal uncertainty held constant, changing only the dependence structure mainly
affects the spread of the outputs. Under full independence (S1), LCR and PGR exhibited the widest
95% intervals, and the LUE outcomes were spread across several regimes. By contrast, introducing
strong within-variable temporal dependence (S2) tightened the LCR and PGR distributions and con-
centrated the regime probabilities, with R16 and the combined R12–R14 group dominating. When
moderate cross-variable dependence was also introduced (S3; ρ = 0.5), the results remained very
similar to S2. This suggests that, for this configuration, regime assignment was influenced mainly
by within-variable temporal dependence. By comparison, additional BUA–Pop co-movement in the
uncertainty structure had only a limited effect. Across scenarios, the experiment also highlights that
LCRPGR remains the most sensitive quantity, with greater spread and heavier tails than LCR and
PGR. This reinforces the value of reporting robust distributional summaries, such as the median,
95% intervals, and regime probabilities, rather than relying only on deterministic point estimates.

These results help contextualize the City A experiment within broader concerns about the robust-
ness of SDG Indicator 11.3.1 derived from EO-based built-up and population datasets. Recent local,
regional, and global assessments have shown that LCRPGR is highly sensitive to small discrepan-
cies in its inputs, often leading to unstable or even contradictory interpretations when alternative
datasets are used (Cardenas-Ritzert et al., 2024b; Wang et al., 2020; Zhong et al., 2025a). Most
responses to this problem have emphasized robustness-oriented strategies, such as alternative indi-
cators, city-size filtering, or robust trend estimation (Zhong et al., 2025a), which address uncertainty
only indirectly through analytical design. In contrast, the present study demonstrates the value of
explicitly modeling, propagating, and interpreting uncertainty, thereby providing a more transpar-
ent and policy-relevant basis for understanding SDG Indicator 11.3.1 outputs and their implications
for sustainable urban development.

From a practical reporting perspective, these results suggest two simple takeaways. First, when
input uncertainty in BUA and Pop is known, or can be reasonably specified, it should be included in
SDG Indicator 11.3.1 calculations, since dependence assumptions, especially temporal dependence,
can change uncertainty bounds and regime probabilities. Second, because LCRPGR can exhibit
heavy-tail behavior even when LCR and PGR appear stable, decision-oriented reporting can benefit
from probability statements, such as the probability of R16 versus the combined R12–R14 group,
and interval summaries, which more clearly describe the likelihood of alternative outcomes than a
single regime label.

4.4.2 Application 2: Uncertainty-Aware SDG Indicator 11.3.1 Monitoring from
EO-Derived Built-Up Data

This application demonstrates the uncertainty propagation and probabilistic LUE classification
framework under empirical monitoring conditions. Specifically, it applies the pipeline described in
Section 4.3 to derive uncertainty in EO-derived BUA from a reference sample and then propagate
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that uncertainty through the SDG Indicator 11.3.1 calculations. Pop is treated as fixed in this imple-
mentation because uncertainty information for the census-based population inputs is not available.
The application thus illustrates a practical case of retrospective monitoring in which uncertainty
can be incorporated into EO-derived BUA, even when Pop must remain deterministic.

4.4.2.1 Study Area Description

Baguio City (Figure 4.5a) is a highly urbanized highland city in northern Luzon, Philippines. Lo-
cated on the Cordillera Central mountain range, the city serves as the principal regional service
center of the Cordillera region, supporting education, tourism, commerce, and government func-
tions (Estoque & Murayama, 2013). Its rugged terrain, with elevations ranging from 950 to 1650
m above sea level, and limited land area, approximately 57.5 km2, impose strong constraints on
urban development, making Baguio City a recurring case in remote-sensing studies of urban change
in environmentally sensitive mountain settings (Estoque & Murayama, 2011, 2012).

Recent analyses continue to document pronounced urbanization dynamics, including substantial
built-up expansion and associated environmental signals: built-up reportedly increased from about
27% to 45% of the city’s land area between 2003 and 2011 through conversions from vegetation and
other covers (Macaspac et al., 2024), while multi-sensor assessments show built-up growth concen-
trated around the urban core alongside expanding surface-thermal hotspots (Baloloy et al., 2019).
Baguio was selected for this real-world application because its combination of strong development
pressure, terrain-constrained expansion, and compact administrative area provides a demanding yet
realistic context for monitoring SDG Indicator 11.3.1, where small differences in mapped built-up
extent—and in how uncertainty is handled—can meaningfully affect LCR and LCRPGR interpre-
tation.

4.4.2.2 Temporal Scope and Built-up and Population Datasets

This application focuses on the 2010–2020 period, which is sufficiently long to capture meaningful
changes in built-up extent. Population totals for Baguio City were obtained from the Philippine
Statistics Authority (PSA) censuses, with 318,676 residents in 2010 and 366,358 in 2020.13 These
endpoints imply a PGR of 1.39% per year over the decade. In the subsequent analysis, the popula-
tion totals—and the resulting PGR—are treated as fixed, meaning that no population uncertainty
is assumed.

Built-up data were derived from the 30 m GLCLUC product, which was also included among
the EO-derived datasets examined in the Chapter 3 sensitivity analysis (Table 3.1). GLCLUC was
selected for this application because, among the discrete built-up datasets considered, it exhibited
comparatively high commission error in mapping BUA (Table 3.2). Moreover, the sensitivity anal-
ysis results in Chapter 3 showed that in several cities, the use of GLCLUC produced large upward
shifts in LCRPGR and reversed the LUE class relative to the baseline. This makes it especially

13https://psa.gov.ph/content/highlights-cordillera-administrative-region-car-population-2020-census-population-a
nd (accessed January 24, 2026).

https://psa.gov.ph/content/highlights-cordillera-administrative-region-car-population-2020-census-population-and
https://psa.gov.ph/content/highlights-cordillera-administrative-region-car-population-2020-census-population-and
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Figure 4.5: Study area and GLCLUC-derived built-up products for Baguio City: (a) location and adminis-
trative boundary, (b) built-up extent in 2010, (c) built-up extent in 2020, (d) 2010–2020 change
map, and (e) stratified reference samples overlaid on the change map. High-resolution imagery
source: Esri, Vantor.
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Table 4.6: Mapped 2010–2020 change-map strata for Baguio City based on the GLCLUC dataset, showing
pixel counts, stratum weights, and final validation sample allocation used for stratified reference
sampling.

Class Class Name Number of
Pixels

Weight
(Wi)

Number of
Samples

(ni)

1 Stable BUA 44,652 0.6917 534

2 BUA Loss 0 0.0000 0

3 BUA Gain 2,901 0.0449 100

4 Stable Non-BUA 16,999 0.2633 203

Total 64,552 1 837

suitable for demonstrating the central motivation of this chapter: that classification error in EO-
derived built-up products can substantially affect BUA estimates and, in turn, propagate into the
derived SDG Indicator 11.3.1 components. Using GLCLUC, therefore, provides an informative test
case for showing how uncertainty in built-up classification can alter not only the magnitude of LCR
and LCRPGR, but also their interpretation.

In GLCLUC, the built-up class is defined as built-up land, including man-made land surfaces
associated with infrastructure and commercial and residential land uses. Accordingly, all BUA
estimates used in this application, and the resulting LCR and LCRPGR values, are interpreted
strictly according to this GLCLUC built-up definition.

The GLCLUC rasters for the endpoint years 2010 and 2020 were downloaded from the GLAD
website.14 The rasters are provided in a geographic coordinate reference system (WGS 1984); they
were reprojected to the same Philippine Albers Equal Area projection used in the sensitivity analysis
(Section 3.3.4) and clipped to the Baguio City administrative boundary. Binary built-up/non-built-
up maps were then produced (Figure 4.5b–c), followed by a 2010–2020 change map (Figure 4.5d).
Raster statistics indicate that the clipped study area contains N = 64,552 pixels, corresponding
to approximately 58.1 km2 of ground area, which is slightly larger than the administrative area
reported in Section 4.4.2.1.

4.4.2.3 Sampling Design and Sample Size Planning

Stratified random sampling was employed in accordance with good practice guidelines (Olofsson et
al., 2014), with pixels as the sampling unit. Sampling was stratified by the 2010–2020 change-map
classes, using the mapped pixel counts and stratum weights Wi summarized in Table 4.6. Initial
allocation followed proportional allocation (ni ∝ Wi).

For this application, a target margin of error (MOE) of ±5% at the 95% level was adopted for the
BUA proportion at each epoch. A stricter target, such as ±1–2%, would require substantially larger
reference samples and would shift the emphasis of this application toward intensive reference data
collection. The ±5% target provides a practical balance; it keeps sample sizes feasible while still

14https://storage.googleapis.com/earthenginepartners-hansen/GLCLU2000-2020/v2/download.html (accessed
January 26, 2026).

https://storage.googleapis.com/earthenginepartners-hansen/GLCLU2000-2020/v2/download.html
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producing uncertainty intervals that clearly show how built-up mapping errors translate into SDG
Indicator 11.3.1 uncertainty. In area units, the MOE corresponds to 0.05× 58.1 km2 ≈ ±2.9 km2.
To link this MOE to Eqs. 4.17–4.18, the target standard error was set as Starget = MOE/1.96 =

0.05/1.96 ≈ 0.0255. The same target was applied to both B̂UAt1 and B̂UAt2 . The total sample
size n was chosen so that the epoch-level standard errors would satisfy S

(
B̂UAt1

)
< Starget and

S
(
B̂UAt2

)
< Starget when evaluated through Eqs. 4.17–4.18. For planning purposes, the covariance

terms in these equations were set to zero. Because the within-stratum agreement rate between the
map and the reference labels was not known in advance for this local case, a conservative value of
nij/ni = 0.5 was used in the planning calculations, which yields the largest possible sample size and
helps avoid underestimating n.

From these calculations, a minimum of n = 772 samples was determined. The initial proportional
allocation produced a small sample for the BUA Gain stratum (n3 = 35). Following common
good-practice recommendations for stratified accuracy assessment (Olofsson et al., 2014), this size
was increased to n3 = 100 to improve the stability of stratum-specific error estimates for this class.
The remaining samples were distributed across the other strata while keeping the design close to
proportional allocation (Table 4.6). Because the mapped change product did not contain any BUA
Loss pixels for 2010–2020, no samples were assigned to that stratum. The final reference sample
size was n = 837.

Within each stratum, sample pixels were selected at random using a spatially balanced approach to
reduce clustering and improve spatial coverage (Theobald et al., 2007). An eligibility mask ensured
that all eligible pixels within a stratum had the same chance of being selected. The selected pixels
were then converted to polygons to support reference labeling.

4.4.2.4 Reference Data and Sample Labeling

High-resolution basemap imagery from Esri World Imagery Wayback15 was used to manually label
the validation samples corresponding to 30 m GLCLUC pixels for the 2010 and 2020 epochs. The
temporally closest available Wayback imagery for the 2010 epoch was WorldView-2 (WV02) acquired
on 15 December 2009, with an approximately 0.5 m source pixel size. The closest imagery for the
2020 epoch was WV02 acquired on 31 December 2019, also with an approximately 0.5 m source
pixel size. Because the reference images precede the nominal map years by only a few weeks, the
analysis assumed that land-cover change within these short offsets was negligible at the 30 m scale
for dominant-cover labeling.

To ensure that inter-epoch misregistration in the Wayback imagery would not affect dominant-
cover labeling of 30 m sample footprints, positional agreement between the 2009 and 2019 reference
images was assessed using 13 well-distributed check points on stable, clearly interpretable features
visible in both epochs, such as major road intersections and bridge approaches. Check-point co-
ordinates were transformed to the Philippine Albers Equal Area CRS, as defined in Section 3.3.4,
and residuals were calculated as dX and dY differences between epochs. The resulting errors were

15https://livingatlas.arcgis.com/wayback/#mapCenter=120.59460%2C16.41270%2C13&mode=explore&active=64
001 (accessed January 28, 2026).

https://livingatlas.arcgis.com/wayback/#mapCenter=120.59460%2C16.41270%2C13&mode=explore&active=64001
https://livingatlas.arcgis.com/wayback/#mapCenter=120.59460%2C16.41270%2C13&mode=explore&active=64001
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RMSEX = 1.91 m and RMSEY = 1.57 m, corresponding to a horizontal RMSE2D = 2.47 m, with
a maximum residual of 4.35 m. Because these offsets were small relative to a 30 m sample footprint,
the imagery was deemed suitable for reference labeling without further geometric adjustment.

Reference labeling was carried out by overlaying the sample polygon layers on the corresponding
Wayback imagery. Labels were assigned using a dominant-cover rule consistent with the original
GLCLUC “built-up land” definition. Specifically, a sample was labeled built-up if built-up land
features, including buildings, roads, and other man-made structures, predominantly occupied the 30
m footprint. A sample was labeled non-built-up otherwise, including cases dominated by vegetation,
bare soil, water, and other non-built surfaces. Where mixed content occurred within a footprint, the
dominant-cover rule was applied to ensure consistent class assignment across samples and epochs.
Samples affected by strong shadowing, haze, partial occlusion, or boundary ambiguity were re-
examined at higher zoom using additional local context in the Wayback imagery. When the Wayback
view remained unclear, temporally close imagery in Google Earth Pro was used as a supplementary
reference to support consistent interpretation.

Because reference interpretation produced two epoch-specific labels per sample, namely built-
up/non-built-up labels for 2010 and for 2020, these paired labels were subsequently recoded into a
single reference change-class label using the same transition rules used to create the mapped change
strata: stable BUA, BUA loss, BUA gain, and stable non-BUA (Figure 4.5e).

4.4.2.5 Implementation of Error-Adjusted Area Estimation and Stratified Bootstrap
Uncertainty Propagation

The reference samples with their change-class labels were reconciled with their corresponding
mapped change classes and were then processed using the error-adjusted area estimation and strat-
ified bootstrap procedures described in Section 4.3. The full workflow, including error matrix
construction, area-adjusted estimation of change components, derivation of B̂UAt1 and B̂UAt2 ,
and replicate-wise propagation to LCR, LCRPGR, and secondary indicators, was implemented in
Python 3.10 using a stratified bootstrap with B = 5000 replicates. In all LCRPGR calculations,
a fixed value of PGR = 1.39% was used, as discussed in Section 4.4.2.2. A convergence check,
following the same approach used in Section 4.4.1.4 and based on the stability of the bootstrap
median and the 95% percentile interval across increasing B, suggested a plateau around B = 3125;
however, B = 5000 was retained as a conservative choice to ensure stable uncertainty summaries.

The bootstrap outputs yielded empirical distributions for BUA, LCR, LCRPGR, BUpC, and
TCBUA, which were summarized using the median and the 95% percentile interval. In addition,
each replicate was assigned an LUE regime following the probabilistic LUE classification procedures
described in Section 4.2.5. As in Section 4.4.1.4, outcomes falling within R4–R6 were consolidated
under Efficient Built-up Reduction under Population Growth, while those within R12–R14 were
combined as Inefficient Built-up Expansion under Population Decline; the remaining regimes were
kept distinct. The city’s reported regime was taken as the dominant, or most frequent, regime,
together with its associated membership probability. Finally, these uncertainty-aware results were
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Table 4.7: Comparison of SDG Indicator 11.3.1 metrics for Baguio City (2010–2020) under three reporting
approaches: (i) map-based pixel counting using GLCLUC mapped built-up area (treated as fixed),
(ii) error-adjusted point estimates from post-stratified area estimation based on the reference
sample, and (iii) uncertainty-aware results reported as bootstrap median and 95% percentile
interval from stratified resampling of the reference sample. BUA and derived metrics follow the
GLCLUC “built-up land” definition; population and PGR are from PSA census and treated as
fixed.

Metric
Map-based

(pixel count;
fixed BUA)

Error-adjusted point
estimate (post-

stratified)

Uncertainty-aware
(bootstrap median [95%

percentile interval])

BUA (km2), 2010 40.19 17.01
17.01

[15.35–18.74]

BUA (km2), 2020 42.80 19.61
19.60

[17.90–21.36]

TCBUA (%) 6.50 15.29
15.21

[8.26–23.15]

BUpC (m2 per
person), 2010

126.11 53.37
53.37

[48.18–58.80]

BUpC (m2 per
person), 2020

116.82 53.52
53.51

[48.87–58.31]

LCR (% yr−1) 0.65 1.53
1.52

[0.83–2.32]

PGR (% yr−1) 1.39 1.39 1.39

LCRPGR 0.47 1.10
1.09

[0.59–1.66]

LUE Regime
Efficient Built-up

Expansion under Faster
Population Growth (R2)

Inefficient Built-up
Expansion under
Slower Population

Growth (R16)

Inefficient Built-up
Expansion under
Slower Population

Growth (R16)
Dominant
Regime Share of
Simulations (%)

– – 63.08%

compared with their deterministic counterparts, calculated directly from the mapped BUA values
obtained by pixel counting in the built-up maps.

4.4.2.6 Results and Discussion

4.4.2.6.1 Conventional SDG Indicator 11.3.1 Results from Map-Based Pixel Counting
(Fixed BUA) Using the map-based pixel-counting totals from GLCLUC, BUA in Baguio City
increased from 40.19 km2 in 2010 to 42.80 km2 in 2020 (Table 4.7), corresponding to a total built-up
area increase (TCBUA) of 6.5% over the decade. Within the study area, built-up land accounted
for approximately 69% of the city’s area in 2010 and approximately 74% in 2020, indicating that
Baguio City was already highly built-up in both epochs.

4.4.2.6.2 Error-Adjusted SDG Indicator 11.3.1 Results from Post-stratified Estimation
(Full Sample) Table 4.8 summarizes the full-sample change-based error matrix and the corre-
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sponding post-stratified area-proportion matrix used to derive error-adjusted change-component
areas. Using the area proportion matrix as a basis for the accuracy assessment of the change
map (Olofsson et al., 2014), the error-adjusted overall accuracy was 54%, with strong class-to-class
differences.

Table 4.8: Error matrices for the Baguio City (2010–2020) GLCLUC built-up change map: (a) sample count
matrix nij from the full reference sample and (b) corresponding estimated area-proportion ma-
trix p̂ij from the post-stratified estimator. Rows represent mapped change strata and columns
represent reference change classes. Class codes: 1 = Stable BUA, 2 = BUA Loss, 3 = BUA Gain,
4 = Stable Non-BUA. For readability, p̂ij values are rounded to two decimal places in the table;
all subsequent area and indicator calculations used the unrounded values.

(a)

Class 1 2 3 4 Total

1 208 18 47 261 534

2 0 0 0 0 0

3 0 0 16 84 100

4 0 0 0 203 203

Total 208 18 63 548 837

(b)

Class 1 2 3 4 Total

1 0.27 0.02 0.06 0.34 0.69

2 0.00 0.00 0.00 0.00 0.00

3 0.00 0.00 0.01 0.04 0.05

4 0.00 0.00 0.00 0.26 0.26

Total 0.27 0.02 0.07 0.64 1.00

Using the error-adjusted point estimates, BUA was 17.01 km2 in 2010 and 19.61 km2 in 2020
(Table 4.7), corresponding to approximately 29% and 34% of the 58.10 km2 study area, respectively.
Relative to these error-adjusted estimates, the map-based totals overestimated BUA by about 136%
in 2010 and 118% in 2020. BUpC was substantially lower than its map-based counterpart in both
years, from about 53 m2/person in 2010 to about 54 m2/person in 2020 (Table 4.7). Moreover,
the corrected decade change was larger than suggested by pixel counting: TCBUA increased to
15.3%, yielding an LCR of 1.53% per year. With PGR fixed at 1.39% per year, the corresponding
LCRPGR became 1.10, which shifted the city’s LUE regime classification to Inefficient Built-up
Expansion under Slower Population Growth (R16).

4.4.2.6.3 Uncertainty-Aware SDG Indicator 11.3.1 Results (Bootstrap-Based) Figure 4.6
presents uncertainty-aware results as empirical distributions obtained from the stratified bootstrap.
The endpoint built-up area estimates (Figure 4.6a–b) form compact, unimodal distributions, and
these uncertainties propagate smoothly into LCR and LCRPGR (Figure 4.6c–d). The LCRPGR
distribution spans both sides of the unity threshold, indicating that the city’s regime interpreta-
tion is not fixed once built-up uncertainty is acknowledged. Consistent with this, the probabilistic
regime summary (Figure 4.6e) shows that two regimes dominate the bootstrap outcomes, with In-
efficient Built-up Expansion under Slower Population Growth (R16) occurring most often, at 63%,
and Efficient Built-up Expansion under Faster Population Growth (R2) accounting for the remaining
substantial share, at 37%.

The corresponding bootstrap summaries, namely the median and 95% percentile interval, are
reported in Table 4.7. Relative to the map-based baseline, the uncertainty-aware results remained
aligned with the error-adjusted interpretation. Bootstrapped BUA values were much lower than
pixel-counting totals, about 17 km2 in 2010 and 20 km2 in 2020; therefore, the implied growth
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Figure 4.6: Bootstrap distributions of uncertainty-aware SDG Indicator 11.3.1 inputs and outputs for Baguio
City (2010–2020): (a) error-adjusted built-up area in 2010, (b) error-adjusted built-up area in
2020, (c) LCR, (d) LCRPGR, and (e) probabilistic LUE regime membership expressed as the
share of bootstrap replicates assigned to each regime (B = 5000; PGR treated as fixed).

rate in built-up land was higher, with median LCR equal to 1.52% per year, and the resulting
LCRPGR is centered above the unity threshold, with median LCRPGR equal to 1.09. At the same
time, the uncertainty intervals indicate that LCRPGR can still fall below 1 in a sizable share of
realizations, explaining why the city does not map to a single regime deterministically. Overall,
the uncertainty-aware assessment identifies Inefficient Built-up Expansion under Slower Population
Growth (R16) as the most likely regime for Baguio City over 2010–2020, occurring in about 63%
of bootstrap replicates, while Efficient Built-up Expansion under Faster Population Growth (R2)
remains plausible in the remaining 37% (Table 4.7; Figure 4.6e).
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4.4.2.7 Application 2 Summary

Using an error-adjusted, bootstrap-based implementation of the uncertainty propagation and prob-
abilistic LUE classification framework, the Baguio City application demonstrates how interpretation
of SDG Indicator 11.3.1 can change when BUA is treated as an uncertain, error-prone input. Un-
der map-based pixel counting, Baguio City appeared highly built-up and was classified as Efficient
Built-up Expansion under Faster Population Growth. In contrast, the reference-based, error-adjusted
results indicate that the mapped built-up extent is substantially overestimated, thereby lowering
baseline BUA levels and revising the implied built-up growth signal. As a result, the corrected LCR
increased and the LCRPGR shifted above the unity threshold, changing the dominant classification
to Inefficient Built-up Expansion under Slower Population Growth.

The error matrix helps explain why the correction is large. The GLCLUC-derived change map
showed only moderate agreement with the reference data, and the weakest performance occurred
in the change component, particularly BUA Gain. In addition, the mapped Stable BUA stratum
contained a sizable share of off-diagonal entries, indicating substantial commission error relative to
the reference interpretation. These patterns are consistent with the difficulty of change mapping
at 30 m in heterogeneous urban settings, where mixed pixels and fragmented built-up features
can lead to systematic over-assignment of built-up persistence or change. Practically, this means
that pixel-counting-based change summaries from the mapped product are not reliable proxies for
reference-based area change in this case.

The uncertainty-aware results further show that the city’s regime classification is not uniquely
determined once uncertainty is acknowledged. The bootstrap distribution of LCRPGR spans both
sides of the unity threshold, leading to a split between R16 and R2 outcomes. Reporting the
dominant regime along with its membership probability, therefore, provides a more transparent
interpretation. That is, Baguio City is most likely characterized by inefficient expansion, but efficient
expansion under faster population growth remains a non-negligible possibility.

4.5 Discussion

The two applications presented in the preceding sections provide complementary evidence for eval-
uating the uncertainty propagation framework developed in this chapter. Considered together, they
show that uncertainty-aware assessment of SDG Indicator 11.3.1 is not only conceptually feasible
but also practically informative. The hypothetical City A experiment demonstrated the behavior
of the framework under controlled conditions, particularly the role of dependence assumptions in
shaping indicator distributions and tail behavior. The Baguio City application, in turn, demon-
strated that the same framework can be implemented in a real-world setting using empirical BUA
uncertainty derived from standard validation and error-adjustment procedures. Although the two
applications differ in purpose and level of realism, both point to the same central conclusion: once
uncertainty in the inputs is acknowledged and propagated, SDG Indicator 11.3.1 outputs are more
appropriately interpreted as distributions with varying levels of classification support rather than
as fixed and definitive values.
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In relation to RQ2, the results show that explicit uncertainty propagation can alter both the mag-
nitude and stability of SDG Indicator 11.3.1 components compared with deterministic approaches.
In City A, propagating uncertain inputs produced indicator distributions that often differed ma-
terially from values calculated at central inputs. In Baguio City, treating mapped BUA as fixed
led to an Efficient Expansion interpretation, while error adjustment and uncertainty propagation
shifted the dominant interpretation toward Inefficient Expansion. These findings confirm that de-
terministic monitoring can yield regime labels that are sensitive to input error structures, and that
distributional reporting is necessary to characterize result stability.

In relation to RQ3, probabilistic LUE classification improves robustness and interpretability by
expressing regime membership as likelihoods rather than as a single threshold-based label. This
approach also responds to a limitation identified in the literature review. Established interpretation
practices for LCRPGR—such as reporting LCR and PGR alongside the ratio, using sign-based
interpretation tables, and screening for extreme values (e.g., Estoque et al., 2021; Calka et al.,
2022; Cimini et al., 2023)—are primarily deterministic strategies for making ratio-based outcomes
more interpretable. While useful, such approaches do not quantify how uncertainty in BUA and
Pop propagates into regime assignment. The framework developed in this chapter extends these
practices by representing LUE classes probabilistically, thereby conveying not only the dominant
regime but also the degree of support for that regime under propagated uncertainty. The City A
experiment showed how regime probabilities provide a direct measure of classification sensitivity
under competing dependence scenarios. In the Baguio application, regime probabilities indicate that
the city does not map uniquely to a single regime when BUA uncertainty is acknowledged; instead,
a dominant regime emerges alongside quantified probabilities for alternative regimes. Reporting the
dominant regime along with its membership probability, therefore, offers a transparent summary
that supports comparability across cities and avoids overconfident conclusions in borderline cases.

From a practical perspective, the chapter offers several reporting takeaways for monitoring SDG
Indicator 11.3.1 under uncertain inputs. First, pixel-counting map totals should be treated as de-
scriptive statistics; when EO-derived built-up products are used, reference-based error adjustment is
needed to obtain defensible area estimates. Second, uncertainty should be propagated to indicator
outputs whenever possible, especially for ratio-based quantities such as LCRPGR, which can be
amplified by input errors. Third, to enable routine uncertainty-aware use of EO products, dataset
producers should provide validation information in a form that supports design-based inference. At
minimum, this includes sampling design and stratum definitions, sample sizes by stratum, and the
full confusion/error matrix, ideally with area weights or mapped stratum areas. Providing these
elements would allow users to quantify class-area uncertainty transparently and propagate it to
SDG metrics using the framework developed in this chapter, rather than relying on pixel count-
ing or on accuracy summaries that are insufficient for uncertainty propagation. Finally, results
are best communicated using a combined reporting template: point summaries, such as the me-
dian; uncertainty intervals, such as 95% percentile intervals; and probabilistic regime membership.
This format retains compatibility with the SDG Indicator 11.3.1 regime taxonomy while adding an
explicit measure of confidence.
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4.6 Limitations and Further Work

Several limitations should be noted. The uncertainty quantified here is primarily driven by the
assumed uncertainty representations for the hypothetical scenarios and by the stratified bootstrap
sampling variability for the Baguio City application. Additional sources, such as temporal mismatch
between map years and reference imagery, interpreter uncertainty in mixed pixels, and spatial
dependence, were minimized through careful design. However, these sources were not explicitly
modeled and could further affect the uncertainty intervals. A further limitation in the real-world
application arises from the spatial resolution of the mapping and reference framework. Because
the reference samples correspond to 30 m × 30 m pixels and were assigned labels based on the
dominant class, the estimated built-up areas may also be affected by within-pixel heterogeneity.
In mixed urban pixels, this can introduce an additional source of uncertainty that is not captured
by the bootstrap, which primarily reflects sampling variability under the adopted labeling scheme.
Moreover, all interpretations remain conditional on the adopted built-up definition of the input
datasets, reinforcing the importance of clear definitional alignment when comparing results across
products or studies.

An additional limitation is that Pop uncertainty was not quantified in the real-world application
due to insufficient information to construct the corresponding uncertainty distributions. Accord-
ingly, the Baguio City results should be interpreted as demonstrating the practical applicability of
the framework under incomplete uncertainty information, rather than as a fully joint uncertainty
assessment of SDG Indicator 11.3.1.

For further work, a priority is to extend the framework to real-world settings that incorporate Pop
uncertainty, enabling BUA and Pop to be propagated jointly. For census counts, the most direct ba-
sis is a post-enumeration survey or other official census coverage assessment. Such data can provide
information on undercount, overcount, or net coverage error and can therefore be used to define un-
certainty in the reported population totals. For survey-based population estimates, uncertainty may
be incorporated using the standard errors or published margins of error released with the estimates.
For example, estimates from the American Community Survey (ACS) are accompanied by 90%
confidence-level margins of error based on survey variance estimation (US Census Bureau, 2024).
For model-based gridded population products, uncertainty can be incorporated directly when the
modeling framework provides probabilistic outputs. This may take the form of posterior samples,
predictive intervals, or simulation-based uncertainty propagation. For example, recent LandScan
HD / LandScan Mosaic work quantifies uncertainty in building use classification, floor counts, and
occupancy rates and propagates these through Monte Carlo simulation to produce population-count
distributions and associated confidence measures (Adams et al., 2025). By contrast, uncertainty
handling remains limited or inconsistently reported across many dasymetric population-mapping
workflows and gridded products (Nagle et al., 2014; Leyk et al., 2019). In such cases, a practical
alternative is to compare aggregated population estimates against reference data for validation units
and use the resulting residual errors to build empirical or bootstrap-based uncertainty distributions.
Where a predictive recalibration model is developed, uncertainty may also be quantified through
methods such as quantile regression and conformal prediction, which provide interval estimates
(Romano et al., 2019; Angelopoulos & Bates, 2021). If suitable population uncertainty information
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is available through any of these routes, the same framework can incorporate it directly by treating
Pop at t1 and t2 as uncertain inputs and propagating them jointly with BUA.

A second direction is to move from the present partial real-world implementation toward fully em-
pirical joint uncertainty propagation in operational SDG Indicator 11.3.1 applications. This would
involve not only incorporating uncertainty in both BUA and Pop, but also examining how alterna-
tive within-variable and cross-variable dependence structures affect empirical indicator distributions
and regime probabilities in real monitoring contexts. Such work would help determine whether the
sensitivity to dependence assumptions observed in the controlled City A experiment also emerges
systematically in applied settings. This direction is pursued in part in Chapter 5, although in a
forecasting rather than a retrospective monitoring setting.

A third direction is to broaden the treatment of uncertainty sources beyond those represented
here. While the current framework captures sampling-based uncertainty and illustrates dependence
effects, future work could explicitly model additional components such as spatial autocorrelation,
temporal misalignment between EO products and reference data, interpreter disagreement in am-
biguous or mixed land-cover situations, and uncertainty introduced by dominant-class labeling of
coarse pixels in spatially heterogeneous settings. Incorporating these effects would support a more
comprehensive representation of the uncertainty budget for SDG Indicator 11.3.1 estimates.

4.7 Chapter Conclusion

This chapter developed and demonstrated an uncertainty-aware formulation of SDG Indicator 11.3.1
in which BUA and Pop are treated as uncertain inputs. Building on the deterministic sensitivity
baseline in Chapter 3, the chapter showed how uncertainty in these inputs can be represented and
propagated through the SDG Indicator 11.3.1 transformations to obtain empirical distributions
of LCR, PGR, and LCRPGR, thereby enabling probabilistic LUE classification. Through the
controlled City A experiment and the empirical Baguio City application, the chapter further showed
that uncertainty propagation can materially affect indicator magnitudes, widen or reshape their
distributions depending on dependence assumptions, and alter the dominant LUE interpretation
relative to deterministic results. By shifting from point estimates to distributions, the chapter
provides a coherent basis for quantifying how input uncertainty, nonlinear transformations, and
dependence structures affect both indicator values and their interpretability.

Overall, Chapter 4 demonstrates that uncertainty-aware SDG Indicator 11.3.1 monitoring is both
conceptually straightforward and operationally implementable. By turning uncertain inputs into
probability distributions of LCR, PGR, and LCRPGR, and by translating these into probabilistic
LUE regime classifications—the chapter moves beyond deterministic interpretation aids toward an
explicitly uncertainty-aware basis for LUE assessment. The empirical application also showed that
practical implementation may remain partial when uncertainty information is available for only some
inputs, particularly BUA, but not Pop. Even under this constraint, however, the framework yielded
more informative and transparent outputs than conventional deterministic reporting. In this way,
the chapter establishes the methodological foundation for the uncertainty-aware forecasting and
forward-looking LUE analyses developed in Chapter 5.
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5 Data-Driven, Uncertainty-Aware Deep Learning
Forecasting of Built-Up Area and Population for
Forward-Looking Probabilistic Assessment of LUE16

5.1 Chapter Overview

This chapter develops and evaluates a data-driven, uncertainty-aware forecasting workflow for BUA
and Pop, and links the resulting predictive uncertainty to forward-looking, probabilistic LUE as-
sessment. Whereas the preceding chapters examined the sensitivity and uncertainty propagation of
SDG Indicator 11.3.1 under historical conditions, the focus here shifts to prospective assessment.
Future BUA and Pop are treated as uncertain quantities predicted from EO-derived time series
and then propagated through the indicator transformations. The resulting predictive distributions
are translated into probabilistic LUE assessments and regime probabilities for future intervals using
the uncertainty propagation and probabilistic classification framework established in Chapter 4. In
doing so, the chapter directly addresses the fourth research question:

• RQ4. To what extent can data-driven, uncertainty-aware forecasting models accurately and re-
liably predict built-up area and population time series across diverse localities, while producing
predictive uncertainty that enables subsequent SDG Indicator 11.3.1–based LUE assessments
to be well-calibrated and decision-relevant?

In contrast to scenario-based or process-driven projection approaches, the workflow developed
here relies on empirical EO-derived time series and supervised deep learning (DL) to learn temporal
dynamics directly from observed data. Forecasting is formulated as a probabilistic sequence-learning
problem. Thus, the objective is not only to generate accurate point forecasts of future BUA and
Pop, but also to quantify the uncertainty surrounding those forecasts through prediction intervals.
These uncertainty-aware forecast outputs are then propagated into future LCR, PGR, and LCRPGR
outcomes.

The chapter pursues six objectives, all implemented and evaluated through a global-scale appli-
cation to 8,478 urban centers (UCs) worldwide. First, it formalizes joint BUA–Pop forecasting as a
pooled time-series learning task that enables shared representation learning across diverse localities
while retaining locality-specific temporal structure. Second, it evaluates multiple DL architectures

16This chapter builds upon and substantially extends the author’s earlier published work in Santillan et al. (2026), A
deep learning framework for forecasting built-up area and population to support land use efficiency projections under
SDG 11.3.1. ISPRS Annals of the Photogrammetry, Remote Sensing and Spatial Information Sciences, 10, 385–
392, https://doi.org/10.5194/isprs-annals-X-5-W4-2025-385-2026 , by expanding the methodological formulation,
analyses, and dissertation-specific interpretation.

https://doi.org/10.5194/isprs-annals-X-5-W4-2025-385-2026
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for joint-target forecasting to assess their ability to model coupled land and demographic trajecto-
ries accurately and coherently. Third, it implements deep ensemble–based probabilistic forecasting
to quantify predictive uncertainty with minimal distributional assumptions. Fourth, it benchmarks
the proposed global DL models against a classical exponential smoothing baseline to assess the
added value of cross-city learning and modern sequence modeling relative to conventional univari-
ate approaches. Fifth, it examines how forecast uncertainty propagates into future components of
SDG Indicator 11.3.1 and probabilistic LUE outcomes. Finally, it demonstrates the application of
the uncertainty-aware forecasting workflow to forward-looking SDG Indicator 11.3.1 forecasting for
the 2025–2030 period across the global UC dataset.

To clarify the scope of this forecasting analysis, forecasting is carried out conditionally on the avail-
able historical BUA–Pop sequences, with the input segment treated as fixed. Under this assumption,
the predictive distributions describe uncertainty in future BUA and Pop given the observed histor-
ical values. Uncertainty in the historical inputs themselves, such as measurement, definition, or
source-data errors, is not explicitly accounted for in the forecasting stage. This choice is made to
keep the forecasting analysis focused and to allow a fair comparison of alternative forecasting models
using the same input data. It is also consistent with the broader thesis framework, which examines
input uncertainty separately. It can later be combined with forecasting uncertainty, as needed, to
propagate full uncertainty into the forward-looking assessment of SDG Indicator 11.3.1.

5.2 Related Work

Section 2.2.5 reviewed existing extensions of SDG Indicator 11.3.1 toward forward-looking assess-
ment and showed that many forecasting efforts rely on scenario-based projections or process-driven
simulations. These approaches typically employ Shared Socioeconomic Pathway (SSP) scenarios,
statistical downscaling frameworks, CA–Markov models, or optimization-based land-use simula-
tions to generate future trajectories of built-up area and population. Such methods are widely used
for exploratory planning and policy evaluation under alternative development narratives, and they
commonly operationalize future trajectories through scenario assumptions or model-based simula-
tions.

Beyond the SDG Indicator 11.3.1 context, spatial urban growth forecasting has long employed
models such as CA (e.g., Al-shalabi et al., 2013; Liu et al., 2017; Santé et al., 2010), agent-based
models (ABMs) (e.g., Jokar Arsanjani et al., 2013; Li & Liu, 2007), and various machine learning
and deep learning frameworks (e.g., Gómez et al., 2019; Kim et al., 2022; Robi & George, 2025;
Yaagoubi et al., 2024). These models are often powerful tools for simulating where growth may
occur, but they pose important limitations for the temporal forecasting problem central to SDG
Indicator 11.3.1. Their calibration commonly demands extensive, region-specific data and intensive
parameter tuning, making large-scale generalization difficult (Li & Liu, 2007; Liu et al., 2017;
Santé et al., 2010; Xu et al., 2019; Yaagoubi et al., 2024). More fundamentally, their primary
objective is spatial allocation (i.e., predicting the location of new urban areas) rather than learning
how aggregate urban metrics evolve. For SDG Indicator 11.3.1, however, the required inputs are
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aggregated quantities—BUA and Pop—whose future trajectories must be forecast coherently to
support prospective calculation of LCR, PGR, and LCRPGR.

To model changes in aggregate indicators such as BUA and Pop over time, a time-series forecasting
approach is more appropriate. Time series forecasting methods are either univariate, relying on past
values of a single variable, or multivariate, which capture dependencies among variables (Benidis
et al., 2023; Mendis et al., 2024). Joint forecasting of BUA and Pop falls into this latter category
because the two processes are coupled through shared socio-economic and spatial drivers (Schiavina
et al., 2022a).

Univariate statistical techniques such as exponential smoothing and autoregressive integrated
moving-average (ARIMA) models have long been used in urban time series forecasting due to their
simplicity, interpretability, and modest data requirements (Hyndman & Athanasopoulos, 2018; Os-
tertagová & Ostertag, 2012). However, these univariate approaches typically treat each time series
independently, limiting their ability to exploit shared temporal dynamics across multiple time series.
They also rely on predefined functional forms and assumptions of linearity and stationarity, which
restrict their capacity to represent complex, nonlinear growth patterns (Arumugam & Natarajan,
2023; Kim et al., 2025). Conventional machine learning models such as gradient-boosted trees
(e.g., XGBoost, LightGBM, CatBoost) can partially address these limitations by capturing nonlin-
ear relationships without strict parametric assumptions (Hall & Rasheed, 2025; Kim et al., 2025).
Nonetheless, these machine learning models are not inherently designed to learn temporal depen-
dencies and therefore typically require substantial feature engineering (e.g., lag variables, moving
averages, and exogenous predictors) to represent time-related structure (Hall & Rasheed, 2025).

These limitations of both statistical and conventional machine learning approaches are partic-
ularly consequential for SDG Indicator 11.3.1 forecasting, which often relies on EO-derived time
series for BUA and on gridded or census-based Pop inputs that may be infrequent, short, and of
uneven quality. In addition, the forecasting task must generalize across thousands of UCs world-
wide, many of which exhibit heterogeneous growth regimes and limited time-series length. These
constraints reduce the feasibility of city-specific parameterization and extensive covariate engineer-
ing, underscoring the need for scalable, data-driven forecasting workflows that enable models to
learn directly from EO time-series data and support coherent joint prediction of BUA and Pop for
forward-looking SDG Indicator 11.3.1 assessment.

Recent advances in DL–based time-series forecasting offer a promising path forward. Architectures
such as one-dimensional convolutional networks (1D CNNs) (Bai et al., 2018), recurrent neural net-
works including Long Short-Term Memory (LSTM) (Hochreiter & Schmidhuber, 1997) and Gated
Recurrent Units (GRU) (Cho et al., 2014), and Transformer-based models (Vaswani et al., 2017) can
learn nonlinear temporal dependencies and extract shared representations from large collections of
related time series. Graph Neural Networks (GNNs) enable forecasting in spatiotemporal contexts
by learning temporal evolution alongside spatial dependencies among interconnected locations (Jin
et al., 2024b). These models have achieved strong performance across diverse forecasting domains,
including energy, finance, health, and mobility (Lara-Benítez et al., 2021; Benidis et al., 2023; Li &
Law, 2024; Song et al., 2025; Kim et al., 2025). However, in urban growth forecasting, applications
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of DL models are comparatively limited and have often focused on population prediction (e.g., Geiß
et al., 2023; Grossman et al., 2023; Alghanmi et al., 2024; Budsaba et al., 2025).

A further methodological development, especially relevant for SDG Indicator 11.3.1, is the emer-
gence of global forecasting paradigms, in which a single model is trained across a collection of related
time series rather than fitting separate models for each series (Rabanser et al., 2020; Montero-Manso
& Hyndman, 2021). Global DL models, in particular, can leverage pooled training across many
series to learn shared temporal representations that improve generalization, while still allowing
series-specific variability through learned latent structure and/or covariate conditioning (Salinas et
al., 2020; Semenoglou et al., 2021; Lim et al., 2021).

Finally, the SDG Indicator 11.3.1 context emphasizes not only predictive accuracy but also un-
certainty quantification. As established in the preceding chapters, LCRPGR is highly sensitive to
small fluctuations in its components, such that point forecasts alone provide insufficient support for
risk-aware interpretation of future outcomes. Probabilistic forecasting methods that yield predictive
distributions or calibrated prediction intervals are, therefore, necessary to enable formal uncertainty
propagation into future SDG Indicator 11.3.1 calculations. This requirement can be supported by
DL models, which can be designed or adapted to produce distributional outputs in several ways.
One approach is likelihood-based distributional regression, where the DL model predicts the param-
eters of a chosen probability distribution for the target (e.g., the mean and variance of a Gaussian)
and is trained by minimizing the negative log-likelihood (Salinas et al., 2020). Another approach is
direct quantile prediction, where the model is trained to output specific quantiles of the target dis-
tribution (e.g., the 5th, 50th, and 95th percentiles) conditional on the input features. This approach
provides prediction intervals directly from the estimated quantiles and does not require assuming
a particular parametric likelihood or distributional form for the forecast errors (Lim et al., 2021).
Additional widely used strategies include Monte Carlo dropout and deep ensembles. Monte Carlo
dropout uses the network’s dropout layers to estimate uncertainty by keeping dropout active during
inference. Each forward pass randomly deactivates different neurons, producing a slightly different
sub-network and a different output. Repeating this multiple times yields a set of predictions whose
spread provides an empirical measure of predictive uncertainty (Gal & Ghahramani, 2016; Kum-
maraka & Srisuradetchai, 2025). Deep ensembles, in contrast, train multiple models independently
(e.g., with different random initializations and data shuffles) and quantify uncertainty through the
diversity of their predictions; aggregating across ensemble members yields a robust predictive dis-
tribution that often improves both accuracy and uncertainty estimation (Lakshminarayanan et al.,
2017; Sakib et al., 2025).

Despite these developments, forward-looking extensions of SDG Indicator 11.3.1 remain limited
in two respects: first, many approaches do not prioritize direct forecasting of the aggregate inputs
required by the indicator; and second, uncertainty is rarely quantified in a form that can be formally
propagated into LCR, PGR, and LCRPGR for probabilistic interpretation. Moreover, existing ap-
plications of DL forecasting in urban studies have often focused on single targets (e.g., population)
rather than coherent joint modeling of land–population dynamics. It remains unclear whether joint-
target DL architectures can leverage coupled land–population processes to improve both forecast
accuracy and cross-variable coherence, particularly in large-scale settings where thousands of UCs
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must be modeled consistently. Such coherence is critical because inconsistencies between indepen-
dently forecast trajectories can propagate through indicator transformations, leading to unstable or
misleading LUE interpretations.

Building on advances in probabilistic DL time-series forecasting and global modeling, particularly
quantile-based prediction and ensemble-based uncertainty estimation, this chapter develops and
evaluates an uncertainty-aware, data-driven forecasting workflow for joint BUA–Pop prediction
across diverse localities. Multiple DL architectures are compared within this workflow. The resulting
distributional outputs are explicitly designed for downstream propagation using the uncertainty-
propagation and probabilistic LUE classification framework developed in Chapter 4.

5.3 Methods

5.3.1 Overview

The uncertainty-aware, data-driven forecasting workflow for joint BUA–Pop prediction is formulated
as a global time-series learning approach trained across a large and diverse set of localities for which
historical BUA and Pop time series are available. Instead of fitting separate locality-specific models,
a single forecasting model is learned from the pooled collection of BUA–Pop trajectories, enabling
shared representation learning of temporal growth dynamics while accommodating heterogeneity
across localities. The workflow is designed to integrate directly with the uncertainty propaga-
tion and probabilistic LUE classification framework established in Chapter 4. The methodological
contribution lies in the specification of forward-looking input uncertainty, in which predictive dis-
tributions of BUA and Pop at future epochs are generated by the global forecasting model. These
distributional forecasts are then treated as uncertain inputs for SDG Indicator 11.3.1 calculations,
enabling prospective distributions of LCR, PGR, and LCRPGR, as well as probabilistic LUE regime
outcomes under forecast uncertainty.

5.3.2 Notation and Data Representation for Multiple Localities

Following Benidis et al. (2023), matrices, vectors, and scalars are denoted by bold uppercase (e.g.,
Z), bold lowercase (e.g., z), and italic symbols (e.g., z), respectively. Calligraphic symbols denote
sets/collections (e.g., Z, X ).

Let i ∈ {1, . . . , N} index localities and let t ∈ {1, . . . , T} index time on a harmonized temporal
grid. The dataset comprising multiple localities is represented as a set of locality time series Z =

{zi,1:Ti}
N
i=1, with associated covariates X = {Xi,1:Ti}

N
i=1.

For each locality i, the observed state of BUA and Pop at time t is represented as a paired target
vector

zi,t = (BUAi,t, Popi,t) ∈ R2, (5.1)

yielding a multivariate time series [zi,1, . . . , zi,T ] per locality. These values are consolidated into the
locality sequence matrix Zi,1:T ∈ RT×2, which stacks the target vectors as rows over the temporal
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grid. Optional covariates are denoted by xi,t ∈ Rdx and are similarly stacked to form the covariate
matrix Xi,1:T ∈ RT×dx , which may include time-varying inputs and static locality attributes.

5.3.3 Forecasting Problem Formulation

The general object of interest in probabilistic forecasting is the conditional distribution of future
values over a horizon length h, conditioned on the observed history and available covariates (Benidis
et al., 2023). Using the set-based notation of Section 5.3.2, this objective can be expressed as

p (Zt+1:t+h | Z1:t,Xt+1:t+h;θ) , (5.2)

where Zt1:t2 denotes the values of all N locality series over the time slice [t1, t2], and θ denotes
the parameters that specify the predictive distribution, i.e., the parameters of the probabilistic
model (Benidis et al., 2023). In the present setting, each series is multivariate because zi,t ∈ R2

represents the paired evolution of BUA and Pop. It follows that the conditional distribution in
Eq. 5.2 characterizes joint future trajectories of both quantities.

For locality-level forecasting, Eq. 5.2 can be written equivalently for each locality i as

p (Zi,t+1:t+h | Zi,1:t,Xi,t+1:t+h;θi,t) , i = 1, . . . , N, (5.3)

where Zi,t1:t2 ∈ R(t2−t1+1)×2 denotes the paired BUA–Pop target slice for locality i over [t1, t2], and
θi,t denotes the predictive-distribution parameters for locality i at forecast origin t.

A global modeling strategy is adopted by learning a shared set of model parameters, Φ, from a
pooled collection of locality histories. In the formulation of Benidis et al. (2023), the predictive-
distribution parameters are produced by a shared mapping

θi,t = Ψ(Zi,1:t,Xi,t+1:t+h;Φ) , (5.4)

where Ψ(·) denotes the global forecasting model and Φ denotes its learnable parameters. This
global multivariate formulation supports joint BUA–Pop forecasting across diverse localities within
a single model, while producing predictive distributions that serve as uncertainty-bearing inputs for
forward-looking assessments of SDG Indicator 11.3.1.

5.3.4 Global Joint-Target Sequence-to-Sequence Learning Setup

To operationalize the probabilistic objective in Eqs. 5.2–5.4 as a supervised learning task, Ψ(·) is
implemented in a sequence-to-sequence setting with a fixed historical context length L and forecast
horizon H. For each locality i and each eligible forecast origin t, an input segment is defined by the
most recent L observations,

Zin
i,t = Zi,t−L+1:t ∈ RL×2, (5.5)

and the corresponding output target segment is defined as the subsequent H steps,

Zout
i,t = Zi,t+1:t+H ∈ RH×2. (5.6)
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Optionally, covariates are aligned to these segments using the analogous slices Xi,t−L+1:t for the
historical context and, where required by the forecasting formulation, Xi,t+1:t+H for the forecast
horizon.

A global joint-target model with learnable parameters Φ is trained to map the input segment,
and optionally the aligned covariates, to the parameters of the predictive distribution of the future
segment:

θi,t = Ψ
(
Zin
i,t,Xi,t−L+1:t+H ;Φ

)
, (5.7)

thereby defining the conditional distribution p
(
Zout
i,t | Zin

i,t,Xi,t−L+1:t+H ;θi,t

)
. Training examples

are created by sliding the (L → H) window along each locality’s time series and repeating the same
procedure for every locality. All resulting input–output pairs are then combined into one training
dataset, and a single global model is learned from this pooled set. In this way, the model learns
patterns that recur across many localities while still using each locality’s historical sequence to
produce its forecasts, with BUA and Pop jointly predicted under the same objective.

5.3.5 Probabilistic Forecasting via Quantiles

To enable probabilistic forecasting without imposing a specific parametric distributional form, the
global model Ψ(·) is formulated to predict conditional quantiles of the future multi-horizon joint
BUA–Pop sequence (Wen et al., 2017; Wang et al., 2019).

Let Q = {q1, . . . , qM} ⊂ (0, 1) denote a prespecified set of quantile levels, e.g., q ∈ {0.025, 0.5, 0.975},
which corresponds to the median and the 95% prediction intervals, and let the future segment for
locality i at forecast origin t be Zout

i,t ∈ RH×2, with horizon index h ∈ {1, . . . ,H}. Conditioned on
the historical windows Zin

i,t and aligned covariates Xin
i,t, the model outputs a set of quantile forecasts

for each horizon step and each target variable, i.e.,

θ(i,t) =
{
ẑ
(q)
i,t+h,v : q ∈ Q, h = 1, . . . ,H, v ∈ {BUA,Pop}

}
= Ψ

(
Zin
i,t,X

in
i,t;Φ

)
, (5.8)

where ẑ
(q)
i,t+h,v is the model-predicted q-quantile of variable v at horizon h. This formulation yields

a nonparametric characterization of predictive uncertainty for both targets, directly supporting
interval forecasts and probability statements derived from the predicted quantiles (Wen et al., 2017;
Wang et al., 2019; Lim et al., 2021).

5.3.6 Deep Learning Architectures for Global Joint BUA–Pop Forecasting

The global model Ψ(·) is instantiated using several DL architectures that share the same sequence-
to-sequence forecasting principle but differ in how temporal dependence is represented. In all cases,
the model learns a nonlinear mapping from a historical input window, and optional covariates, to a
latent representation that summarizes salient temporal structure, and a forecasting head maps this
representation to the parameters of the predictive distribution for the future segment. Architectures
considered include 1D CNNs, recurrent models (LSTM and GRU), hybrid models (1D CNN+LSTM
and 1D CNN+GRU), and Transformer-based models. Each architecture maps the historical input
segment Zin

i,t to a shared latent representation, which is then used to parameterize the predictive
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distribution for the future segment Zout
i,t . Multiple architectures are considered to test how different

temporal representation mechanisms affect the model’s ability to learn shared BUA–Pop dynamics
from the pooled set of locality time series under a single global learning formulation.

Each architecture is described in the following subsections. To ensure consistency with the global
forecasting formulation introduced earlier, the original equations from the respective sources are
re-expressed using the notation adopted in this chapter. While the overarching notation for the
global model is retained, architecture-specific recursions are written using a within-window index
τ ∈ {t − L + 1, . . . , t}. For locality i, the input window Zin

i,t = Zi,t−L+1:t ∈ RL×2 consists of the
sequence of paired vectors zi,τ =

(
BUAi,τ ,Popi,τ

)
. Hidden states are denoted hi,τ . This additional

notation is used only to define the temporal representation mechanism. All architectures implement
the same mapping from Zin

i,t, and aligned covariates, to predictive-distribution parameters θi,t.

5.3.6.1 1D CNN

A 1D CNN (one-dimensional convolutional neural network) models sequential data by applying
learnable filters along the temporal dimension to extract local temporal patterns and short-range
dependencies. In forecasting applications, these temporal convolutions are typically implemented as
1D convolutional (Conv1D) layers. They are often organized into temporal convolutional networks
(TCNs), which incorporate design choices such as causal and dilated convolutions, often with resid-
ual blocks, to preserve temporal order and expand the receptive field for sequence modeling (Bai et
al., 2018). Each filter performs a weighted aggregation over a fixed-length window of past obser-
vations, producing a sequence of latent feature vectors that can highlight temporal structures such
as rapid changes, periodicities, or gradual transitions. In its simplest form, a temporal convolution
layer (Conv1D) calculates a feature vector at position τ as a weighted sum over a local window of
length k,

hi,τ = ϕ

(
k−1∑
r=0

Wrzi,τ−r + b

)
, (5.9)

where r is the kernel offset, or lag index, Wr are learnable filter weights, b is a bias term, and
ϕ(·) is an element-wise nonlinear activation function. A 1D CNN forecasting model is then formed
by stacking such layers, optionally with dilation or residual connections, to produce a sequence of
latent features, which is subsequently mapped—via a decoder or output head—to the predictive-
distribution parameters θi,t for the joint BUA–Pop outputs Zout

i,t . Stacking multiple convolutional
layers increases the abstraction of temporal representations and enables the extraction of both
fine-scale and coarse-scale variations in the input sequence (Bai et al., 2018; Cacciari & Ranfagni,
2024).

The temporal sensitivity of 1D CNN models is controlled by architectural parameters such as ker-
nel size, stride, and dilation. Kernel size determines the temporal span processed at each position,
while stride controls the step size with which the filter moves along the sequence. Dilation enlarges
the receptive field by spacing filter applications, allowing the model to capture longer-range depen-
dencies without increasing the number of parameters (Cacciari & Ranfagni, 2024; Yu & Koltun,
2015). For sequence forecasting, causal convolutions, commonly implemented via causal padding,
preserve temporal order by ensuring that each output depends only on current and past inputs,
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thereby preventing information from future time steps from entering the representation (Bai et al.,
2018).

5.3.6.2 LSTM

LSTM (Long Short-Term Memory) is a type of recurrent neural network (RNN) designed to cap-
ture long-term temporal dependencies in sequential data (Hochreiter & Schmidhuber, 1997). Unlike
conventional RNNs, which suffer from vanishing or exploding gradients when trained on long se-
quences, LSTMs introduce a gated memory architecture that regulates how information is stored,
updated, and retrieved across time steps (Gers et al., 2000; Goodfellow et al., 2016).

An LSTM unit maintains (i) a cell state ci,τ that acts as persistent memory and (ii) a hidden
state hi,τ that serves as the output representation at within-window position τ . Three multiplicative
gates control information flow: the input gate, how much new information is written; the forget
gate, how much prior memory is retained; and the output gate, how much memory is exposed as
output. These mechanisms allow the model to preserve context over long temporal spans while
dynamically adjusting to new patterns (Hochreiter & Schmidhuber, 1997; Gers et al., 2000; Krichen
& Mihoub, 2025).

Using the within-window index τ and the joint input vector zi,τ , the LSTM update equations are
(Hochreiter & Schmidhuber, 1997; Gers et al., 2000)17:

fi,τ = σ (Wfzi,τ +Ufhi,τ−1 + bf ) , (5.10)

gi,τ = σ (Wgzi,τ +Ughi,τ−1 + bg) , (5.11)

c̃i,τ = tanh (Wczi,τ +Uchi,τ−1 + bc) , (5.12)

ci,τ = fi,τ ⊙ ci,τ−1 + gi,τ ⊙ c̃i,τ , (5.13)

oi,τ = σ (Wozi,τ +Uohi,τ−1 + bo) , (5.14)

hi,τ = oi,τ ⊙ tanh (ci,τ ) , (5.15)

where fi,τ , gi,τ , and oi,τ are the forget, input, and output gate vectors, respectively, with each gate
belonging to (0, 1)dh . The quantities c̃i,τ , ci,τ , and hi,τ denote the candidate cell state, current cell
state, and hidden state, respectively, and each belongs to Rdh . The functions σ(·) and tanh(·) are
the sigmoid and hyperbolic tangent nonlinear activation functions, respectively. The operator ⊙
denotes the Hadamard product, i.e., element-wise multiplication. Subscripts f , g, o, and c denote
gate-specific parameter sets for the forget, input, output, and candidate states.

An LSTM forecasting model is formed by unrolling this recurrence over the input window Zin
i,t =

Zi,t−L+1:t, thereby producing a sequence of hidden states {hi,τ} that encodes progressively richer
summaries of the joint BUA–Pop history. The final hidden state, or an aggregation over hid-
den states, provides a fixed-dimensional latent representation of the input segment, which is then

17To avoid notational conflict with the locality index i, the input gate is denoted gi,τ rather than ii,τ .
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mapped—via a decoder or output head—to the predictive-distribution parameters θi,t for the future
segment Zout

i,t under the global sequence-to-sequence formulation.

5.3.6.3 GRU

GRU (Gated Recurrent Unit) is an RNN architecture introduced by Cho et al. (2014) as a simplified
alternative to the LSTM network for modeling sequential dependencies. Like LSTM, the GRU is
designed to mitigate the vanishing-gradient problem that limits standard RNNs when learning long-
range temporal relationships. However, the GRU achieves this goal with a more compact structure
that merges the memory cell and hidden state into a single representation and replaces the three-
gate system of the LSTM, namely input, forget, and output gates, with only two gates: the update
gate and the reset gate (Cho et al., 2014; Chung et al., 2014).

The update gate controls how much of the previous hidden state is carried forward to the next
time step, thereby governing long-term information retention. The reset gate determines how much
past information is forgotten when integrating new input, allowing the network to adapt quickly to
changing patterns. This gating mechanism enables the GRU to balance memory persistence and
adaptability while using fewer parameters than an equivalent LSTM, resulting in faster training
and reduced risk of overfitting on small or medium-sized datasets (Chung et al., 2014; Lara-Benítez
et al., 2021).

The GRU calculates the reset and update gates as

ri,τ = σ (Wrzi,τ +Urhi,τ−1 + br) , (5.16)

ui,τ = σ (Wuzi,τ +Uuhi,τ−1 + bu) , (5.17)

and forms a candidate hidden state as

h̃i,τ = tanh (Whzi,τ +Uh (ri,τ ⊙ hi,τ−1) + bh) . (5.18)

The updated hidden state is then obtained by interpolating between the previous hidden state and
the candidate state,

hi,τ = (1− ui,τ )⊙ hi,τ−1 + ui,τ ⊙ h̃i,τ . (5.19)

In the above formulations, ri,τ ∈ (0, 1)dh is the reset gate, ui,τ ∈ (0, 1)dh is the update gate, σ(·)
is the logistic sigmoid, tanh(·) is the hyperbolic tangent, and ⊙ denotes element-wise multiplication
(Cho et al., 2014; Chung et al., 2014).

Following the same sequence-to-sequence construction described for the LSTM architecture, the
GRU recurrence in Eq. 5.19 is applied step-by-step across the historical input window to produce a
latent representation that summarizes the joint BUA–Pop history. The shared forecasting head then
maps this representation to the predictive-distribution parameters for the future joint BUA–Pop
outputs under the global formulation.
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5.3.6.4 Hybrid Architectures

Hybrid architectures that combine temporal convolution and recurrence integrate the complemen-
tary strengths of both model families for sequence forecasting. In these designs, a 1D CNN, imple-
mented via stacked Conv1D layers, first acts as a temporal feature extractor, learning local patterns
and short-range dependencies through parallel filtering across the input window, while the subse-
quent recurrent layer, LSTM or GRU, serves as a temporal aggregator that captures longer-range
dynamics by integrating information across the extracted feature sequence (Kim et al., 2025b).

The convolutional block first transforms the joint BUA–Pop input window into a sequence of
latent feature vectors. These features correspond to multiple learned channels, or filters, and may
have slightly different sequence lengths depending on the padding or stride choices. The trans-
formed representation emphasizes local temporal structure, such as rapid changes, periodicities,
and short-term interactions between BUA and Pop, before being passed as sequential input to the
recurrent block. The subsequent LSTM/GRU layer then processes this feature sequence step by
step, producing a final hidden representation that summarizes both the locally extracted patterns
and their longer-range temporal organization (Huang et al., 2021; Khatun et al., 2024; Kim et al.,
2025; Sajad et al., 2020). This final representation is then mapped, via the same forecasting head
used across architectures, to the parameters of the predictive distribution for the joint BUA–Pop
outputs under the global sequence-to-sequence formulation.

5.3.6.5 Transformer

The Transformer (Vaswani et al., 2017) models temporal dependence using self-attention, replacing
recurrent updates with a parallel mechanism that relates all time steps within the input window.
This feature enables efficient learning of both short- and long-range dependencies because each time
step can directly attend to every other time step when forming contextualized representations.

Given the historical input window Zin
i,t ∈ RL×2, the sequence is first mapped to a d-dimensional

embedding and augmented with positional information to preserve temporal order,

Ei,t = Zin
i,tWe + 1bT

e +PL, (5.20)

where We ∈ R2×d, be ∈ Rd, and PL ∈ RL×d denotes a fixed or learnable positional encoding. In a
self-attention layer, queries (Q), keys (K), and values (V) are obtained by linear projections,

Q = EWQ, K = EWK , V = EWV , (5.21)

and the resulting contextual representation is calculated via scaled dot-product attention,

Attn(Q,K,V) = softmax

(
QKT

√
dk

)
V. (5.22)

Multi-head attention applies Eq. 5.22 in parallel across multiple heads and concatenates the
results, followed by a linear projection (Vaswani et al., 2017). Each Transformer block then applies
a position-wise feed-forward transformation to refine the representation. Stacking such blocks yields
an encoded sequence that summarizes the full temporal context of the input window.
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For forecasting, Transformer models are commonly used in encoder–decoder or encoder-only con-
figurations (Shen et al., 2025; Wen et al., 2022). In either case, the encoded representation is
mapped by a forecasting head to the predictive-distribution parameters θi,t for the future segment
Zout
i,t . Autoregressive generation can be enforced when needed through causal masking in the atten-

tion mechanism, ensuring that representations and predictions at each step depend only on available
past information (Lim et al., 2021; Vaswani et al., 2017; Zhou et al., 2020).

5.3.7 Model Training Objective: Multi-Horizon Quantile Loss

Recall from Section 5.3.5 that the adopted probabilistic specification represents the predictive distri-
bution of the future joint BUA–Pop segment through a set of conditional quantiles Q = {q1, . . . , qM}.
Accordingly, for each locality i, forecast origin t, horizon step h ∈ {1, . . . ,H}, and target variable
v ∈ {BUA,Pop}, the global model Ψ(·) outputs the quantile forecast ẑ

(q)
i,t+h,v for every q ∈ Q. The

DL instantiations of Ψ are trained to estimate these quantiles by minimizing the pinball, or quantile,
loss (Wen et al., 2017; Wang et al., 2019).

For an observed value z and a predicted q-quantile ẑ(q), the pinball loss is written in piecewise
form as (Wang et al., 2019)

Lq

(
z, ẑ(q)

)
=

(1− q)
(
ẑ(q) − z

)
, ẑ(q) ≥ z,

q
(
z − ẑ(q)

)
, ẑ(q) < z.

(5.23)

Eq. 5.23 shows an asymmetric penalty, where under-prediction is penalized proportionally to q,
while over-prediction is penalized proportionally to (1−q). Minimizing Lq yields ẑ(q) as an estimator
of the conditional q-quantile of z.

The overall training objective aggregates this loss across the multi-horizon output segment, the
two joint targets, and all quantile levels. Let Ti denote the set of admissible forecast origins for
locality i, i.e., times for which both an input window of length L and an output window of length H

are available, and let V = {BUA,Pop}. The minimization objective used for training is expressed
as the average pinball loss

L(Ψ) =
1∑
i |Ti|

∑
i

∑
t∈Ti

 1

H|V||Q|

H∑
h=1

∑
v∈V

∑
q∈Q

Lq

(
zi,t+h,v, ẑ

(q)
i,t+h,v

) . (5.24)

This objective function enforces multi-horizon learning by penalizing quantile errors at every lead
time within the forecast segment, while simultaneously learning joint-target quantile forecasts for
BUA and Pop under a single global model shared across localities.

5.3.8 Deep Ensemble Learning

Deep ensemble learning is used to improve the stability and reliability of probabilistic forecasts from
each DL architecture. Ensemble learning combines multiple independently trained base models
rather than relying on a single estimator, with the final prediction obtained through an aggregation
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strategy (Huang et al., 2009). Deep ensembles extend this principle by leveraging the expressive
capacity of deep neural networks while benefiting from the stability and variance-reduction prop-
erties of ensemble methods (Lakshminarayanan et al., 2017). By combining these strengths, deep
ensembles typically generalize better than individual models and deliver more reliable predictive
performance (Dong et al., 2020; Ganaie et al., 2022). This feature makes them well-suited for
applications that require both accurate forecasts and credible uncertainty estimates.

In the present workflow, each DL architecture produces direct multi-horizon quantile forecasts
for the joint BUA–Pop outputs (Section 5.3.5) and is trained using the quantile loss objective de-
scribed in Section 5.3.7. However, stochastic elements of DL training, such as random initialization,
minibatch ordering, and optimizer dynamics, can introduce run-to-run variability in the result-
ing quantile estimates. Deep ensembles provide a principled way to consolidate these independent
training realizations into a single, more stable predictive representation. For a given architecture,
R networks are trained independently under the same data partitioning but different random seeds,
producing replicate-wise quantile forecasts ẑ(q,r)i,t+h,v, for r = 1, . . . , R. The ensemble quantile forecast
is then obtained by aggregating replicate predictions at each quantile level, horizon, and target vari-
able using a fusion operator consistent with quantile outputs, such as the mean or median across
replicates:

ẑ
(q,ensemble)
i,t+h,v = Agg

(
ẑ
(q,1)
i,t+h,v, . . . , ẑ

(q,R)
i,t+h,v

)
, (5.25)

where Agg(·) denotes the chosen aggregation rule.

Although the base DL models already produce quantile forecasts, ensemble aggregation reduces
sensitivity to stochasticity in training. It helps ensure that the predictive distributions used in
subsequent analyses reflect the architecture’s systematic behavior rather than variation attributable
to a single training realization. This sensitivity reduction is especially important in uncertainty-
aware forecasting, where stable, reproducible quantile estimates are required for downstream tasks,
such as propagating BUA and Pop forecast uncertainty into SDG Indicator 11.3.1 components. The
ensemble therefore serves both as a performance-enhancing mechanism and as a diagnostic check
on whether random initialization and optimization variability materially influence the probabilistic
forecasts used for forward-looking LUE assessment.

5.3.9 Baseline Model: Exponential Smoothing

Exponential Smoothing (ES) is used as a classical local baseline to benchmark the proposed global,
DL-based joint BUA–Pop forecasting workflow. ES models temporal evolution as an exponentially
weighted average of past observations, assigning larger weight to more recent observations than
to older ones (Hyndman & Athanasopoulos, 2018). This recursive updating mechanism provides
a transparent reference for what can be achieved using only each locality’s own history, without
cross-locality learning, feature sharing, or deep representations. ES methods are widely adopted
for short- to medium-term forecasting due to their simplicity, interpretability, and robustness to
noise (e.g., Taylor, 2003, 2012; Ferbar Tratar et al., 2016). In this study, ES is fit separately for
each locality i and separately for each target series v ∈ {BUA,Pop}, yielding univariate baseline
forecasts for BUA and Pop.
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Let zi,t,v denote the observed value of variable v for locality i at time t. ES models summarize
each series using components such as level, trend, and, when present, seasonality (Hyndman &
Athanasopoulos, 2018). The term ℓi,t,v denotes the model’s smoothed estimate of the underlying
baseline magnitude of the series at time t, i.e., the local “current value” after filtering short-term
fluctuations, which serves as the reference point for forecasting. The trend component bi,t,v captures
sustained increase or decrease, i.e., the slope of the series, and the seasonal component si,t,v captures
repeating, periodic, and stable fluctuations within the series. Candidate ES models could also
include a damped trend, in which the projected increase or decrease is gradually moderated at
longer forecast horizons. Although the simplest ES form, Simple Exponential Smoothing, updates
only the level, the ES baseline implemented in this study allows for level + trend and, where relevant,
seasonality, with additive or multiplicative forms. Additive forms are appropriate when trend or
seasonal effects are roughly constant in magnitude, whereas multiplicative forms are appropriate
when these effects scale with the level of the series, i.e., are proportional (Gardner, 2006; Hyndman
& Athanasopoulos, 2018).

The exponential smoothing principle for the level component can be written as

ℓi,t,v = αvzi,t,v + (1− αv)ℓi,t−1,v, 0 ≤ αv ≤ 1, (5.26)

where αv is the smoothing parameter that controls the weight placed on the most recent observa-
tion (Hyndman & Athanasopoulos, 2018). Forecasts are generated by extrapolating the estimated
components into the prediction horizon. In the common additive-trend form, Holt’s Linear Trend
Method, the h-step-ahead forecast given information up to time t is

ẑi,t+h,v = ℓi,t,v + hbi,t,v, h = 1, . . . ,H, (5.27)

where bi,t,v denotes an estimate of the trend, or slope, of the series at time t (Hyndman & Athana-
sopoulos, 2018). When seasonality is present, Holt–Winters variants extend Eq. 5.27 by incorporat-
ing a seasonal component, additive or multiplicative, so that forecasts reflect both the extrapolated
level–trend structure and the expected seasonal effect at lead time (Hyndman & Athanasopoulos,
2018). Smoothing parameters and any required initial component values are estimated from the
available historical series using standard likelihood-based or error-minimization procedures, and
the fitted ES specification is used to generate baseline forecasts over the target horizon (Gardner,
2006).

Forecast uncertainty is obtained from the statistical formulation of ES models, which yields ana-
lytical multi-step forecast variances for the selected specification (Hyndman et al., 2005; Hyndman
& Athanasopoulos, 2018). Let σ2

i,t+h,v|t denote the forecast variance corresponding to ẑi,t+h,v. As-
suming approximately normally distributed forecast errors, a 95% prediction interval is calculated
as (Hyndman & Athanasopoulos, 2018)

ẑi,t+h,v|t ± 1.96
√
σ2
i,t+h,v|t, h = 1, . . . ,H. (5.28)

5.3.10 Model Performance Evaluation Strategy and Metrics

Model performance is evaluated to (i) compare alternative deep learning (DL) architectures in-
stantiated within the same global forecasting formulation and (ii) contextualize their performance
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relative to a classical baseline benchmark. The primary performance comparison is therefore con-
ducted across the set of candidate DL architectures (1D CNN, LSTM, GRU, hybrid variants, and
Transformer), while ES is evaluated under the same design as a reference, indicating the performance
achievable with a widely used classical time-series approach.

Evaluation combines point-forecast accuracy metrics and probabilistic uncertainty metrics (Ta-
ble 5.1). Point-forecast accuracy is assessed using mean absolute error (MAE) and mean absolute
percentage error (MAPE), which compare the model’s point prediction with the observed value at
each forecast horizon (Hyndman & Koehler, 2006). The point forecast is taken from the central
tendency of the predictive output. For example, in a quantile-based model that outputs the 2.5th,
50th, and 97.5th percentiles, the median is used to calculate MAE and MAPE, whereas in a model
that outputs a predictive mean and an interval, the mean is used.

Table 5.1: Model performance evaluation metrics. In the formulae, n is the number of observations and j is
the case index; zj is the observed value; ẑj is the predicted value; and ẑLj and ẑUj are lower and
upper bounds of the prediction interval. For the Winkler Score, α denotes the miscoverage level
of the central prediction interval, such that 1 − α is the nominal coverage probability. Sources:
Hyndman and Koehler (2006), Jensen et al. (2024), and Hyndman and Athanasopoulos (2018).

Metric Formula

Mean Absolute Error (MAE)

MAE =
1

n

n∑
j=1

|zj − ẑj |

Mean Absolute Percentage Error
(MAPE)

MAPE =
100

n

n∑
j=1

∣∣∣∣zj − ẑj
zj

∣∣∣∣
Prediction Interval Coverage Prob-
ability (PICP)

PICP =
1

n

n∑
j=1

cj , cj =

1, if ẑLj ≤ zj ≤ ẑUj ,

0, otherwise.

Prediction Interval Average Width
(PIAW)

PIAW =
1

n

n∑
j=1

(
ẑUj − ẑLj

)

Winkler Score (WS)

WSj =


ẑUj − ẑLj , if ẑLj ≤ zj ≤ ẑUj ,(
ẑUj − ẑLj

)
+

2

α

(
ẑLj − zj

)
, if zj < ẑLj ,(

ẑUj − ẑLj
)
+

2

α

(
zj − ẑUj

)
, if zj > ẑUj .

Probabilistic performance is assessed using prediction interval coverage probability (PICP), pre-
diction interval average width (PIAW), and Winkler Score (WS) (Jensen et al., 2024; Khosravi
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et al., 2011; Hyndman & Athanasopoulos, 2018). These metrics are calculated from the model’s
prediction interval. PICP measures the proportion of observed values falling within the predicted
interval and is interpreted relative to its nominal coverage level. For example, for a 95% interval,
the nominal PICP is 0.95. Values below this level indicate under-coverage, whereas values above it
indicate over-coverage. PIAW measures the average width of the same interval and reflects sharp-
ness, with narrower intervals indicating better precision, provided that coverage remains adequate.
Because PICP and PIAW should be interpreted jointly, WS is also used as a single-interval perfor-
mance metric that rewards narrow intervals while penalizing those that fail to contain the observed
value.

To preserve the spatial independence of evaluation units, performance summaries are constructed
at the locality level. For each model, target variable, and locality, absolute error, absolute per-
centage error, prediction interval width, and WS are first calculated separately for each evaluated
forecast horizon. The locality-level MAE is then obtained by averaging the absolute errors across
the evaluated horizons. The same within-locality averaging is applied to MAPE, prediction interval
width, and WS, so that each locality contributes a single value for each metric per model. These
locality-level values are then summarized across all localities using the median and median absolute
deviation (MAD). This procedure avoids treating multiple forecast horizons derived from the same
input sequence as independent observations.

In contrast, PICP is evaluated as a pooled empirical coverage measure across all locality–horizon
combinations. For each model and target variable, all forecast cases are checked to determine
whether the observed value falls within the corresponding prediction interval, and the proportion of
covered cases is then calculated across the full set of localities and evaluation horizons. Thus, MAE,
MAPE, PIAW, and WS are first averaged within locality and then summarized across localities,
whereas PICP is calculated from the pooled set of interval inclusion outcomes.

5.3.11 Model Selection for Downstream SDG Indicator 11.3.1 Propagation

The model selection step uses the locality-level performance summaries, calculated using the pro-
cedures described in Section 5.3.10, to rank and identify the “best” forecasting architecture whose
predictive distributions are propagated through the SDG Indicator 11.3.1 transformations. Because
the forecasting task is joint-target, ranking is based on a unified performance quantity that reflects
errors in both BUA and Pop.

To rank joint-target architectures using a single accuracy metric, the BUA and Pop multi-horizon
MAE values are first placed on a common, unitless scale before being combined. This standard-
ization is necessary because BUA and Pop are expressed in different units and typically differ
substantially in magnitude. Without rescaling, a joint error criterion would be dominated by the
variable with larger numerical errors, rather than reflecting balanced forecasting skill in both tar-
gets. Accordingly, for each target variable, the full collection of locality-level MAE values, across
all evaluated localities and candidate models, is transformed using a robust location-and-scale stan-
dardization. In this case, a representative center of the MAE distribution, the median, is subtracted,
and the result is divided by a robust measure of spread, the MAD. Robust standardization is used
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because forecast error distributions across heterogeneous localities can be strongly right-skewed and
heavy-tailed, so classical mean–standard deviation scaling may be unduly influenced by extreme
errors (Huber & Ronchetti, 2009). After standardization is performed separately for BUA and Pop,
the two standardized error values are combined with equal weight, e.g., by averaging, to obtain a
single joint standardized error per locality and model, which is then used as the input for rank-based
model comparison and selection.

To determine whether observed differences reflect systematic performance advantages rather than
random variation across localities, a two-stage nonparametric comparison framework is applied
(Demšar, 2006). First, a Friedman test (Friedman, 1937) is performed on the locality-wise joint
standardized errors to assess whether there are statistically significant differences among candidate
architectures. The Friedman procedure ranks models within each locality and aggregates the ranks
across localities to yield a mean rank per model, with lower values indicating better overall joint per-
formance. If the Friedman test indicates significant differences, post-hoc pairwise comparisons are
conducted using the Wilcoxon signed-rank test (Wilcoxon, 1945) on paired locality-wise joint errors.
Because multiple pairwise tests are performed, Holm’s sequential correction is applied to control the
family-wise error rate, i.e., to minimize false positives (Holm, 1979). Effect sizes are summarized
using rank-biserial correlation (Kerby, 2014; Tomczak & Tomczak, 2014) to quantify the magnitude
and direction of pairwise differences and to distinguish practically meaningful improvements from
statistically detectable but negligible gaps.

Final model selection prioritizes the architecture with the most favorable overall ranking while
ensuring robustness under post-hoc statistical testing. Specifically, the selected model is the top-
ranked architecture, i.e., the one with the lowest Friedman mean rank, that is not statistically
inferior to competing candidates under Holm-adjusted Wilcoxon comparisons and exhibits non-
negligible effect-size advantages where differences are significant. When the top-ranked candidates
are statistically indistinguishable, selection is resolved by parsimony, favoring the architecture with
lower structural complexity while maintaining comparable forecasting skill. Finally, the probabilistic
diagnostics from Section 5.3.10, namely PICP and WS, are used as an additional eligibility check to
confirm that the chosen model’s predictive intervals remain appropriately calibrated and sufficiently
sharp for reliable propagation through the SDG Indicator 11.3.1 transformations. The selected
joint-target model provides the predictive distributions of BUA and Pop, which are propagated in
Section 5.3.12 and used for probabilistic LUE classification.

5.3.12 Forecast Uncertainty Propagation to SDG Indicator 11.3.1

The selected joint-target forecasting model produces predictive quantiles for future BUA and Pop
at the required endpoint years. These quantile outputs are converted into continuous empirical
predictive distributions via monotone piecewise linear interpolation, with the predicted quantiles
serving as anchor points. This interpolation defines an empirical cumulative distribution function
(CDF) for each forecasted variable, allowing the predictive distribution to retain the asymmetry
implied by the forecast output without imposing a parametric form.
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These empirical predictive distributions are then used as inputs for uncertainty propagation
through the deterministic SDG Indicator 11.3.1 transformations. Using Monte Carlo simulation,
repeated draws are taken from the predictive distributions of the endpoint BUA and Pop values,
and each draw is transformed through the SDG Indicator 11.3.1 formulae to obtain corresponding
realizations of LCR, PGR, and LCRPGR for the forecast interval. Repeating this process yields
empirical predictive distributions for the derived indicator components.

The propagation procedure follows the same replicate-wise logic established in Chapter 4. That is,
uncertain endpoint inputs are repeatedly propagated through the SDG Indicator 11.3.1 formulae to
generate empirical distributions for each derived quantity. The main difference is that, in the present
chapter, uncertainty arises from forecast predictive distributions rather than from retrospective
sampling-based uncertainty. For each Monte Carlo replicate, one joint draw of endpoint BUA and
Pop is generated for a given locality and forecast horizon, transformed through the SDG Indicator
11.3.1 formulae, and stored. The resulting empirical distributions are then summarized using median
estimates and percentile-based uncertainty intervals.

As emphasized in Chapter 4, the generation of Monte Carlo inputs must account not only for
marginal predictive uncertainty but also for the dependence structure between the forecast uncer-
tainties of the input variables. Sampling independently from the marginal predictive distributions
would ignore potential co-variation in forecast uncertainty and could therefore distort the prop-
agated uncertainty of LCR, PGR, and LCRPGR. The dependence modeling step used for this
purpose is described in the following section.

5.3.13 Dependence Modeling of Forecast Uncertainties

The predictive uncertainty produced by the joint-target forecasting model is expressed in marginal
form through separate predictive quantiles for each forecast variable. Accordingly, an additional
dependence model is required to reconstruct a plausible joint distribution for uncertainty propaga-
tion. Copulas provide a suitable framework because they link univariate marginal distributions to
a joint distribution while preserving the marginals themselves (Nelsen, 2006). The use of copulas is
advantageous here because the predictive distributions of BUA and Pop are represented nonpara-
metrically via empirical quantiles and monotone interpolation, and their joint behavior cannot be
assumed to follow a convenient parametric form, such as multivariate normality. In this setting, the
empirical CDFs define the predictive uncertainty of the endpoint variables individually, while the
copula specifies how these uncertainties are coupled for joint sampling, preserving the co-occurrence
structure implied by the forecast residuals.

In this study, the dependence structure required for copula modeling is inferred from forecast
residuals obtained under out-of-sample predictive conditions, on the premise that correlated fore-
cast errors provide empirical evidence of how uncertainty in BUA and Pop covaries under realistic
prediction settings. This approach rests on the assumption of dependence stationarity; specifically,
the copula structure captured from out-of-sample residuals is assumed to remain time-invariant over
the forecast horizon.
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For the relevant forecast horizons and endpoint years, the residual series are first assembled into
paired observations in the bivariate case, or into higher-dimensional tuples when more than two
forecast inputs are modeled jointly. The empirical CDF of each residual series is then used to
transform the residuals to the unit interval, thereby replacing each residual value by its empirical
percentile position. This transformation removes scale differences across variables and produces
pseudo-observations in copula space for copula fitting. By contrast, the empirical predictive CDFs
constructed from the forecast quantiles are used later during Monte Carlo propagation to transform
copula-generated uniform samples into joint draws of BUA and Pop on their original scales.

Candidate copula models are then fitted to the pseudo-observations. Their parameters are esti-
mated by maximum pseudo-likelihood, with the marginals treated as fixed and represented by their
empirical CDFs, so that estimation is confined to the parameters governing dependence, including
its strength, asymmetry, and, where relevant, tail dependence (Genest et al., 1995; Joe, 2014).
For each fitted candidate, the maximized pseudo-log-likelihood is used to summarize the goodness
of fit. The Akaike Information Criterion (AIC) is then calculated from this fit measure, together
with a penalty for the number of estimated dependence parameters (Akaike, 1974). In this way,
model selection balances fit to the observed dependence structure against model complexity, so that
more flexible copulas are preferred only when they provide a sufficiently better description of the
pseudo-observations.

Several candidate copula specifications are considered, including elliptical copulas, specifically
the Gaussian and Student-t copulas, and vine copulas for higher-dimensional settings. Elliptical
copulas provide a parsimonious representation of symmetric dependence. In contrast, vine copulas
represent multivariate dependence through a sequence of linked bivariate copulas and allow different
dependence forms to be assigned to different variable pairs (Aas et al., 2009; Bedford & Cooke,
2001, 2002; Jiang et al., 2015). Candidate pair-copula families within the vine construction include
Gaussian, Student-t, Clayton, Gumbel, and Frank copulas. To balance flexibility and parsimony,
truncated vine specifications are also considered, in which higher-order conditional dependencies
above a specified tree level are replaced by the independence copula (Nagler, 2025). Truncated vine
constructions have been shown to provide a practical balance between flexibility and parsimony in
applications involving finite samples and Monte Carlo-based uncertainty propagation (e.g., Huang
et al., 2020; Jiang et al., 2015; Yang et al., 2026).

Among the admissible candidate models, the copula specification with the lowest AIC is selected.
The selected copula is then used to generate dependent Monte Carlo draws at the forecast endpoints.
Specifically, in each replicate, a vector of dependent uniform variates is first sampled from the fitted
copula. These dependent uniform draws are subsequently mapped through the inverse empirical
CDFs of the corresponding forecast variables, yielding joint samples on the original BUA and Pop
scales. In this way, the Monte Carlo inputs preserve both the marginal predictive uncertainty of
each endpoint variable and the dependence structure inferred from out-of-sample forecast residuals.
These joint samples are then propagated through the SDG Indicator 11.3.1 formulae to obtain
predictive distributions of LCR, PGR, and LCRPGR.
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5.3.14 Probabilistic LUE Classification

Probabilistic LUE classification is performed by mapping the propagated LCR, PGR, and LCRPGR
distributions to LUE classes using the same probabilistic classification workflow introduced in Chap-
ter 4. To support the interpretation of regime stability under forecast uncertainty, the empirical
probability of the dominant LUE class is interpreted as a classification confidence measure. This con-
tinuous probability is discretized into five ordinal confidence categories, namely very low (< 0.50),
low (0.50–0.65), moderate (0.65–0.80), high (0.80–0.95), and very high (> 0.95). These categories
distinguish cases with no clear majority support from those with weak, moderate, strong, and
near-deterministic regime dominance, and provide an interpretable indication of how sensitive LUE
classification is to uncertainty in forecasted BUA and Pop.

To evaluate whether forecast-based probabilistic LUE classification remains decision-relevant, its
agreement with observed LUE classification is assessed on the evaluation set where reference out-
comes are available. Here, the predicted class is defined as the dominant regime, i.e., the class with
the highest empirical probability mass under the propagated indicator distribution. The agree-
ment between predicted and reference classes is evaluated using a confusion matrix approach, which
cross-tabulates predicted and reference classes to quantify classification accuracy (Congalton, 1991).
From each confusion matrix, producer’s accuracy (PA), user’s accuracy (UA), and overall accuracy
(OA) are derived to assess class-wise recall, precision, and total agreement, respectively.

5.4 Global Application to Urban Centers

This section operationalizes the workflow described in Section 5.3 through a global-scale application
to 8,478 urban centers (UCs) worldwide. The workflow was implemented both for out-of-sample
evaluation on observed later time steps and for forward forecasting of BUA and Pop to 2025 and
2030.

In this application, the forecasting models were trained on the available historical BUA–Pop tra-
jectories and used to generate uncertainty-aware forecasts of future BUA and Pop. The uncertainty
considered here, therefore, pertains to the forecasted values themselves, rather than to uncertainty
already embedded in the historical input series. These forecast uncertainties were subsequently
propagated through the SDG Indicator 11.3.1 transformations using the framework developed in
Chapter 4. In this way, the forecasting analysis remained methodologically consistent across archi-
tectures while reusing the same uncertainty propagation logic in a forward-looking setting.

5.4.1 Data Source

The global application of the forecasting framework utilized historical BUA and Pop time series
derived from the Global Human Settlement–Urban Centre Database (GHS-UCDB 2025) (European
Commission et al., 2024). The spreadsheet version of the GHS-UCDB 2025 was downloaded from the
European Commission Joint Research Centre Data Catalogue.18 GHS-UCDB 2025 provides globally

18https://data.jrc.ec.europa.eu/dataset/1a338be6-7eaf-480c-9664-3a8ade88cbcd (accessed December 30, 2024).
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harmonized, multitemporal information for UCs worldwide, making it well-suited to large-scale
forecasting for SDG Indicator 11.3.1 applications. UCs in the database were delineated according
to the Degree of Urbanisation (DEGURBA) methodology, which defines a UC as a contiguous built-
up cluster with at least 50,000 inhabitants and a population density of at least 1,500 inhabitants
per km2 (European Commission et al., 2024). The multitemporal dataset comprises ten observation
epochs at 5-year intervals from 1975 to 2020 for each UC. In addition to BUA and Pop, each UC
record includes contextual attributes such as country, SDG region, and World Bank (WB) income
classification. The BUA and Pop attributes were derived from the corresponding 100 m GHS-
BUILT-S and GHS-POP layers of the GHSL Data Package 2023 (European Commission, 2023),
from which the UC-level values reported in GHS-UCDB 2025 were aggregated.

The original dataset contained 11,422 UCs. Before model development, a preliminary quality
check was performed to improve the temporal consistency of the time series used for forecasting.
Specifically, annual change rates over the 5-year interval for BUA and Pop were calculated for each
UC from 1975–2020. Inspection of the resulting frequency distributions revealed strong skewness
and extreme values, which could distort model training and increase the risk of overfitting. To
reduce the influence of such anomalous trajectories, mild to extreme outliers were identified and
removed using the modified IQR method proposed by Barbato et al. (2011). Any UC with at least
one BUA or Pop change rate falling outside the corresponding acceptance range was excluded from
the forecasting dataset. This filtering reduced the sample from 11,422 to 8,478 UCs.

It should be noted that the underlying GHS-BUILT-S and GHS-POP products used as sources
for the BUA and Pop estimates have been extensively validated in prior GHSL documentation and
related studies (e.g., European Commission, 2023; Pesaresi et al., 2024), supporting their suitability
for large-scale comparative analysis. However, any residual uncertainty in these historical inputs
was not explicitly modeled within the forecasting workflow considered here.

Additionally, it is important to note that the BUA values reported in GHS-BUILT-S, and inherited
by GHS-UCDB 2025, correspond to the area occupied by buildings and other roofed structures
(European Commission, 2023). This definition is consistent with the built-up concept adopted
in the metadata for SDG Indicator 11.3.1. Consequently, the LCR and LCRPGR values derived
later in the chapter should be interpreted within this specific BUA definition. This clarification
is important because, as shown in Chapter 3, SDG Indicator 11.3.1 outcomes are sensitive to the
definition of the built-up input. Explicitly stating the adopted built-up definition helps ensure that
the results presented in this study can be properly evaluated and compared by other researchers.

5.4.2 Data Partitioning and Normalization

A geographical train–validation–test split was applied to the filtered dataset to evaluate model
generalization across spatially distinct UCs. The split followed a stratified random sampling design
based on paired UN SDG region and WB income classification to ensure balanced representation of
diverse regional and socioeconomic contexts in each partition. Each UC was assigned to one of these
combined strata, from which approximately 70% were randomly allocated to the training set (6,016
UCs), and the remaining UCs were divided approximately equally between the validation (1,263)
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Train (6,016) Validation (1,263) Test (1,199)

Figure 5.1: Geographical distribution of urban centers included in the study, showing the spatial allocation
of the train, validation, and test sets used in model development. Basemap credit: Esri.

and test sets (1,199) (Figure 5.1). For strata containing fewer than three UCs, at least one case was
assigned to the training set to ensure that all region–income group combinations were represented
during model development.

The empirical implementation used an input length of L = 8 and a forecast horizon of H = 2. This
implementation is consistent with jointly forecasting BUA and Pop for the 2025–2030 period later.
Accordingly, for model training and evaluation, the historical input segment Zin

i,t spanned the eight
time steps from 1975 to 2010, while the future output segment Zout

i,t spanned the two subsequent
time steps, corresponding to 2015 and 2020. These latter two epochs formed the out-of-sample
evaluation horizon for assessing forecasting performance.

A temporal split was not adopted beyond this input–output construction because the available
time series are short. Further dividing the ten-step trajectories into separate temporal subsets for
training, validation, and testing, as mostly done in the DL forecasting literature, would substantially
reduce the historical context available for learning and weaken the basis for multi-step forecasting.
Instead, partitioning was performed geographically at the UC level, while the sequence construction
itself preserved the chronological order of prediction from earlier to later epochs.

Within each partition, the BUA–Pop time series were converted into supervised input–output
pairs following the global joint-target sequence-to-sequence formulation. Thus, the training, valida-
tion, and test sets remained mutually exclusive with respect to UCs, while each UC contributed one
sequence pair of the form L → H, i.e., eight historical time steps used to predict the next two time
steps. This design preserved the geographic independence of the evaluation units while enabling
pooled learning across multiple localities.

For the DL models, BUA and Pop values were transformed and normalized to improve numerical
stability and comparability across UCs. Because both variables exhibited strong positive skewness
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and large magnitude differences, a logarithmic transformation was first applied to reduce scale dis-
parity and stabilize variance. The transformed values were then standardized using z-score normal-
ization. To prevent leakage from the forecast horizon, the normalization parameters were estimated
exclusively from the training set and using only the historical input portion of the sequences, i.e.,
the L = 8 time steps spanning 1975–2010. These same parameters were then applied unchanged to
normalize the corresponding future values in the H = 2 evaluation horizon, 2015 and 2020, as well
as the validation and test sequences. In this way, the scaling procedure relied solely on information
available at the model development stage and excludes distributional information from the future
targets.

In contrast, the ES baseline was fitted using the original untransformed BUA and Pop series,
consistent with its classical statistical formulation.

5.4.3 DL Model Design and Training

This section describes how the DL architectures introduced in Section 5.3.6 were instantiated for
the global joint BUA–Pop forecasting task. Given the very short length of the input sequences, the
candidate architectures were deliberately designed with relatively shallow structures. This approach
was chosen to mitigate the high risk of overfitting, as a model with excessive capacity and a large
number of parameters would be poorly constrained by the limited temporal data and would struggle
to generalize (Goodfellow et al., 2016; Hastie et al., 2009).

All DL models were implemented and optimized in Python 3.10 using the TensorFlow (v2.15.1)
and Keras (v2.15.0) framework, and were trained using the Adam optimizer (Kingma & Ba, 2015)
with an initial learning rate of 1× 10−3 on a Central Processing Unit (CPU)-only setup.

All architectures were configured to receive as input a fixed-length sequence of eight historical
observations of BUA and Pop and to produce 12 outputs corresponding to the 2.5th, 50th, and
97.5th quantile forecasts for both target variables at each of the two forecast years. Hyperparameter
configuration and selection were determined through systematic hyperparameter optimization with
Optuna (Akiba et al., 2019) and the Hyperband pruning algorithm (Li et al., 2018) to efficiently
explore architectural and training configurations. This pruning strategy automatically halted poorly
performing trials based on intermediate validation results, allowing computational resources to focus
on the most promising candidates. Tuning for each architecture followed a two-stage process. In
Stage A, a broad search across 120 trials, with ≤ 200 epochs and early stopping after 10 epochs,
was conducted to identify promising configurations. In Stage B, the top 10 candidate configurations
were retrained more extensively, with ≤ 400 epochs and early stopping after 20 epochs, to refine
convergence.

To ensure stable optimization, gradient clipping (Pascanu et al., 2013) with a threshold of 1 and
an adaptive learning rate scheduler, reduction factor = 0.5, minimum rate = 1×10−6, were applied.
Gradient clipping is a technique used to prevent the exploding gradient problem by limiting the
magnitude of gradients during training/optimization (Goodfellow et al., 2016). If a gradient’s norm
exceeds a predefined threshold, it is rescaled to that threshold, ensuring that model weight updates
remain manageable and the training process is more stable. The scheduler then dynamically adjusts
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the learning rate, reducing it by a factor of 0.5 whenever a performance metric stops improving, to
help the model settle into a precise minimum while ensuring the rate does not fall below 1× 10−6,
thereby stabilizing convergence.

All models were trained by minimizing the multi-horizon quantile, or pinball, loss (Eq. 5.24)
calculated across forecast steps, target variables, and quantile levels. Model fitting and tuning
were performed using the training set. The validation set was utilized to monitor generalization,
control early stopping, adjust learning rates, and select the best configuration based on the lowest
average pinball loss. Among the models retained in Stage B, the configuration that achieved the best
validation performance was retained as the final model for subsequent analyses. The hyperparameter
search space for each model architecture is outlined in Table A1 (Appendix). The final tuned designs
of the individual architectures are described in the following subsections. The batch size for all
models was set to 32.

5.4.3.1 1D CNN

The 1D CNN architecture followed a linear stack design composed of two sequential Conv1D layers.
The first layer used 128 filters, a kernel size of 3, a stride of 1, a dilation rate of 1, and L2 regular-
ization with a weight of 1×10−6. Rectified Linear Unit (ReLU) activation and causal padding were
applied. The second Conv1D layer used the same number of filters, kernel size, stride, activation
function, padding, and regularization, but with a dilation rate of 2. The resulting feature maps
were then flattened into a vector and passed to a fully connected hidden layer with 128 units, using
ReLU activation and L2 regularization with a weight decay of 1 × 10−6. The network ended with
a linear fully connected output layer containing 12 neurons, corresponding to the multi-horizon
quantile forecasts defined for the global joint BUA–Pop task.

5.4.3.2 LSTM

The LSTM architecture began with a single unidirectional LSTM layer with 128 units. This re-
current layer processed the full input sequence and returned only the final hidden state, thereby
encoding the historical BUA–Pop sequence into a fixed-length representation. L2 regularization
of 1 × 10−6 was applied to the kernel weights. The resulting vector was then passed to a fully
connected hidden layer with 50 units, using ReLU activation and L2 regularization with a weight
decay of 1× 10−6. The network ended with a linear fully connected output layer that produced the
required multi-horizon quantile forecasts for the joint BUA–Pop task.

5.4.3.3 GRU

The GRU architecture was structurally similar to the LSTM architecture but replaced the LSTM
layer with a single unidirectional GRU layer with 128 units. This recurrent layer processed the full
input sequence and returned only the final hidden state, thereby encoding the historical BUA–Pop
sequence into a fixed-length representation. L2 regularization of 1× 10−6 was applied to the kernel
weights. The resulting vector was then passed to a fully connected hidden layer with 64 units, using
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ReLU activation and L2 regularization with a weight decay of 1× 10−6. The network ended with a
linear fully connected output layer that produced the required multi-horizon quantile forecasts for
the joint BUA–Pop task.

5.4.3.4 1D CNN+LSTM

The 1D CNN+LSTM architecture was designed with a temporal feature extraction block composed
of two sequential Conv1D layers. Each convolutional layer used 128 filters, a kernel size of 5, a
stride of 1, a dilation rate of 1, ReLU activation, causal padding, and L2 regularization of 1× 10−6.
The resulting sequence of feature maps was then passed to a single unidirectional LSTM layer with
32 units, which processed the extracted temporal features and returned only the final hidden state.
L2 regularization of 1 × 10−6 was applied to the kernel weights of the LSTM layer. The resulting
vector was passed to a fully connected hidden layer with 128 units, using ReLU activation and L2
regularization with a weight decay of 1 × 10−6. The network ended with a linear fully connected
output layer that produced the required multi-horizon quantile forecasts for the joint BUA–Pop
task.

5.4.3.5 1D CNN+GRU

The 1D CNN+GRU architecture began with a temporal feature-extraction block composed of two
sequential Conv1D layers. Each convolutional layer used 64 filters, a kernel size of 3, a stride of
1, a dilation rate of 1, ReLU activation, causal padding, and L2 regularization of 1 × 10−6. The
resulting sequence of feature maps was then passed to a single unidirectional GRU layer with 128
units, which processed the extracted temporal features and returned only the final hidden state.
L2 regularization of 1 × 10−6 was applied to the kernel weights of the GRU layer. The resulting
vector was then passed to a fully connected hidden layer with 32 units, using ReLU activation and
L2 regularization with a weight decay of 1× 10−6. The network ended with a linear fully connected
output layer that produced the required multi-horizon quantile forecasts for the joint BUA–Pop
task.

5.4.3.6 Transformer

A standard encoder–decoder Transformer was employed, in which the encoder processed the his-
torical BUA–Pop input sequence. During training, teacher forcing was used in the decoder: the
observed forecast sequence was supplied in shifted form, so that the prediction for the second fore-
cast step was learned using the observed first forecast-step BUA–Pop values as decoder input. This
allowed the decoder to learn the conditional structure across the forecast horizon while producing
multi-step outputs. During inference, however, true future values were unavailable; therefore, the
decoder relied on the implemented inference-time decoding strategy rather than observed forecast
targets.
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Both encoder and decoder inputs were first projected to a model dimension of 128 through fully
connected layers with ReLU activation and L2 regularization of 1 × 10−6. Learned positional en-
codings were then added to preserve temporal order. The encoder consisted of a single Transformer
block with pre-normalization, 8 attention heads, and a feedforward dimension of 128. No projection
dropout or attention dropout was applied, while the feedforward sublayer used a dropout rate of 0.1.
The decoder had the same one-block structure and included causal self-attention, cross-attention to
the encoder output, and a feedforward sublayer. The resulting decoder output sequence was then
passed through a prediction head comprising a hidden fully connected layer with 128 units and
ReLU activation, followed by a final linear output layer applied at each decoder step. The per-step
outputs were subsequently flattened into a single prediction vector corresponding to the required
multi-horizon quantile forecasts for the joint BUA–Pop task.

5.4.4 Deep Ensembling

Using the tuned hyperparameters, each DL model was retrained 30 times, producing 30 indepen-
dent and diverse model replicates. The choice of 30 replicates balanced computational efficiency
with ensemble diversity, ensuring that the ensemble forecast remained robust against rare stochastic
convergence failures. This choice was also feasible given the moderate size of the model architec-
tures.19

Each replicate was applied to the test set to generate forecasts for 2015 and 2020 for every
UC, yielding its own predictive distribution represented by the 2.5th, 50th, and 97.5th percentiles.
The final ensemble forecasts were obtained by taking the median across the 30 replicates at each
quantile level. Since the models were trained to estimate specific quantiles, this aggregation method
aligned well with the training objective. In this median-of-quantiles scheme, the median of the
replicate medians served as the ensemble point estimate, while the medians of the replicate 2.5th and
97.5th percentiles defined the 95% prediction interval. This aggregation approach provided robust
point and interval estimates, reduced sensitivity to outlier replicates, and formed the predictive
distributions used for downstream uncertainty quantification.

5.4.5 Baseline Modeling Using ES

In this study, BUA and Pop for each UC were modeled independently as separate univariate fore-
casting problems within the exponential smoothing (ES) family, specifically using the error–trend–
seasonal (ETS) framework (Hyndman & Athanasopoulos, 2018). The ETS formulation expresses
ES models in a unified likelihood-based framework, allowing the underlying model structure, pa-
rameter values, and forecast uncertainty to be estimated directly from the data. Rather than
adopting a single fixed specification, 10 ETS variants were developed for each variable, representing
different combinations of error, additive or multiplicative; trend, none, additive, or multiplicative;

19For example, the Transformer model, which had the largest number of trainable parameters (283,526), required
only about 10 minutes to train a single replicate in CPU-only mode (2.2 GHz, 12 CPUs, 16 GB RAM), and
roughly 15 seconds for a single replicate to perform inference on the test set, equivalent to approximately 12.5 ms
per UC.
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and damping, with or without. Seasonality was excluded since both BUA and Pop exhibit long-
term monotonic trends rather than recurring cyclical patterns. Model fitting was implemented in
Python 3.10 using the ETSModel class from the statsmodels library, which performs full maximum-
likelihood estimation of the level, trend, and damping parameters and provides analytical forecast
variance calculations. To maintain comparability with the DL workflow, historical observations
from 1975 to 2010 were likewise used for model fitting, while 2015 and 2020 served as evaluation
years.

To objectively select the best model variant for each variable for each UC, a multi-criteria model
selection procedure was applied following Burnham and Anderson’s (2004) model selection frame-
work. For each fitted model, the Akaike Information Criterion corrected for small-sample bias
(AICc) (Hurvich & Tsai, 1989) was calculated to quantify goodness of fit and model parsimony.
The relative likelihood of each model was then assessed through its ∆AICc value, defined as the
difference between a model’s AICc and the minimum AICc among all variants for the same UC and
variable. Models with ∆AICc ≤ 2 were considered statistically equivalent and therefore retained for
further comparison. Among these top models, the MAE over the 2015–2020 evaluation period was
used as the secondary selection criterion to identify the most accurate forecasting model. In cases
where models exhibited both equivalent ∆AICc and identical MAE values, the simplest specification
was preferred following the principle of parsimony. Here, the simplest specification is defined as the
one with the fewest estimated components, for example, without damping or with additive rather
than multiplicative error or trend.

5.4.6 Model Evaluation and Selection

All forecasting approaches were evaluated on the held-out test set (Section 5.4.2) using the 2015 and
2020 forecasts for each UC. For each candidate DL architecture, BUA and Pop forecasts for these
two years were generated from the 30 ensemble replicates described in Section 5.4.4. Ensemble-
level quantile forecasts were then obtained using the median-of-quantiles aggregation rule, that is,
the median across replicate predictions at each quantile. Accordingly, for each UC, variable, and
forecast year, the ensemble point forecast was defined by the aggregated median prediction. The
corresponding lower and upper uncertainty bounds were defined by the aggregated 2.5th- and 97.5th-
percentile predictions, respectively. For the ES baseline, BUA and Pop forecasts were generated
directly from the fitted univariate models together with their associated 95% prediction intervals.

Model evaluation followed the procedure described in Section 5.3.10. For each model, target
variable, and UC, horizon-specific forecast errors were first calculated for 2015 and 2020. These
were then summarized within each UC, yielding one locality-level value per model and variable for
MAE, MAPE, PIAW, and Winkler Score, obtained by averaging across the two forecast years. In
contrast, PICP was calculated as an overall coverage measure across all UC–horizon combinations
for each model and variable. The resulting performance summaries were then used in the statistical
comparison, model ranking, and selection procedure described in Section 5.3.11 to identify the
forecasting model for downstream uncertainty propagation in SDG Indicator 11.3.1.
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5.4.7 Forecast Uncertainty Propagation to SDG Indicator 11.3.1 and
Probabilistic LUE Classification on the Test Set

To implement the procedure described in Section 5.3.12 under known historical conditions, the
selected joint-target forecasting model was retrained using the same tuned architecture and hyper-
parameter configuration, but with an expanded set of predictive quantile outputs. Consistent with
the deep-ensembling strategy described in Section 5.4.4, this retraining was repeated 30 times to
generate an ensemble of independent model replicates. While the original evaluation configuration
produced only the 2.5th, 50th, and 97.5th percentiles for each target variable and forecast step, this
was considered too coarse for reconstructing the predictive distributions required for Monte Carlo
propagation. Therefore, the retrained ensemble models were configured to predict the quantile set
0.025, 0.10, 0.25, 0.50, 0.75, 0.90, and 0.975 for BUA and Pop at both forecast steps. The final en-
semble quantile forecasts were obtained by taking the median across the 30 replicate predictions at
each quantile. These denser quantile outputs enabled the construction of more realistic empirical cu-
mulative distribution functions (CDFs) that better preserved asymmetry and uncertainty variation
across the distribution. Using these ensemble-aggregated quantile forecasts, empirical predictive
distributions of BUA and Pop were constructed for the test-set endpoint years 2015 and 2020.

Dependence between forecast uncertainties in the endpoint variables was then incorporated fol-
lowing the copula-based procedure defined in Section 5.3.13. For this purpose, forecast residuals
for BUA2015, BUA2020, Pop2015, and Pop2020 were extracted from the validation set, which served
as the basis for dependence estimation. Although the validation set was also used during model
development for training, monitoring, and hyperparameter selection, it remained the most appropri-
ate source of residuals for copula fitting because it reflects out-of-sample predictive behavior under
conditions comparable to those encountered during model development while remaining indepen-
dent of the final test-set evaluation. Training-set residuals were not used because they would tend
to understate predictive uncertainty, whereas test-set residuals were excluded to avoid information
leakage into the subsequent SDG Indicator 11.3.1 consistency assessment.

Residuals were organized as multivariate observations over the endpoint variables and transformed
into pseudo-observations on the unit interval. Copula fitting, dependence estimation, and model
selection were then carried out following the procedure described in Section 5.3.13. The selected
copula model was subsequently used to couple the empirical predictive distributions of BUA and
Pop at the forecast endpoints for Monte Carlo uncertainty propagation.

Because the forecast-based uncertainty propagation in this chapter differs from the Monte Carlo
setup used in Chapter 4, the simulation size was reassessed rather than adopted directly. Conver-
gence was evaluated on a representative high-uncertainty UC in the test set, which was selected
to reflect three stress conditions: small absolute projected PGR, wide forecast uncertainty bounds
for BUA and/or Pop, and cases combining both. Based on this analysis, N = 250,000 was found
sufficient to obtain stable estimates of the reported indicator summaries and probabilistic regime
assignments.

For each UC in the test set, joint random samples were drawn from the coupled BUA–Pop predic-
tive distributions. LCR, PGR, and LCRPGR were then calculated for each Monte Carlo replicate



116 5 Data-Driven Forecasting for Probabilistic LUE Assessment

using the forecasted endpoint values, producing empirical distributions for the three indicators. The
median and 95% prediction interval for each distribution were extracted as uncertainty-aware pro-
jected estimates, which were subsequently mapped to probabilistic LUE classes using the workflow
defined in Sections 4.2.5 and 5.3.14.

5.4.8 Evaluation of Projected SDG Indicator 11.3.1 Estimates and
Probabilistic LUE Classification

The projected indicator distributions were evaluated against the observed deterministic indicator
values derived from the actual 2015 and 2020 endpoint data. Interval adequacy was assessed by
determining whether the observed values fell within the corresponding 95% prediction intervals. Pre-
dictive agreement was then assessed by comparing projected medians of LCR, PGR, and LCRPGR
with their observed values across UCs using median error, median absolute error, and Spearman
rank correlation. These metrics were chosen because they provide robust summaries of central pre-
dictive agreement and cross-UC association, while being less sensitive than mean-based measures
to skewed error distributions and extreme values, particularly for the ratio-based LCRPGR indica-
tor. To further examine how forecast uncertainty was transmitted into the derived SDG Indicator
11.3.1 components, Spearman rank correlations were additionally calculated between UC-specific
input prediction-interval widths and the propagated interval widths of LCR, PGR, and LCRPGR.
Finally, the dominant predicted LUE class was compared with the reference class derived from the
observed endpoint values. As in Chapter 4, realizations assigned to R4–R6 were grouped as Efficient
Built-up Reduction under Population Growth, and those assigned to R12–R14 were grouped as In-
efficient Built-up Expansion under Population Decline; all other regimes were retained individually.
This grouping preserves the shared directional interpretation of each set while simplifying prob-
abilistic reporting. Classification agreement was evaluated using the confusion-matrix framework
described earlier in Section 5.3.14, from which producer’s accuracy, user’s accuracy, and overall
accuracy were derived.

5.4.9 Forecast-Based Projection of SDG Indicator 11.3.1 for 2025–2030

The selected forecasting model was subsequently applied to generate probabilistic forecasts of BUA
and Pop for 2025 and 2030. BUA and Pop covering 1985–2020, i.e., eight historical time steps before
2025 from the GHS-UCDB 2025, were used as inputs for inference to obtain multi-quantile proba-
bilistic forecasts for the target years. The dependence between BUA and Pop forecast uncertainties
was represented using the same copula specification as in Section 5.4.7. It is assumed that the
dependence structure inferred from historical forecast residuals remains stable over the short-term
projection horizon and therefore provides a reasonable approximation of how forecast uncertainties
in BUA and Pop are likely to co-vary in future periods.

These joint predictive distributions were then propagated to SDG Indicator 11.3.1 components
following the same Monte Carlo-based uncertainty propagation framework described earlier, with
N = 250,000. For the 2020–2025 interval, the observed 2020 BUA and Pop values were treated
as fixed inputs and combined with simulated 2025 values, whereas for the 2025–2030 interval,
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simulated values were used for both endpoints. The resulting indicator distributions were then used
for probabilistic LUE classification and confidence assignment following the same procedure defined
earlier, including the grouped regime reporting adopted above.

5.5 Results

5.5.1 Forecasting Performance on the 2015–2020 Evaluation Horizon

The following subsections present the out-of-sample test set forecasting results for the 2015–2020
evaluation horizon based on the ensemble predictions of the candidate models. Results are reported
separately for BUA and Pop, focusing on both point-forecast accuracy and prediction-interval per-
formance, before the formal statistical comparison and final model selection are presented in Sec-
tion 5.5.3.

5.5.1.1 BUA Point Forecast Accuracy and Prediction-Interval Performance

Table 5.2 shows that, for BUA, the global DL models substantially outperformed the ES baseline
in both point forecast accuracy and interval quality. Across the 1,199 UCs, the DL models achieved
very similar and consistently low point forecast errors, with median two-horizon MAE ranging from
0.04 to 0.05 km2 and median MAPE ranging from 0.98% to 1.12%. In particular, five of the six
DL architectures attained the same rounded median MAE of 0.04 km2, while 1D CNN was only
marginally higher at 0.05 km2. This indicates that differences in central absolute-error performance
among the DL models were minimal. GRU nevertheless emerged as the strongest point-forecast
model overall because, while sharing the same median MAE as most of the other DL models, it
attained the lowest median MAPE at 0.98 ± 0.63%. By contrast, ES performs markedly worse,
with a median MAE of 0.23 ± 0.17 km2 and a median MAPE of 4.87 ± 2.63%, confirming that
the classical baseline was much less effective for the present two-horizon, multi-locality forecasting
task.

In terms of prediction-interval performance, the Transformer produced the narrowest intervals,
with the lowest median PIAW of 0.28 km2 and the lowest median Winkler score of 0.30. However, its
PICP of 0.94 fell slightly below the nominal 0.95 level, indicating mild under-coverage. By contrast,
1D CNN attained a PICP of 0.95, matching the nominal level, whereas 1D CNN+GRU yielded the
highest coverage at 0.97, but with wider intervals, as reflected in a median PIAW equal to 0.33 km2,
and a higher median Winkler score of 0.34. This pattern indicates a calibration–sharpness trade-off
across the DL models, with sharper intervals generally associated with slightly reduced coverage.

These findings suggest that the global DL models provided a clear performance advantage over the
ES baseline for BUA forecasting. GRU showed slightly better point-forecast performance overall,
whereas interval results were differentiated mainly by the balance between sharpness and calibration
rather than by a single uniformly superior model. The small spread in MAE, MAPE, PIAW, and
Winkler score across the DL models suggests that all global DL architectures considered here were
broadly effective for forecasting BUA, with differences emerging mainly in whether performance
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was judged more strongly in terms of percentage error, interval sharpness, or calibration. The
poor performance of ES across MAE, MAPE, PIAW, PICP, and Winkler score further indicates
that a simple classical extrapolation approach was insufficient for capturing the diversity of BUA
trajectories across the global set of UCs.

Table 5.2: Two-horizon (2015 and 2020) point forecast accuracy and prediction-interval performance for
BUA, comparing global DL models with the Exponential Smoothing baseline across 1,199 UCs.
Point forecast accuracy is summarized by per-UC two-horizon MAE and MAPE (median ± MAD),
where lower values indicate better performance. Median PIAW gives the typical 95% interval
width, PICP gives empirical coverage across both horizons, and median Winkler Score summarizes
overall interval quality, with lower values indicating better performance.

Model
Median MAE ±

MAD
(km2)

Median MAPE ±
MAD
(%)

Median
PIAW
(km2)

PICP
Median
Winkler
Score

1D CNN 0.05± 0.03 1.12± 0.68 0.32 0.95 0.33

LSTM 0.04± 0.03 1.03± 0.64 0.32 0.96 0.34

GRU 0.04± 0.03 0.98± 0.63 0.32 0.96 0.33

1D CNN+LSTM 0.04± 0.03 1.10± 0.65 0.33 0.96 0.34

1D CNN+GRU 0.04± 0.03 1.01± 0.61 0.33 0.97 0.34

Transformer 0.04± 0.03 1.07± 0.64 0.28 0.94 0.30

Exponential
Smoothing

0.23± 0.17 4.87± 2.63 0.51 0.59 2.51

5.5.1.2 Pop Point Forecast Accuracy and Prediction-Interval Performance

For Pop, Table 5.3 shows that the global DL models again outperformed the ES baseline across
both point forecast accuracy and overall interval performance. In terms of point forecasts, 1D
CNN+LSTM performed most favorably, with the lowest median two-horizon MAE, 2450 ± 1772

persons, and the lowest median MAPE, 2.08±1.24%. The remaining DL models were close behind,
with median MAE values ranging from 2482 to 2691 persons and median MAPE values from 2.09% to
2.22%, indicating that differences in central point-forecast accuracy among the DL architectures were
modest overall. By contrast, ES performed substantially worse, with a median MAE of 4450±3069

persons and a median MAPE of 3.52± 2.21%, confirming that the classical baseline was much less
effective for capturing population trajectories across the global evaluation set.

The probabilistic results again indicated a calibration–sharpness trade-off. The Transformer pro-
duced the narrowest intervals, with the smallest median PIAW of 13,016 persons and the lowest
median Winkler score of 17,227. However, this advantage was offset by a PICP of only 0.86, well be-
low the nominal 0.95 level and indicating substantial under-coverage. In contrast, LSTM, GRU, and
1D CNN+GRU each attained a PICP of 0.95, but with wider intervals and higher Winkler scores.
This indicates that the Transformer favored sharper intervals at the expense of empirical coverage,
whereas the other DL models provided better-calibrated but less sharp predictive intervals.

These findings suggest that the global DL models provided a clear performance advantage over the
ES baseline for Pop forecasting. Among the DL models, differences in point-forecast performance
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Table 5.3: Two-horizon (2015 and 2020) point forecast accuracy and prediction-interval performance for Pop,
comparing global DL models with the Exponential Smoothing baseline across 1,199 UCs. Point
forecast accuracy is summarized by per-UC two-horizon MAE and MAPE (median ± MAD),
where lower values indicate better performance. Median PIAW gives the typical 95% interval
width, PICP gives empirical coverage across both horizons, and median Winkler Score summarizes
overall interval quality, with lower values indicating better performance.

Model
Median MAE ±

MAD
(no. of
persons)

Median MAPE ±
MAD
(%)

Median
PIAW
(no. of
persons)

PICP
Median
Winkler
Score

1D CNN 2,482± 1,754 2.09± 1.31 19,641 0.94 20,854

LSTM 2,691± 1,997 2.22± 1.34 21,940 0.95 23,366

GRU 2,645± 1,986 2.16± 1.29 21,988 0.95 23,685

1D CNN+LSTM 2,450± 1,772 2.08± 1.24 20,935 0.94 22,628

1D CNN+GRU 2,568± 1,836 2.12± 1.29 21,301 0.95 23,105

Transformer 2,535± 1,850 2.13± 1.35 13,016 0.86 17,227

Exponential
Smoothing

4,450± 3,069 3.52± 2.21 20,498 0.80 31,556

were modest, although 1D CNN+LSTM performed slightly more favorably overall. For prediction
intervals, no single model was uniformly optimal across all criteria. The Transformer yielded the
narrowest intervals and lowest Winkler score, but its under-coverage limited its reliability. Several
other DL models achieved nominal coverage with somewhat wider intervals. Compared with the
DL models, ES performed poorly across all metrics, including coverage of 0.80 and a Winkler score
of 31,556, indicating that it was not competitive for global population forecasting in this setting.
Overall, the results suggest that, as with BUA, the main performance distinction lay between the
DL models collectively and the ES baseline, rather than among the individual DL architectures
themselves. The relatively small spread in MAE and MAPE across the DL models suggests that
model choice for Pop depends less on large differences in point accuracy than on the preferred
balance between slightly better central accuracy and better-calibrated prediction intervals.

5.5.1.3 Short- and Medium-Term Forecast Performance

To supplement the two-horizon results, Tables A2–A3 (Appendix) report year-specific performance
metrics for 2015, representing the short-term horizon, and 2020, representing the medium-term
horizon. These horizon-specific metrics show that all models generally exhibited larger point fore-
cast errors and wider prediction intervals for 2020 than for 2015, reflecting the expected decline
in forecast accuracy with increasing lead time. Nevertheless, the relative performance patterns re-
mained broadly consistent with the two-horizon rankings, with the leading models retaining their
comparative advantage across both forecast horizons.



120 5 Data-Driven Forecasting for Probabilistic LUE Assessment

5.5.2 Illustrative UC-Level Forecast Examples

Figures 5.2 and 5.3 present representative out-of-sample BUA and Pop forecasts for 2015 and 2020
and provide visual context for the aggregated results in Tables 5.2 and 5.3. They illustrate why the
global DL models generally outperformed the ES baseline, while also showing that Pop was more
challenging to forecast than BUA.

For BUA, the global DL models generally preserved the direction and overall shape of the historical
trajectories more consistently than the ES baseline (Figure 5.2). Across most representative UCs,
the DL point forecasts for 2015 and 2020 extended the pre-2010 upward trend and remained visually
close to the observed values, particularly in Wuhan, Manchester, and Istanbul. In São Paulo
and Istanbul, the contrast with ES was especially evident. Whereas the DL models continued
the observed upward trajectory, the ES baseline produced markedly flatter central forecasts that
underrepresented the post-2010 increase. Lahore provided a comparatively less clear-cut case, as ES
remained competitive as a point forecaster, while some DL models underpredicted the magnitude
of BUA growth by 2020. These examples are consistent with the aggregated BUA results, which
showed that the DL models achieved lower point-forecast errors than ES across the test set.

The 95% prediction intervals for BUA also exhibited a size-related effect, with narrower bands in
UCs with smaller built-up footprints, such as Manchester and Adelaide, and wider bands in UCs
with larger built-up footprints, such as São Paulo, New York, and Johannesburg. In several cases,
the DL intervals were asymmetric, expanding more strongly in the upper tail. By contrast, the
ES intervals in cases such as São Paulo and Istanbul included sharply declining lower bounds that
appeared less consistent with the observed continuation of BUA growth.

For Pop (Figure 5.3), the representative examples showed larger variation in forecast behavior
across UCs and across models than was observed for BUA. Although the DL models still tended
to preserve the overall direction of change better than ES, the point forecasts showed larger disper-
sion across architectures and more frequent mismatches in the magnitude of continuation. These
characteristics were evident in Lahore and Johannesburg, where several DL models underpredicted
the observed increase by 2020, and in Wuhan and Istanbul, where some models projected stronger
growth than observed. Manchester, New York, and Adelaide exhibited closer agreement between
DL point forecasts and observed values. Overall, these examples are consistent with the aggregated
results indicating that Pop was more difficult to forecast accurately than BUA.

The 95% prediction intervals from the DL models often fanned out strongly by 2020, especially
in Wuhan, São Paulo, Istanbul, New York, and Adelaide, indicating larger uncertainty and reduced
sharpness in population forecasts. In several panels, the lower bounds also indicated nearly stagnant
or slightly declining paths despite the generally upward historical pattern. On the other hand, the
ES baseline again tended to generate flatter central forecasts, particularly in Wuhan, São Paulo,
New York, and Adelaide, where the observed Pop series continued to increase after 2010. The ES
intervals often appeared less plausible, particularly where the central forecast became overly flat
and the lower bound declined markedly despite continued observed growth, as seen most clearly in
Wuhan, São Paulo, and Adelaide.
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Figure 5.2: Example BUA predictions for 2015 and 2020 from the global deep learning models for representative urban centers in the test set. Deep learning
forecasts are shown as medians with corresponding 95% prediction intervals, indicated by dashed lines in matching colors, alongside observed values
and the Exponential Smoothing baseline. Models were trained on 1975–2010 data.
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Figure 5.3: Example Pop predictions for 2015 and 2020 from the global deep learning models for representative urban centers in the test set. Deep learning
forecasts are shown as medians with corresponding 95% prediction intervals, indicated dashed lines in matching colors, alongside observed values and
the Exponential Smoothing baseline. Models were trained on 1975–2010 data.
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Overall, the UC-level examples reinforce the performance results by showing that global DL
models more often preserve the continuity of observed BUA and Pop trajectories than ES, while
also revealing larger uncertainty and heterogeneity in Pop forecasts.

5.5.3 Statistical Comparison and Final Model Selection

For the joint two-horizon point forecasting task for BUA and Pop, the Friedman test indicated that
overall model performance was not identical across architectures (χ2 = 16.65, p < 0.05; Table 5.4).
The corresponding mean ranks nevertheless showed a very close ordering among the leading models,
with GRU obtaining the best rank (3.376), followed almost identically by 1D CNN+GRU (3.377).
This near-equality suggests that the top-performing architectures were broadly similar in overall
point-forecast performance. However, the pairwise Holm-adjusted Wilcoxon signed-rank tests (Ta-
ble 5.4) revealed a selective pattern of significant differences. The top two models, GRU and 1D
CNN+GRU, were not significantly different, indicating that the hybrid architecture did not pro-
vide a statistically demonstrable improvement over the simpler recurrent formulation. GRU was
significantly better than LSTM and 1D CNN+LSTM, while 1D CNN+GRU was significantly bet-
ter than 1D CNN, Transformer, and 1D CNN+LSTM. The corresponding rank-biserial effect sizes
were small, ranging from −0.11 to 0.15, indicating that although some differences were statistically
detectable, the practical separation among the strongest DL candidates remained modest.

Table 5.4: Results of the Friedman test and Holm-adjusted Wilcoxon signed-rank tests for pairwise com-
parisons of per-urban-center (UC) two-horizon joint standardized errors derived from BUA and
Pop MAE across all DL forecasting models. Cells marked with a check (✓) indicate statistically
significant differences between the two models at p < 0.05 (Holm-adjusted), whereas “×” denotes
no significant difference. Models are listed in order of their Friedman mean ranks, from best to
worst.

Friedman
Mean
Rank

Model GRU
1D

CNN+
GRU

LSTM 1D CNN Transformer
1D

CNN+
LSTM

3.376 GRU — × ✓ × × ✓

3.377
1D
CNN+GRU

× — × ✓ ✓ ✓

3.517 LSTM ✓ × — × × ×

3.565 1D CNN × ✓ × — × ×

3.580 Transformer × ✓ × × — ×

3.585
1D
CNN+LSTM

✓ ✓ × × × —

Given the variable-specific forecasting results reported in Section 5.5.1, the rank-based compar-
isons supported selecting GRU as the final model for the joint BUA–Pop forecasting task. Although
no single architecture was uniformly best across all variables and performance metrics, GRU com-
bined the best overall Friedman rank with strong point-forecast accuracy, including the best BUA
point-forecast performance, competitive Pop accuracy, and overall acceptable interval behavior. The
Transformer, while favorable in terms of Winkler score, exhibited sub-nominal coverage for Pop,
whereas 1D CNN+GRU, despite its nearly identical mean rank, did not significantly outperform
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GRU and required a more complex hybrid structure. On this basis, GRU was selected as the final
forecasting architecture, as it provided the most balanced and robust overall performance across
both BUA and Pop, without evidence that a more complex alternative offered a consistent statistical
advantage.

5.5.4 Deep Ensemble Behavior and Stability

With GRU selected as the final architecture for all subsequent analyses, the behavior of its deep
ensemble was further examined to assess the stability and reproducibility of predictions across the
1,199 UCs in the test set. This analysis was intended to determine the extent to which random ini-
tialization and stochastic optimization affected predictive performance across the 30 independently
trained GRU replicates, and to quantify the benefit of aggregating these replicates into a single
ensemble forecast. For each replicate, two-horizon performance was evaluated using MAE, PICP,
and PIAW, representing point forecast accuracy, empirical interval coverage, and interval width,
respectively, over the 2015 and 2020 horizons. Figure 5.4 summarizes the resulting replicate-specific
performance for both BUA and Pop, together with the corresponding ensemble result.

Overall, Figure 5.4 indicates that replicate-to-replicate variability was limited, suggesting that
the selected GRU architecture was inherently stable across repeated training runs. For both BUA
and Pop, the replicate-specific values clustered within relatively narrow ranges, indicating that the
model’s forecasting behavior was not strongly dependent on a particular random seed or optimization
path. Moreover, the ensemble consistently yielded performance equal to or better than that of a
typical single replicate. For BUA, ensemble aggregation reduced the median MAE by approximately
6%, narrowed the median PIAW by about 1%, and increased PICP by roughly 2% relative to
the average performance of the 30 individual replicates. For Pop, the same pattern was observed,
although the magnitude of improvement was smaller: median MAE decreased by around 2%, median
PIAW narrowed by approximately 1%, and PICP increased by less than 1%.

These results show that the value of deep ensembling in this study lay less in correcting severe
instability and more in refining an already stable forecasting architecture. The individual GRU
replicates were broadly consistent, but their aggregation further suppressed residual stochastic vari-
ation and produced forecasts that were, on average, more accurate, slightly sharper, and better
calibrated than those from any single model instance. These characteristics provide an additional
justification for carrying the ensemble-based GRU forecasts forward into subsequent probabilistic
SDG Indicator 11.3.1 projection and uncertainty-propagation analyses.
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Figure 5.4: Two-horizon performance metrics (MAE, PIAW, PICP) for 30 independently trained replicates of the GRU model and the deep ensemble (DE),
evaluated over the 1,199 urban centers (UCs) in the test set. Boxplots for MAE and PIAW represent the distribution of per-UC values after excluding
outliers, about 120–140 UCs, using the 1.5 × IQR rule to enhance visual clarity; all statistical calculations use the full test set. PICP bars report
empirical coverage across all UCs for 2015 and 2020.
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5.5.5 Forecast Uncertainty Dependence Modeling

The dependence structure used for joint uncertainty propagation was estimated from out-of-sample
forecast residuals from the validation set. Among the candidate models, the specification with
the lowest AIC was a truncated vine copula with truncation at tree level 2, and all retained pair-
copula links belonged to the Student-t family. The fitted dependence structure showed that joint
uncertainty was characterized mainly by strong temporal dependence within each variable across
the forecast horizons, with model-implied Kendall’s tau values of 0.69 for BUA2015–BUA2020 and
0.72 for Pop2015–Pop2020. In contrast, residual dependence between BUA and Pop was weak. The
same-year link between BUA2015 and Pop2015 had a Kendall’s tau of only 0.04. The second-tree
links were also close to zero: BUA2020–Pop2015 conditional on BUA2015 had a Kendall’s tau of
−0.03, while BUA2015–Pop2020 conditional on Pop2015 had a Kendall’s tau of −0.06. Dependence
beyond tree level 2 was truncated to independence; hence, no third-tree pair-copula was retained,
and the corresponding higher-order conditional dependence was treated as zero.

This result indicates that the copula mainly captured temporal co-movement of forecast errors
within BUA and within Pop, while adding only limited cross-variable dependence. In the propa-
gation step, dependent random samples drawn from this fitted copula were mapped through the
inverse empirical predictive CDFs of the forecast variables to obtain joint Monte Carlo samples on
the original scales of BUA and Pop.

5.5.6 Effects of Forecast Uncertainty on SDG Indicator 11.3.1 Estimates

Figure 5.5 summarizes the distribution of 95% prediction-interval widths (PIWs) across the 1,199
test-set UCs for forecasted BUA and Pop at both forecast horizons, as well as for the projected
SDG Indicator 11.3.1 components derived from them. At the input level, forecast uncertainty in
BUA was generally modest and right-skewed, with median PIWs of 0.12 km2 in 2015 and 0.53 km2

in 2020 (Figure 5.5a–b). This result indicated a clear widening of uncertainty at the longer forecast
horizon, while remaining relatively limited for most UCs. In contrast, forecast uncertainty in Pop
was more heterogeneous across UCs. Median PIWs increased from about 11,000 persons in 2015
to about 31,000 persons in 2020; the distributions showed long right tails extending to very large
values for a subset of UCs, indicating substantial variation in population forecast uncertainty across
the test set, especially at the later horizon (Figure 5.5e–f).

When these forecast uncertainties were propagated through the SDG Indicator 11.3.1 formulae,
the resulting uncertainty profiles differed markedly across the three indicators. LCR exhibited
the narrowest and most homogeneous projected uncertainty across UCs, with a median PIW of
2.08% and a relatively compact distribution (Figure 5.5c). Its corresponding PICP, calculated as
the proportion of UCs for which the observed LCR value fell within the propagated 95% interval,
was 0.91. This PICP was below the nominal 0.95 level, indicating slight under-coverage, but still
suggested comparatively stable projected intervals. PGR showed broader and more heterogeneous
projected uncertainty, with a median PIW of 3.53%, consistent with the more uneven uncertainty
already observed in the population forecasts (Figure 5.5f). Its PICP, again evaluated against the
observed PGR values, was 0.92, indicating mild under-coverage.
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Figure 5.5: Distribution of 95% prediction interval widths (PIW) across the 1,199 test-set urban centers for forecasted built-up area (BUA) and population (Pop) in 2015 and
2020, and for the corresponding uncertainty-aware SDG Indicator 11.3.1 components (LCR, PGR, and LCRPGR), together with their prediction interval coverage
probabilities (PICPs) over the 2015–2020 period. For BUA and Pop, PIWs are derived directly from the forecasting model’s 95% prediction intervals, representing
input uncertainty at each time step. For LCR, PGR, and LCRPGR, PIWs and PICPs are calculated from the full Monte Carlo predictive distributions obtained
through joint uncertainty propagation using the truncated level-2 vine copula. For visualization clarity, the histograms are truncated to the ranges shown.
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The strongest uncertainty amplification was observed for LCRPGR (Figure 5.5g). Its median
PIW reached 18.44, and the distribution was strongly right-skewed, with very large widths for a
non-negligible subset of UCs. The histogram in Figure 5.5g was truncated for visualization clarity.
Despite this substantial spread, the corresponding PICP, calculated against the observed LCRPGR
values, was 0.95. This PICP suggests that, although LCRPGR exhibited the largest propagated
uncertainty, the corresponding intervals provided the strongest empirical coverage among the three
propagated outputs. Overall, the combined PIW and PICP results showed a clear pattern in
forecast-uncertainty propagation across the test set: projected uncertainty was narrowest and most
stable for LCR, broader for PGR, and most strongly amplified for LCRPGR.

To further examine how forecast uncertainty was transmitted from the inputs to the derived
indicators, Spearman rank correlations (ρ) were calculated using UC-specific PIWs (Table 5.5).
Across the test set, uncertainty width appeared highly persistent within each forecast target across
horizons, with correlations of 0.98 for both BUA and Pop between 2015 and 2020. BUA and Pop
interval widths were also positively associated across UCs (ρ = 0.71–0.77), suggesting that some
UCs tended to show comparatively wider intervals for both forecast targets. Among the propagated
indicators, PGR interval width was more closely associated with population forecast uncertainty
(ρ = 0.57–0.62) than with BUA forecast uncertainty. By contrast, LCR interval width showed only
a weak association with the input forecast interval widths. LCRPGR interval width was close to
uncorrelated with both BUA and Pop forecast interval widths (ρ = −0.13 to −0.02). These results
suggest that the absolute sizes of the forecast intervals in the inputs did not fully account for the
large uncertainty observed in LCRPGR.

This interpretation is supported by Figure 5.6, which shows that the width of the propagated
LCRPGR interval was related to the absolute projected median PGR. The figure shows that the
propagated LCRPGR interval widened sharply as the absolute value of the projected PGR ap-
proached zero. This pattern could be attributed to the denominator sensitivity of the ratio formula-
tion and suggests that instability in forecast-based LCRPGR was influenced not only by uncertainty
in BUA and Pop, but also by the indicator’s structural sensitivity when projected population growth
was weak.

Table 5.5: Spearman rank-correlation matrix of UC-specific 95% prediction-interval widths for forecasted
BUA and Pop at the 2015 and 2020 horizons, and for the propagated SDG Indicator 11.3.1
components across the 1,199 test-set UCs.

BUA
2015

BUA
2020

Pop
2015

Pop
2020

LCR PGR LCRPGR

BUA2015 1.00

BUA2020 0.98 1.00

Pop2015 0.75 0.77 1.00

Pop2020 0.71 0.73 0.98 1.00

LCR −0.28 −0.32 0.22 0.26 1.00

PGR 0.06 0.03 0.57 0.62 0.78 1.00

LCRPGR −0.12 −0.13 −0.03 −0.02 0.28 0.07 1.00
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Figure 5.6: Relationship between the absolute projected median PGR and the 95% prediction-interval width
(PIW) of projected LCRPGR across the 1,199 test-set urban centers (UCs). Each point represents
one UC, and the red curve shows a fitted power function summarizing the overall trend. The
Spearman rank-correlation coefficient (ρ) is −0.81.

5.5.7 Predictive Agreement of Projected LCR, PGR, and LCRPGR with
Observed Values

Table 5.6 summarizes the agreement between projected median indicator values and the correspond-
ing observed values across the test-set UCs. The median error was close to zero across all three
indicators, indicating little systematic bias. LCR had the smallest median absolute error, showing
the closest agreement in terms of typical error size. PGR had the highest Spearman’s ρ, indicating
the strongest rank-based agreement; that is, UCs with higher observed PGR also tended to have
higher projected PGR, and vice versa. LCRPGR showed the weakest rank-based agreement and a
median absolute error similar to that of PGR. These results suggest that the BUA–Pop forecasting
model produced broadly reliable projected inputs for downstream indicator estimation, although
agreement weakened for LCRPGR due to its more pronounced sensitivity to the ratio-based formu-
lation.

Table 5.6: Agreement statistics between projected median indicator values and observed values across the
1,199 test-set UCs. Median Error and Median Absolute Error are expressed in the same units
as the corresponding indicator component. Accordingly, LCR and PGR errors are reported in
percentage points, whereas LCRPGR errors are unitless.

Indicator
Component

Median
Error

Median Absolute
Error

Spearman’s
ρ

LCR −0.01 0.28 0.53

PGR −0.03 0.48 0.66

LCRPGR 0.04 0.49 0.40
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5.5.8 Characteristics and Accuracy of Projected Probabilistic LUE
Classification

Figure 5.7 and Table 5.7 provide complementary views of the projected probabilistic LUE regime
classification performance across the 1,199 test-set UCs. Figure 5.7 summarizes the aggregate
class distribution, showing that, relative to the observed classification, the projected probabilistic
results assigned more UCs to Efficient Built-up Expansion under Faster Population Growth (R2)
and Inefficient Built-up Expansion under Population Decline (R12–R14), and fewer to Inefficient
Built-up Expansion under Slower Population Growth (R16). This indicates that, once forecast
uncertainty in BUA and Pop was propagated through the SDG Indicator 11.3.1 transformations,
the resulting probabilistic projection did not reproduce the observed class frequencies exactly, but
instead tended to reallocate some UCs away from the sprawl-driven inefficient class toward either
efficient-growth or decline-related regimes.

Figure 5.7: Distribution of LUE regimes across the test set (1,199 urban centers) based on observed indicators
and probabilistic, uncertainty-aware classification derived from Monte Carlo simulations.

Table 5.7 examines this pattern at the UC level through a confusion-matrix assessment. The
projected probabilistic classification achieved an overall accuracy of 63.6%, indicating moderate
agreement with the observed classes. Agreement was strongest for Efficient Built-up Expansion
under Faster Population Growth and Inefficient Built-up Expansion under Population Decline, with
producer’s accuracies of 73.4% and 77.7%, respectively. In contrast, Inefficient Built-up Expansion
under Slower Population Growth showed a substantially lower producer’s accuracy of 18.7%. User’s
accuracies showed the same pattern, with higher reliability for R2 and the combined R12–R14 group
than for R16. These results suggest that forecast uncertainty in BUA and Pop did not affect all
regimes equally. Instead, the projected probabilistic classification was more effective at correctly
identifying the two dominant LUE regimes than at distinguishing inefficient expansion under slower
population growth, which was frequently reassigned to neighboring regimes.

Table 5.8 further shows that correctly projected probabilistic classifications tended to have higher
dominant regime probabilities than incorrectly projected ones. The median dominant probability
was 0.69 for correct classifications, compared with 0.50 for incorrect classifications, with the in-
terquartile range likewise shifted upward for the correct group. This result is consistent with the
earlier findings from Figure 5.7 and Table 5.7. UCs that were correctly classified generally retained
a more clearly dominant projected regime, even after forecast uncertainty in BUA and Pop was
propagated into LCR, PGR, and LCRPGR. In contrast, misclassified UCs tended to show weaker
dominance and larger ambiguity among competing classes.
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Table 5.7: Confusion matrix showing agreement between observed LUE classes and probabilistic LUE clas-
sifications derived from Monte Carlo–simulated distributions of LCR, PGR, and LCRPGR across
1,199 UCs. Rows represent predicted dominant probabilistic classes and columns represent ob-
served classes.

Predicted /
Observed

Efficient
Built-up

Expansion
Under Faster
Population

Growth
(R2)

Inefficient
Built-up

Expansion
under

Population
Decline

(R12–R14)

Inefficient
Built-up

Expansion
under Slower
Population

Growth
(R16)

Total
User’s

Accuracy
(%)

Efficient Built-up
Expansion under
Faster Population
Growth (R2)

347 69 102 518 67.0

Inefficient Built-up
Expansion under
Population Decline
(R12–R14)

89 369 102 560 65.9

Inefficient Built-up
Expansion under
Slower Population
Growth (R16)

37 37 47 121 38.8

Total 473 475 251 1,199

Producer’s
Accuracy (%)

73.4 77.7 18.7

Overall Accuracy
(%)

63.6

Table 5.8: Summary statistics of dominant LUE regime probabilities for projected probabilistic LUE classi-
fications across the 1,199 test-set UCs, grouped by whether the dominant predicted class matches
the observed class.

Type Median IQR Min–Max

Correct Classifications 0.69 0.52–0.80 0.35–1.00

Incorrect Classifications 0.50 0.42–0.62 0.33–0.94

5.5.9 SDG Indicator 11.3.1 Projections for 2025–2030

Figure 5.8 summarizes the distributions of observed and forecasted BUA, Pop, and the derived SDG
Indicator 11.3.1 components across the 8,478 UCs, together with forecast uncertainty expressed as
95% PIW. The 2020 values are observed, whereas the 2025 and 2030 values are forecast medi-
ans. These summaries are complemented by the global maps in Figure 5.9, which show the spatial
patterns of LCR, PGR, and LCRPGR for 2020–2025 and 2025–2030 and reveal marked regional
differences in growth rates and efficiency outcomes. These figures show how projected central ten-
dencies, spatial structure, and uncertainty evolve, while Tables 5.9–5.10 provide the corresponding
aggregated global projections from the Monte Carlo simulations.
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Figure 5.8: Distributions of observed (2020) and forecasted (2025–2030) BUA, Pop, and the derived SDG
Indicator 11.3.1 components across the 8,478 urban centers in the study.

Table 5.9: Aggregated BUA and Pop projections and derived SDG Indicator 11.3.1 metrics for 8,478 urban
centers (2020–2030). Values for 2020 are observed. Values for 2025 and 2030 are median estimates
from 250,000 Monte Carlo simulations of global totals, with 95% prediction intervals [2.5th–97.5th
percentiles]. Percentage change columns indicate relative shifts across forecast horizons.

Metric 2020
(Observed)

2025
(Forecast)

2030
(Forecast)

%
Change
(2020–
2025)

% Change
(2025–
2030)

%
Change
(2020–
2030)

Total BUA
(× 1000
km2)

108.81
111.47

[110.21–113.28]
114.00

[111.34–123.39]
+2.44 +2.27 +4.77

Total Pop
(Billions)

2.88
3.03

[2.85–3.21]
3.17

[2.71–3.67]
+5.28 +4.61 +10.13
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Figure 5.9: Global distribution of projected SDG Indicator 11.3.1 components across 8,478 urban centers for
two forecast horizons. Maps are based on median estimates from uncertainty-aware forecasts.

Table 5.10: Aggregated SDG Indicator 11.3.1 projections for 8,478 urban centers (2020–2030). Results are
reported with 95% prediction intervals [2.5th–97.5th percentiles].

Period LCR (% yr−1) PGR (% yr−1) LCRPGR

2020–2025
0.49

[0.26–0.82]
1.03

[−0.19–2.18]
0.46

[−3.06–2.12]

2025–2030
0.45

[0.16–1.79]
0.91

[−0.99–2.72]
0.41

[−4.15–4.80]
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For BUA (Figure 5.8a), the distributions were forecasted to shift upward from 2020 to 2025 and
2030, indicating continued urban expansion across UCs. This result is consistent with Table 5.9,
which shows steady global BUA growth, with a cumulative increase of 4.77% from 2020 to 2030.
The BUA 95% PIW (Figure 5.8b) remained tightly clustered at low values in 2025, mostly below 0.5
km2, but became more dispersed by 2030, consistent with the wider aggregated prediction intervals
reported in Table 5.9.

For LCR (Figure 5.8c), both interval distributions were projected to remain centered on positive
values, indicating continued land consumption across most UCs. However, the 2025–2030 distribu-
tion shifted toward lower values, suggesting moderation in land consumption rates. This pattern is
also reflected in Table 5.10, where median global LCR declines slightly from 0.49% in 2020–2025 to
0.45% in 2025–2030. At the same time, LCR uncertainty increased, with wider PIWs in 2025–2030
(Figure 5.8d), consistent with Table 5.10.

Forecasted population distributions (Figure 5.8e) likewise shifted upward from 2020 to 2030,
reflecting continued growth across UCs. Table 5.9 shows the global population increasing from
about 2.88 billion in 2020 to about 3.03 billion in 2025 and 3.17 billion in 2030, corresponding
to cumulative growth of just over 10%. This growth was accompanied by higher uncertainty, as
population PIWs (Figure 5.8f) widened markedly from 2025 to 2030.

The PGR distributions (Figure 5.8g) were projected to remain centered near zero in both periods
but shifted downward in 2025–2030, with more UCs showing near-zero or negative growth. This
suggests slowing demographic momentum, as also reflected in Table 5.10, where median global
PGR declines from 1.03% in 2020–2025 to 0.91% in 2025–2030. As with LCR, this moderation was
accompanied by wider uncertainty intervals in the later period (Figure 5.8h).

For LCRPGR, both distributions remained centered near zero but shifted toward lower values
in 2025–2030, with more UCs concentrated at negative or near-zero ratios (Figure 5.8i). This
result reflects the combined effect of moderating land consumption and slowing population growth.
Table 5.10 shows a corresponding decline in median global LCRPGR from 0.46 in 2020–2025 to
0.41 in 2025–2030. At the same time, LCRPGR uncertainty increased substantially: the 95% PIW
was already wide in 2020–2025 and became even more dispersed in 2025–2030 (Figure 5.8j). Thus,
even where LCRPGR was projected to decline, the range of plausible efficiency outcomes widened,
calling for cautious interpretation of longer-term projections for SDG Indicator 11.3.1.

5.5.10 Probabilistic LUE Classification and Confidence Patterns

Figures 5.10–5.11 present the global spatial distribution of probabilistic LUE classes and their
associated classification confidence for the 2020–2025 and 2025–2030 periods, respectively, while
Tables 5.11–5.12 summarize the corresponding distributions across the 8,478 global UCs.

For the 2020–2025 period, where BUA and Pop values for 2020 were observed and uncertainty
arose only from the 2025 forecasts, LUE outcomes were dominated by Efficient Built-up Expansion
under Faster Population Growth (R2) and Inefficient Built-up Expansion under Population Decline
(R12–R14), accounting for about 39% and 36% of UCs, respectively (Table 5.11). Inefficient Built-
up Expansion under Slower Population Growth (R16) accounted for about 14%. The projected
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spatial patterns in Figure 5.10a showed broad clustering of R2 and R12–R14 across different world
regions, with R12–R14 appearing prominently across several areas and R2 also widely distributed..

The remaining projected regimes accounted for much smaller shares. Efficient Built-up Reduction
under Population Growth (R4–R6), in which the forecasted built-up area in 2025 was lower than
the observed built-up area in 2020 while population increased, accounted for about 7% of UCs.
Efficient Built-up Reduction under Population Decline (R8), in which both LCR and PGR were
negative but the decline in built-up area was stronger, was extremely rare, with only 7 UCs, or less
than 1% of the total. Inefficient Built-up Reduction under Population Decline (R10), in which both
rates were negative but population decline was stronger, accounted for about 3% of UCs.

The forecast classification confidence for 2020–2025 was relatively concentrated in the upper
categories, from moderate to very high. About 55% of UCs fell in the high or very high confidence
classes, while about 25% fell in the low or very low confidence classes (Figure 5.10b; Table 5.11).
R2 and the combined R12–R14 contained the largest numbers of high- and very-high-confidence
classifications. For R2, about 65% of its UCs fell in the high or very high confidence categories,
while for the combined R12–R14, the corresponding share was about 62%. By contrast, R16 was
more concentrated in the lower confidence categories, with about 48% in very low or low confidence
and only about 24% in high or very high confidence. The combined R4–R6 was centered more in
the middle confidence range, with most UCs in the low to high categories and relatively few in the
very high class. R10 was also concentrated in the lower to middle confidence levels. R8 was limited
to the very low and low confidence classes.

For the 2025–2030 period, in which both temporal endpoints were derived from probabilistic fore-
casts, the projected class distribution became more concentrated into two regimes (Figure 5.11a;
Table 5.12). Inefficient Built-up Expansion under Population Decline (R12–R14) accounted for
about 55% of UCs, while Efficient Built-up Expansion under Faster Population Growth (R2) ac-
counted for about 42%. Inefficient Built-up Expansion under Slower Population Growth (R16)
declined sharply to about 3%. In contrast to 2020–2025, the combined R4–R6, R8, and R10 no
longer appeared as dominant projected classes in Table 5.12. Spatially, Figure 5.11a showed an in-
tensification of the combined R12–R14 patterns across large parts of Europe, East Asia, and other
regions previously shown to be affected by projected population decline (Figure 5.9c–d).

The forecast confidence distribution also shifted downward in 2025–2030. About 29% of UCs
fell in the high or very high confidence categories, compared with about 55% in 2020–2025, while
about 45% fell in the very low or low confidence classes, compared with about 25% in the earlier
period (Figure 5.11b; Table 5.12). Moderate-confidence classifications also increased slightly. For
R2, the projected classifications were distributed mainly across the very low, low, moderate, and
high confidence categories, with very few UCs in the very high category. The combined R12–R14
retained the largest number of high-confidence classifications, but its distribution was also more
spread toward lower confidence levels than in 2020–2025. For R16, all projected classifications
fell in the very low confidence category in 2025–2030. These results show that the later forecast
period was characterized by a narrower set of dominant projected LUE regimes and lower forecast
classification confidence overall.
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Comparing the two periods shows two clear patterns. While the spatial structure and domi-
nance of LUE classes evolved gradually, the reliability of regime assignment deteriorated sharply
as uncertainty propagated from one uncertain endpoint in 2020–2025 to two uncertain endpoints
in 2025–2030. Figure 5.11b shows that areas with dominant regimes could nevertheless experience
substantial reductions in classification confidence.

Figure 5.10: Probabilistic LUE regime classification and classification confidence for the 2020–2025 period
across 8,478 global urban centers.
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Figure 5.11: Probabilistic LUE regime classification and classification confidence for the 2025–2030 period
across 8,478 global urban centers.
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Table 5.11: Distribution of urban centers by LUE regime and classification confidence (2020–2025).
Classification Confidence

LUE Regime Very low
(< 0.50)

Low
(0.50–0.65)

Moderate
(0.65–0.80)

High
(0.80–0.95)

Very High
(> 0.95)

Total UCs

Efficient Built-
up Expansion
under Faster
Population
Growth (R2)

203
(2.4%)

427
(5.0%)

536
(6.3%)

1,216
(14.3%)

953
(11.2%)

3,335
(39.3%)

Efficient Built-
up Reduction
under
Population
Growth (R4–
R6)

74
(0.9%)

123
(1.5%)

173
(2.0%)

172
(2.0%)

50
(0.6%)

592
(7.0%)

Efficient Built-
up Reduction
under
Population
Decline (R8)

5
(0.1%)

2
(0.0%)

– – – 7
(0.1%)

Inefficient
Built-up
Reduction
under
Population
Decline (R10)

71
(0.8%)

75
(0.9%)

82
(1.0%)

54
(0.6%)

10
(0.1%)

292
(3.4%)

Inefficient
Built-up
Expansion
under
Population
Decline (R12–
R14)

204
(2.4%)

382
(4.5%)

598
(7.1%)

1,277
(15.1%)

633
(7.5%)

3,094
(36.5%)

Inefficient
Built-up
Expansion
under Slower
Population
Growth (R16)

184
(2.2%)

375
(4.4%)

322
(3.8%)

255
(3.0%)

22
(0.3%)

1,158
(13.7%)

Total 741
(8.7%)

1,384
(16.3%)

1,711
(20.2%)

2,974
(35.1%)

1,668
(19.7%)

8,478
(100%)

5.6 Discussion

5.6.1 Implications of Formulating Joint BUA–Pop Forecasting as a Global
Pooled Learning Task

The results indicate that formulating BUA and Pop forecasting as a pooled, joint-target learning
problem across thousands of UCs was effective for capturing broad temporal regularities while still
accommodating locality-level heterogeneity. Across 8,478 UCs, the workflow was designed explic-
itly to learn from a shared collection of historical BUA–Pop trajectories rather than from isolated
city-specific models. The test-set results show that this global formulation generated accurate
out-of-sample forecasts for both variables across diverse regional and income-group contexts. The
representative UC examples further support this interpretation, showing that the global DL models
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Table 5.12: Distribution of urban centers by LUE regime and classification confidence (2025–2030).
Classification Confidence

LUE Regime Very low
(< 0.50)

Low
(0.50–0.65)

Moderate
(0.65–0.80)

High
(0.80–0.95)

Very High
(> 0.95)

Total UCs

Efficient Built-
up Expansion
under Faster
Population
Growth (R2)

858
(10.1%)

883
(10.4%)

1,025
(12.1%)

794
(9.4%)

4
(0.1%)

3,564
(42.0%)

Inefficient
Built-up
Expansion
under
Population
Decline (R12–
R14)

903
(10.7%)

942
(11.1%)

1,189
(14.0%)

1,483
(17.5%)

175
(2.1%)

4,692
(55.3%)

Inefficient
Built-up
Expansion
under Slower
Population
Growth (R16)

222
(2.6%)

– – – – 222
(2.6%)

Total 1,983
(23.4%)

1,825
(21.5%)

2,214
(26.1%)

2,277
(26.9%)

179
(2.1%)

8,478
(100%)

generally preserved the direction and continuation of observed post-2010 trajectories more consis-
tently than the local ES benchmark, especially for BUA. The results also show that Pop is more
difficult to forecast than BUA, indicating that pooled learning improves generalization but does not
eliminate the intrinsic complexity of demographic dynamics across UCs.

This finding is important for the broader context of this dissertation because the forward-looking
SDG Indicator 11.3.1 assessment requires coherent forecasts of both land and population inputs, not
just single-variable extrapolations. The present results suggest that shared representation learning
across UCs can provide that coherence in a scalable way. In other words, the global formulation
appears to offer a practical compromise between purely local models, which may be too weak to
learn robustly from very short series, and highly city-specific modeling strategies, which are difficult
to scale consistently across the world. This finding, however, requires some qualification. Later
residual-dependence analysis (Section 5.5.5) showed only weak cross-variable dependence between
BUA and Pop forecast residuals. This does not mean that the forecasting task was not genuinely
joint. Rather, it means that after forecasting, the remaining dependence between the two variables
was weak in the residual or uncertainty structure examined here. In other words, the model may still
have benefited from learning BUA and Pop together even if the final forecast errors did not show
strong coupling. The main advantage of the joint formulation, therefore, lies less in capturing strong
cross-variable dependence structure and more in enabling simultaneous, scalable forecasting of both
SDG Indicator 11.3.1 inputs within a shared global framework. Additionally, it should be made clear
that this forecasting exercise is conditional on the observed historical input segment being treated
as fixed, so the gains demonstrated here should be interpreted as improvements in forecasting future
states given the available history, rather than as a full representation of all uncertainty affecting
future LUE assessment.
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5.6.2 Comparative Behavior of the Candidate DL Architectures

The architecture comparison shows that the main performance differences among the DL models
were modest, with the best candidates separated by only small margins. The Friedman test in-
dicated overall differences among architectures. However, the top mean ranks of GRU and 1D
CNN+GRU were nearly identical, and the corresponding pairwise effect sizes were small. This
pattern suggests that, under the short-sequence setting used here, the key benefit came less from
architectural sophistication per se than from the model’s ability to learn stable nonlinear temporal
summaries from the eight-step historical window. GRU emerged as the most balanced final choice
because it combined the best overall joint rank with the strongest BUA point performance, com-
petitive Pop performance, and acceptable interval behavior, while avoiding the added structural
complexity of the hybrid alternative. The strong performance of GRUs further suggests that re-
current architectures are especially well-suited for handling the nonlinear, intermittent, and often
asymmetric growth patterns characteristic of urban expansion. This observation is consistent with
findings from sequence modeling research showing that gated recurrent mechanisms perform well
when temporal signals are sparse, noisy, or irregular, and when forecasting horizons are short (e.g.,
Abotaleb & Dutta, 2024; Barua et al., 2024; Che et al., 2018; Li & Xu, 2019; Mateus et al., 2021).
The finding that such architectures generalize effectively across thousands of highly diverse urban
contexts adds weight to the argument that global, data-driven models can extract transferable
temporal representations even when local conditions differ markedly.

The performance comparison also reveals that more architectural complexity did not automat-
ically translate into more reliable forecasting for this application. The Transformer, for example,
achieved a very favorable prediction interval, as reflected in the Winkler score, but this came at
the cost of sub-nominal coverage for Pop. Conversely, the recurrent and hybrid models tended
to be somewhat less sharp but more conservative and better calibrated. The implication is that,
for uncertainty-aware SDG forecasting, model selection cannot be based solely on point accuracy
or interval sharpness. A model that yields narrow intervals but systematically undercovers is less
suitable for downstream uncertainty propagation than a slightly less sharp model whose predictive
distributions remain more credible. From that perspective, the final choice of GRU is defensible
not because it dominated every metric, but because it offered the most robust trade-off across joint
forecasting accuracy, calibration, and parsimony.

5.6.3 Role of Deep Ensembling in Stabilizing Predictive Uncertainty

The deep ensemble results show that ensembling contributed meaningful refinement even though the
selected GRU architecture was already fairly stable at the single-model level. Replicate-to-replicate
variability across the 30 independently trained GRU models was limited, indicating that the fitted
forecasting behavior was not highly sensitive to random initialization or optimization path. Even so,
aggregating across replicates still improved the final forecast, especially for BUA, as evidenced by
reduced median MAE, narrower prediction interval widths, and increased empirical coverage. For
Pop, the gains were smaller but still relevant. These results suggest that the main contribution of
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deep ensembling in this study was not to compensate for an unstable model, but to suppress residual
stochastic variation and produce a more reproducible predictive distribution for downstream use.

These findings are especially relevant in the present chapter because the forecasts are not the
final analytical product; they are intermediate, uncertainty-bearing inputs to the propagation of
SDG Indicator 11.3.1. In that setting, even modest improvements in stability matter because
small changes in BUA and Pop uncertainty can be magnified once propagated into LCR, PGR,
and especially LCRPGR. The ensemble therefore strengthens the methodological credibility of the
workflow by ensuring that the propagated distributions reflect the systematic behavior of the se-
lected architecture rather than the stochastic variation from a single training run. The later use
of denser ensemble quantiles to reconstruct empirical predictive CDFs also makes the uncertainty
representation sufficiently smooth and informative for Monte Carlo propagation.

5.6.4 Added Value of the Global DL Workflow Relative to the ES Baseline

One of the objectives of the chapter was to determine whether the proposed global DL workflow offers
real value beyond a classical local benchmark, and the results clearly show that it does. As shown
in Tables 5.2 and 5.3, all DL models substantially outperformed the ES baseline in terms of point-
forecast accuracy and prediction-interval quality for both BUA and Pop. The gap was especially
pronounced for BUA, where ES showed much larger MAE and MAPE values. This difference
should be interpreted in light of the distinct role of ES in the experimental design. ES was included
as a classical local, univariate baseline, as described in Section 5.4.5, to represent what can be
achieved using only each UC’s own historical trajectory, without cross-UC learning, joint BUA–Pop
modeling, or deep feature representation. It is therefore not expected to match the representational
capacity of the global DL models; rather, it serves as a simple local trend-extrapolation benchmark
against which the added value of cross-UC learning, joint BUA–Pop modeling, and nonlinear feature
representation can be assessed.

The qualitative examples show that the ES forecasts frequently became too flat and often failed
to preserve the continuation of observed upward trajectories. In contrast, the DL models more often
maintained the observed temporal direction and magnitude of change. This difference is important
because the forecasting problem here is not simply short-term extrapolation of an isolated series,
but joint projection across many UCs with diverse growth paths. The stronger performance of the
DL models in Tables 5.2 and 5.3 therefore suggests that the forecasting task benefits from pooled
learning across many UCs, especially under short five-year interval time series where purely local
smoothing methods have limited information from which to estimate future change. The results
therefore support the claim that cross-UC learning carries substantial added value over purely local,
univariate smoothing in this application.

Moreover, the baseline comparison is useful because it clarifies the source of the added value. The
advantage of the DL workflow appears to lie in its ability to exploit pooled information and nonlin-
ear structure across related series, rather than merely in using a more modern modeling approach.
ES remained transparent and computationally simple, but its poorer performance indicates that
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locality-specific univariate extrapolation is generally insufficient for the coupled BUA–Pop forecast-
ing task required by forward-looking LUE assessment. Thus, the large difference between ES and
the DL models does not undermine the suitability of ES as a baseline; rather, it confirms its function
as a simple classical reference against which the added value of global joint-target DL forecasting
can be evaluated. This finding reinforces the chapter’s broader methodological argument. If the
goal is not just to forecast single trajectories, but to obtain coherent probabilistic inputs for derived
SDG indicators across thousands of UCs, then a global joint-target framework is more appropriate
than a collection of independent local models.

5.6.5 Implications for Forecast-Uncertainty Propagation and Probabilistic LUE
Assessment

The uncertainty-propagation results show that forecast uncertainty is not transmitted uniformly
across the components of SDG Indicator 11.3.1. LCR remained the most stable derived quan-
tity, with comparatively narrow propagated intervals and only mild under-coverage. PGR showed
broader, more heterogeneous uncertainty, reflecting the larger variability already present in popu-
lation forecasts. LCRPGR, however, displayed the strongest amplification; its median 95% interval
width was far larger than those of LCR and PGR, and its distribution was strongly right-skewed
across the test-set UCs.

The results further show that this amplification cannot be explained solely by the size of the input
intervals. The fitted dependence model indicated strong temporal dependence within BUA and
within Pop forecast residuals, but only weak cross-variable dependence. Moreover, the correlation
analysis showed that the LCRPGR interval width was nearly uncorrelated with the widths of the
BUA and Pop forecast intervals. Instead, LCRPGR uncertainty widened sharply as the absolute
projected median PGR approached zero. This finding closely aligns with the literature’s emphasis
on denominator sensitivity as a central source of anomalous LCRPGR behavior. Studies in the
deterministic setting have shown that small population fluctuations can induce large magnitude
changes, sign reversals, and oscillatory behavior in the ratio (Angel et al., 2024; Zhong et al.,
2025b). The forecasting results extend that insight by showing that even reasonably calibrated
forecasts of BUA and Pop may still produce highly unstable LCRPGR projections when projected
demographic growth is weak. Thus, the main source of instability is not merely forecast imprecision
in the inputs, but the interaction between forecast uncertainty and the mathematical form of the
indicator itself.

The classification results further clarify the decision relevance of uncertainty-aware forecasting.
The projected probabilistic LUE classification achieved an overall accuracy of 63.6% against ob-
served classes, with substantially stronger producer’s accuracy for R2 and combined R12–R14 than
for R16. Moreover, correct classifications were associated with higher dominant-regime probabili-
ties than incorrect ones, showing that the posterior dominance measure is informative. It follows
that the workflow does not only output a future class label; it also communicates how strongly
the propagated uncertainty supports that class. That is a practical advantage over deterministic
forecasting, because it allows regime prevalence and regime reliability to be distinguished. At the
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same time, the weak performance of the sprawl-driven inefficient class indicates that some regimes
are inherently less separable under forecast uncertainty.

5.6.6 Interpretation of the 2020–2025 and 2025–2030 Projections

The 2025–2030 projections extend the discussion from evaluation to prospective insight. At the
aggregate level, the forecasts suggest continued growth in both BUA and Pop across the global
UC system up to 2030. These forecasting results can be interpreted in relation to earlier global
and regional urban growth projections and SDG Indicator 11.3.1 monitoring efforts. In terms of
magnitude, the projected growth rates of BUA and Pop are also consistent with broader global
urban growth projections reported in the literature. Li et al. (2019) estimate that global urban
land area will expand by approximately 40–67% between 2013 and 2050, corresponding to annual
growth rates of about 1.1–1.8%.

In contrast, Gao & O’Neill (2020) project much larger increases—ranging from 80% to 490% by
2100, approximately 0.8–4.9% per year—depending on underlying socioeconomic trajectories and
policy assumptions. For the 8,478 UCs analyzed in this study, which represent a substantial but
incomplete subset of the 11,422 UCs in the GHS-UCDB 2025 and exclude smaller urban settlements
and other urban areas, BUA is forecast to grow by approximately 0.48% annually between 2020
and 2030 (Table 5.9). Although this projected expansion rate is lower than most long-term global
estimates, it remains consistent with the lower end of reported projections when differences in spatial
coverage, urban definitions, and forecast horizons are taken into account. Population is projected to
increase by about 10% cumulatively over the same decade, closely aligning with the United Nations’
medium-variant projection of approximately 9% for the same period (UN Population Division,
2025). These comparisons suggest that the forecast trajectories produced by the workflow are not
only internally consistent but also externally plausible within the context of large UCs.

Moreover, the indicator projections suggest moderation rather than acceleration in built-up land
consumption. Median LCR declines slightly from 0.49 in 2020–2025 to 0.45 in 2025–2030; median
PGR declines from 1.031 to 0.907; and median LCRPGR also declines from 0.46 to 0.403, indicating
improved efficiency. Thus, the likely future signaled by the workflow is not one of urban contraction,
but one in which continued horizontal and demographic expansion occurs under slowing rates,
particularly on the population side. This projected pattern is consistent with retrospective findings
showing that more than half of global functional urban areas improved their efficiency between
2000 and 2015 compared to 1990–2000 (Schiavina et al., 2022b). The present projections extend
this historical assessment by demonstrating how similar efficiency tendencies may persist into future
decades, while also revealing the degree to which such interpretations depend on forecast uncertainty
and joint BUA–Pop dynamics.

However, it is important to note that uncertainty grows materially as the projection horizon
extends. This increase in uncertainty is visible not only in the widening PIWs of BUA, Pop, LCR,
PGR, and especially LCRPGR, but also in the probabilistic LUE outputs. For 2020–2025, when
only one endpoint is forecast, about 55% of UCs fall in the high or very high confidence categories;
by 2025–2030, when both endpoints are forecast, that share drops to about 29%, while about 45%
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fall into the very low or low confidence categories. At the same time, the dominant regime shifts
from Efficient Built-up Expansion under Faster Population Growth (R2) toward Inefficient Built-up
Expansion under Population Decline (R12–R14), which rises from 39% to 55% of UCs. Inefficient
Built-up Expansion under Slower Population Growth (R16) nearly disappears as a dominant class.
The key implication is that projected regime prevalence should not be interpreted independently of
confidence: a regime may become more common in median terms while becoming less certain at the
same time. That distinction is central for policy interpretation, because it cautions against reading
longer-horizon LUE maps as deterministic forecasts of future status.

A particular point of concern is the appearance of built-up reduction-associated LUE regimes
(R4–R6, R8, and R10) in the 2020–2025 probabilistic classification results, where LCR is negative.
This is difficult to reconcile with the historical record used for forecasting, in which all LCR values
from 1975 to 2020 at 5-year intervals were positive. By contrast, negative PGR values were already
present in the historical input data for some UCs.

One possible explanation could be the interaction between BUA and Pop in the forecasting pro-
cess, since the two variables were modeled jointly. However, this explanation appears less convincing
in the present case because the residual dependence analysis on the validation set showed only weak
cross-variable dependence, which was subsequently simplified to independence in the uncertainty
modeling. A more plausible explanation is that the forecasting model was not constrained to pre-
serve non-decreasing BUA trajectories. As a result, it could yield lower 2025 BUA values for some
UCs, particularly where recent historical patterns were weak, flat, or irregular. A further possible
reason is that the 2025 and 2030 projections were generated from later input windows than those
used for model training and evaluation. The model was trained on sequences ending in 2010 and
evaluated through forecasts of 2015 and 2020, whereas the 2025 forecasts were based on more re-
cent time steps. If the temporal structure of BUA changed in these later periods, the model may
have extrapolated less reliably, contributing to projected BUA decline in some UCs. The projected
occurrence of R4–R6, R8, and R10, therefore, appears unusual and deserving of validation, espe-
cially because these classes, particularly R4–R6, also appear in moderate to very high confidence
categories.

5.6.7 Synthesis in Relation to RQ4

The results of this chapter provide a qualified but generally positive answer to RQ4. Across the
six chapter objectives, it was shown that a global, joint-target, uncertainty-aware DL workflow can
generate useful forecasts of BUA and Pop across diverse UCs and translate them into a forward-
looking probabilistic assessment of SDG Indicator 11.3.1. The comparative evaluation identified
GRU as the most balanced architecture among the tested models, while deep ensembling further
improved the stability and calibration of the predictive distributions. Relative to the ES baseline,
the global DL models consistently provided better point forecasts and more informative uncertainty
estimates, indicating clear added value from pooled learning across localities and from modeling
BUA and Pop jointly rather than through separate local univariate forecasts. These results support
the view that uncertainty-aware forecasting is a feasible and meaningful basis for prospective LUE
assessment at the global UC scale.
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The chapter also showed, however, that the workflow’s usefulness is not uniform across all out-
puts or forecast settings. Forecast reliability was generally stronger for BUA than for Pop, and
uncertainty propagation affected the derived components of SDG Indicator 11.3.1 unevenly. LCR
remained comparatively stable, whereas LCRPGR was much more sensitive, particularly when
projected population growth was weak and denominator effects became pronounced. Even under
these challenges, the framework produced probabilistic LUE classifications that retained meaningful
agreement with observed classes while also expressing regime confidence through dominant poste-
rior probabilities. This practical outcome is important because it shows that the workflow does not
merely generate future LUE class labels but also indicates how strongly those labels are supported
under forecast uncertainty.

5.7 Limitations and Further Work

Several limitations should be considered when interpreting the findings of this chapter. First, the
forecasting design relied on a fixed 8–2 input–output sequence, using eight historical observations to
predict the next two time steps. While this provided a consistent experimental setup across models,
it may not be optimal for all UCs or for both target variables. Different localities may benefit from
shorter or longer memory lengths, and the fixed window may have limited the models’ ability to
capture slower structural shifts or, conversely, shorter-term changes not well represented in the five-
year series. As noted in Section 5.6.6, this issue is also relevant to the unusual appearance of built-up
reduction-associated LUE regimes in the 2020–2025 projections. One possible limitation is that the
forecasting stage relied on later input windows than those used in model training and evaluation,
so the temporal structure encountered in forecasting may not have been fully represented in the
original learning setup. This design choice likely contributed to the widening uncertainty observed
at the later forecast horizon, particularly for Pop, and to the amplification of that uncertainty as it
was propagated into PGR and LCRPGR.

Second, the forecasting workflow was intentionally restricted to BUA and Pop only, ensuring
close alignment with the SDG Indicator 11.3.1 formulation but limiting the range of explanatory
information available to the models. In the broader forecasting literature, global probabilistic models
such as DeepAR and the Temporal Fusion Transformer are explicitly designed to incorporate static
and time-varying covariates alongside the target series (Lim et al., 2021; Salinas et al., 2020). In
urban growth and land-use studies, commonly used explanatory drivers include variables such as
population density, distance to roads and city centers, slope, land prices, and zoning or planning
constraints, all of which can help explain heterogeneity in growth trajectories and improve predictive
performance or interpretability (e.g., Hu & Lo, 2007; Mahmoudzadeh et al., 2022). Their omission
here means that the models captured shared temporal structure mainly through the historical
BUA–Pop sequences themselves, without explicitly representing broader spatial, socioeconomic,
infrastructural, or environmental factors that shape urban change.

Third, although the models were trained globally across many UCs, the forecasting framework did
not explicitly account for geographic location or for spatial relationships and connectivity between
UCs. In reality, urban change is not fully independent across localities; nearby or functionally
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connected UCs may exhibit correlated development patterns through regional spillovers, shared
infrastructure, migration systems, or broader economic linkages (Clark, 1998; Wang et al., 2022b).
Because such spatial structures were ignored during the modeling process, the model has limited
ability to represent inter-UC dependence beyond what is implicitly learned from pooled temporal
data alone. Explicitly accounting for these factors is particularly relevant in a global UC system,
where growth trajectories may be shaped not only by local history but also by a UC’s position
within wider spatial and networked urban systems.

Fourth, the workflow treated historical BUA and Pop as fixed inputs and assumed that the
dependence structure inferred from historical forecast residuals remained reasonably stable over the
forecast horizon. These assumptions made the uncertainty propagation feasible, but they also mean
that the reported intervals primarily reflect forecast uncertainty. They do not fully capture the
uncertainty already present in the EO-derived inputs or possible future changes in the dependence
structure between BUA and Pop.

Fifth, a further limitation concerns the spatial form of the forecasts. The workflow developed in
this chapter predicts UC-level BUA and Pop trajectories for forward-looking SDG Indicator 11.3.1
assessment, but it does not model the within-UC spatial configuration of future built-up change.
This means that the approach can indicate how much BUA and Pop are expected to change,
together with the resulting implications for projected LCR, PGR, LCRPGR, and probabilistic LUE
classification, but not where built-up expansion or contraction is likely to occur within the urban
extent. This delimitation is consistent with the objective of the chapter, which is to support large-
scale, uncertainty-aware monitoring across thousands of UCs rather than spatial simulation of urban
form. The historical BUA series used here are derived from EO-based 2D built-up maps, meaning
that the underlying spatial information exists outside the present forecasting framework and could
be analyzed separately in studies focused on spatial pattern or urban growth simulation.

Further work could address these limitations by testing alternative or adaptive input–output
window configurations, rather than relying on a single 8–2 setup. In relation to the projection
behavior discussed in Section 5.6.6, future work should also examine whether forecasts based on
later rolling windows lead to systematic changes in BUA trajectory behavior, and whether structural
constraints or post hoc plausibility checks are needed to reduce implausible projected declines in
BUA.

Another line of future work is the incorporation of relevant exogenous covariates into the forecast-
ing framework. Relevant static contextual factors may include geographic location, region, income
class, density, or terrain, whereas dynamic covariates may include nighttime lights, accessibility,
economic activity, policy or zoning information, and environmental constraints. Adding these co-
variates would allow the models to move beyond reliance on historical BUA–Pop trajectories alone
and to better represent the broader drivers of urban change. This could improve predictive per-
formance, strengthen interpretability, and help explain why forecast accuracy, interval width, and
LUE regime stability vary across UCs.

Future extensions could also explicitly model spatial dependence and inter-UC connectivity, for
example, through graph-based representations linking UCs by geographic proximity, regional con-
tiguity, or functional interaction. In this regard, graph neural networks offer a promising direction
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because they can combine temporal dynamics with spatial or network structure and may therefore
improve both forecast skill and the representation of geographically structured uncertainty (Jin et
al., 2024a; Luo & Chen, 2024).

Further work should also move beyond the assumption that historical BUA and Pop inputs are
fixed and error-free. One possible extension is to integrate input uncertainty from EO-derived BUA
and population datasets directly into the forecasting stage, for example, by drawing historical input
trajectories from their uncertainty distributions or by training models that explicitly account for
measurement uncertainty in the target and predictor series. If exogenous covariates are added to
the forecasting framework, uncertainty in these covariates should also be considered, but as a sec-
ondary extension to the more fundamental issue of uncertainty in the core BUA and Pop inputs. In
this broader formulation, the forecasting workflow would propagate uncertainty from the historical
BUA–Pop series, from any auxiliary covariates used to support prediction, and from the forecasting
model itself. This would allow forecast intervals to reflect both model uncertainty and uncertainty
already present in the historical observations and auxiliary inputs. In addition, the dependence
structure between BUA and Pop could be modeled dynamically rather than assumed to remain
stable over the forecast horizon. Future studies could compare alternative dependence assumptions,
update copula or residual-dependence models across rolling windows, or test whether dependence
parameters vary by region, income group, urban size, or growth regime. These extensions would
provide a more complete representation of uncertainty propagation from historical EO-derived in-
puts and supporting covariates to future BUA, Pop, LCR, PGR, LCRPGR, and probabilistic LUE
classifications.

Future work could also link the present forecasting framework with spatially explicit urban growth
or land-change simulation models to project not only the magnitude of future BUA change, but
also its 2D spatial manifestation and its implications for spatially differentiated LUE assessment.

5.8 Chapter Conclusion

This chapter showed that a global, joint-target, uncertainty-aware DL workflow can generate useful
probabilistic forecasts of BUA and Pop across diverse UCs and propagate them into forward-looking
SDG Indicator 11.3.1 assessment. The main conclusion of this chapter is not that future LUE can
be predicted with certainty, but that it can be assessed probabilistically in a way that is more
transparent, more informative, and more consistent with the structural sensitivities of SDG Indi-
cator 11.3.1 than deterministic forecasting alone. This conclusion should, however, be interpreted
within the scope of the chapter, which treated the historical BUA–Pop sequences as fixed inputs
and relied on a dependence structure inferred from out-of-sample residuals for subsequent copula-
based propagation. Within those bounds, the chapter shows that data-driven, uncertainty-aware
forecasting can support forward-looking, decision-relevant LUE assessment, while also making clear
where predictive uncertainty remains substantial and where further methodological refinement is
needed.
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6 Enhancing LUE Assessment Through Built-Up
Area–Built-Up Volume Trajectories20

6.1 Chapter Overview

This chapter introduces the built-up area–built-up volume (BUA–BUV) trajectory framework to
explicitly integrate horizontal and vertical dimensions of urban growth into LUE assessment. This
chapter addresses the final research question: RQ5. To what extent does integrating BUA and
BUV within a trajectory-based framework enhance the interpretability and robustness of SDG In-
dicator 11.3.1–based LUE assessment? The framework produces a trajectory-based typology of
urban growth, enabling systematic classification of centers according to their prevailing built form
and growth direction. The framework is motivated by limitations observed in existing approaches
to incorporating vertical urban growth into efficiency assessments (Section 2.2.3.5). Unlike previous
approaches that relied on proxy measures of verticality, were resource-intensive, or remained con-
ceptually disconnected from SDG Indicator 11.3.1 monitoring, the proposed framework leverages
harmonized global datasets on built-up area and volume. This framework enables analysis of the
co-evolution of extent and form, and the distinction between horizontal expansion and vertical in-
tensification. The integration of these trajectories with LCRPGR aims to improve interpretability
without collapsing multiple growth processes into a single composite or higher-dimensional index
whose interpretation is ambiguous.

6.2 Related Work

Beyond the SDG Indicator 11.3.1 framework, volumetric indicators have been proposed to more
fully characterize urbanization processes by incorporating the vertical dimension of growth. For
instance, Zięba-Kulawik et al. (2020) introduced the Building 3D Density Index (B3DI) to quantify
changes in the volume of buildings and how it relates to urban expansion; Zambon et al. (2019)

20This chapter is based on the author’s published article: Santillan et al. (2025b). Enhancing land use efficiency
assessment through built-up area–built-up volume trajectories: Integrating vertical urban growth into SDG 11.3.1
monitoring, ISPRS International Journal of Geo-Information, 14(10), 404. https://doi.org/10.3390/ijgi14100404.
In that article, the author’s contributions included conceptualization, methodology, data curation, formal analysis,
visualization, writing of the original draft, project administration, and funding acquisition; writing–review and
editing were undertaken jointly with the coauthors, and supervision was provided by Christian Heipke. Material
from the published article is reused here in revised form. Portions of the text, figures, concepts, and method-
ological descriptions have been adapted for consistency with the structure, notation, and argumentation of this
dissertation. The source article is an open-access publication distributed under the Creative Commons Attribution
4.0 International (CC BY 4.0) license; this chapter includes adapted material from that source.
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proposed the Vertical-to-Horizontal Growth (VHG) ratio to discriminate vertical from horizontal
urban expansion; and Kim & Kim (2024) developed a 3D Land Use Index (3D LUI) to quantify
vertical land use. Other studies have examined the coupling between built-up land intensity and
efficiency using volumetric or hybrid indicators (e.g., Ruan et al., 2022). Collectively, these works
demonstrate that excluding volumetric information risks obscuring key structural and functional
dimensions of urban growth.

Despite their conceptual value, existing volumetric indicators remain limited in their suitabil-
ity for large-scale and standardized LUE monitoring. Many formulations collapse horizontal and
vertical processes into aggregate ratios, thereby obscuring the distinction between expansion and
intensification. Others depend on detailed building-level or height information that is not consis-
tently available across space and time, or are not explicitly aligned with the operational logic of
SDG Indicator 11.3.1. As a result, while volumetric indicators enrich urban analysis, they have yet
to provide a scalable, interoperable solution for integrating vertical growth into LUE assessments.

Parallel to the development of volumetric indicators, trajectory-based and typological frameworks
have been widely used to classify urban growth dynamics. Classical two-dimensional approaches
track planimetric expansion patterns such as infill, edge expansion, and leapfrog development (For-
man, 1995; Camagni et al., 2002; Jabareen, 2006; Schneider & Woodcock, 2008; Shi et al., 2012).
Related work has also examined the co-evolution of built-up area and population over time (Sun
et al., 2024), with some studies linking these trajectories to LUE assessments within the SDG In-
dicator 11.3.1 framework (e.g., Estoque et al., 2021; Santillan & Heipke, 2023, 2024a; Schiavina et
al., 2019). While these approaches improve the interpretability of horizontal growth processes, they
remain confined to planimetric change and do not capture the contribution of vertical development
to efficiency outcomes.

More recent studies have attempted to integrate vertical dimensions in urban growth analysis.
Mahtta et al. (2019) and Frolking et al. (2024) combined built-up extent, population, and mi-
crowave backscatter as a proxy for height to identify global urban growth modes. Although these
approaches highlight the importance of vertical processes, their reliance on proxy measures lim-
its temporal consistency, spatial transferability, and sensitivity to urban morphology. In addition,
cluster-based typology classifications introduce methodological subjectivity, reducing reproducibil-
ity across contexts and weakening alignment with SDG Indicator 11.3.1 monitoring requirements.

Other studies rely on explicit three-dimensional data. Liu et al. (2024) proposed a global mor-
phology typology based on planar density and average height, while Zhao et al. (2020) developed
a LiDAR-based framework to identify processes such as intensification, efficient expansion, and
sprawl. These approaches demonstrate the analytical value of explicit 3D information but remain
constrained by static representations, heavy data requirements, or limited scalability. Importantly,
none of these frameworks were designed to integrate directly with SDG Indicator 11.3.1, thereby
reducing their applicability for standardized, globally comparable LUE assessment.

In summary, existing volumetric indicators and trajectory-based typologies highlight the impor-
tance of vertical urban growth but remain unsuitable for LUE monitoring. Proxy-based methods
lack semantic and temporal consistency, LiDAR-based approaches are data-intensive and locally
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constrained, and existing typologies are not interoperable with the SDG Indicator 11.3.1 frame-
work. These limitations motivate the development of a reproducible trajectory-based approach that
explicitly distinguishes horizontal expansion from vertical intensification, traces their co-evolution
over time, avoids reliance on proxy or data-intensive inputs, and aligns directly with the operational
logic of SDG Indicator 11.3.1. The BUA–BUV trajectory framework is proposed to address these
requirements.

The framework was selected because it combines three essential properties absent in earlier meth-
ods: (i) it captures both horizontal and vertical processes without collapsing them into aggregate
density ratios, (ii) it provides a transparent and reproducible trajectory-based classification that
avoids the subjectivity of clustering or typology schemes, and (iii) it aligns with the scalability
and comparability requirements of SDG Indicator 11.3.1 monitoring. These properties make the
BUA–BUV framework a suitable and globally transferable basis for embedding vertical growth into
LUE assessments.

6.3 The BUA–BUV Trajectory Framework

The framework conceptualizes urban growth as a trajectory in a two-dimensional space, with the x-
axis representing BUA and the y-axis representing BUV. For each urban spatial unit u, a trajectory
is constructed as an ordered sequence of observations across n temporal snapshots t1, t2, . . . , tn,
where each tk (k = 1, 2, . . . , n) denotes a specific year or epoch. The raw trajectory is defined as

Tu = {(BUAt1 ,BUVt1) , (BUAt2 ,BUVt2) , . . . , (BUAtn ,BUVtn)} . (6.1)

As illustrated in Figure 6.1a, this trajectory represents the temporal co-evolution of urban spatial
extent and built volume as a sequence of connected line segments in BUA–BUV space. Each seg-
ment, constructed by linearly linking consecutive observations, conveys the direction and magnitude
of growth between time steps. While this captures the scale and cumulative magnitude of change,
raw trajectories are insufficient for systematic comparison across UCs. They do not allow for the
analytical determination of the prevailing built form or growth modality, which are essential for
linking the structural characteristics of urban development with LCRPGR outcomes.

Two issues explain this limitation. First, BUA and BUV are incommensurable, as they repre-
sent different physical dimensions and operate on different numerical ranges, rendering the direct
interpretation of trajectory slopes ambiguous. Second, interpretation requires a reference trajec-
tory against which relative growth modes can be assessed. Without such a benchmark, raw plots
offer only subjective visual impressions, unsuitable for consistent typological classification. As a re-
sult, reliance on visual inspection prevents reproducible identification of growth modalities, whether
predominantly horizontal, vertical, or balanced, across UCs and temporal intervals.

To overcome these limitations, the framework normalizes BUA and BUV to a common, dimen-
sionless scale. Specifically, a min–max transformation is performed across all urban units and time
steps, rescaling values to the [0, 1] range. This normalization ensures that each trajectory is eval-
uated relative to the global distribution of observed BUA and BUV values. A normalized value of
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Figure 6.1: Hypothetical example illustrating the BUA–BUV trajectory framework for classifying urban
growth typologies under the assumption of monotonic increases in BUA and BUV over time.
(a) Raw BUA–BUV trajectories derived from plotted built-up area (BUA) and built-up volume
(BUV) values at two epochs for nine hypothetical urban units (City A to City I), with connecting
lines illustrating the direction and magnitude of growth between time steps. (b) Normalized
trajectories, where BUA and BUV values are rescaled to the [0, 1] range relative to the maximum
across all cities and epochs, enabling comparability of growth directions independent of absolute
size. (c) Classification of prevailing built form at the starting position, combined with growth
modality based on trajectory slope. (d) Resulting trajectory typologies.
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0 corresponds to the lowest observed expansion or volume, while a value of 1 corresponds to the
highest, with intermediate values reflecting relative positions within the global range. This trans-
formation creates a standardized basis for comparison, enabling consistent classification of growth
modes independent of absolute size.

In this normalized trajectory T ∗
u ⊆ [0, 1]2 (Figure 6.1b), the values for each time step tk are

calculated as
BUA∗

tk
=

BUAtk −min(BUA)

max(BUA)−min(BUA)
, (6.2)

BUV∗
tk

=
BUVtk −min(BUV)

max(BUV)−min(BUV)
, (6.3)

where min(BUA), max(BUA), min(BUV), and max(BUV) are calculated from the full spatiotem-
poral dataset of all urban units and all time points.

The central premise of the BUA–BUV framework is the 1:1 line, which represents a state of
proportional equilibrium between horizontal expansion and vertical intensification. This benchmark
is meaningful only when both axes are normalized to the same [0, 1] range. Under this condition,
the line y = x indicates that an urban unit’s relative position in BUA growth is identical to its
relative position in BUV growth.

In the normalized BUA–BUV space, the position of trajectory points relative to the 1:1 line
reflects their prevailing built form compared to the global sample. Because the 1:1 line captures
equal relative change with respect to each variable’s observed range, it functions as a comparative
reference. Trajectory points above it reflect proportionally larger upward expansion, those below it
indicate dominant horizontal expansion, and those on or near it represent balanced growth, where
horizontal expansion and vertical development proceed in comparable proportions (Figure 6.1c).
Because normalization is performed across the whole dataset, these positions highlight relative
morphological tendencies rather than absolute magnitudes.

Trajectory direction between two epochs indicates the prevailing growth modality. It is quantified
as the slope of the trajectory in normalized space, calculated from the counterclockwise angle be-
tween the x-axis and the line segment connecting the earliest and latest time points. Shallow slopes
indicate predominantly area-driven expansion, steeper slopes reflect volume-led intensification, and
intermediate slopes suggest more balanced growth. Combined with a trajectory’s starting position
relative to the 1:1 line, these directional measures enable consistent identification of urban growth
typologies (Figure 6.1d). For example, a city whose initial trajectory point lies above the 1:1 line
and follows a steep upward slope indicates pronounced vertical intensification, whereas one that
starts below the line and follows a shallow slope signifies sustained horizontal growth. Transitional
cases, such as centers on or near the 1:1 line, signal balanced growth trajectories that can shift
toward vertical or horizontal dominance over time.
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6.4 Operationalizing the BUA–BUV Framework for Typology
Classification

To operationalize the classification, a “zone of effective balance” is first defined to capture trajectory
points that fall sufficiently close to proportional equilibrium between horizontal expansion and
vertical intensification. Because perfect balance is only a theoretical ideal, this zone is set as the 5th
percentile of absolute orthogonal distances to the 1:1 line, calculated from the pooled global sample
of all centers and years. Year-specific percentiles would introduce a moving decision boundary and
confound temporal comparisons; the pooled threshold yields a fixed, globally defined tolerance that
is consistent with global normalization and the trajectory interpretation. The prevailing built form
of an urban unit at each time step is then determined by the position of its normalized trajectory
vertices, or the trajectory’s endpoints in the case of only two time steps, relative to this band.
Urban units within this band are classified as balanced, while those outside are assigned to vertical
or horizontal dominance depending on the sign of deviation.

Second, growth modality is determined by slope categories. Slopes between 0◦ and 30◦ represent
horizontal expansion, 30◦ to 60◦ correspond to balanced growth, and 60◦ to 90◦ indicate vertical
intensification. While trajectory directions can, in principle, extend from −180◦ to 180◦ if either
BUA or BUV decreases over time, such contractions are rare in practice, given the cumulative
nature of EO-derived built-up area and volume (e.g., European Commission, 2023; Liu et al., 2024).
For interpretive clarity, the present study restricts classification to the 0◦–90◦ domain, assuming
monotonic increases in BUA and BUV. This assumption can be relaxed in future applications
of the framework to explicitly accommodate contraction scenarios such as those resulting from
natural disasters, armed conflict, or deliberate downsizing. By combining positional classification
relative to the 1:1 line with slope-based growth modality, the framework establishes a systematic and
reproducible scheme for deriving urban growth typologies that explicitly incorporate the vertical
dimension (Figure 6.1d; Table 6.1).

Both conceptual and geometric considerations guide the choice of the 5th percentile for defining
the balance band and the selection of the slope thresholds. The 5th percentile is adopted here as a
conservative and data-driven threshold. Stricter values, such as the 1st percentile, would produce a
narrower balance band and may exclude some urban units that are close to proportional equilibrium,
particularly in the presence of data uncertainty. Broader values, such as the 10th percentile, would
widen the balance band and may increase the likelihood that urban units with clear horizontal or
vertical dominance are classified as balanced. In this sense, the 5th percentile provides a compromise
by restricting the balanced class to urban units with relatively small deviations from the 1:1 line.

For the slope thresholds, dividing the 0◦–90◦ continuum evenly into three 30◦ intervals provides a
neutral and symmetric partition that avoids privileging one growth mode over another. This scheme
also aligns with the established triad of urban growth processes: horizontal expansion, vertical
densification, and mixed forms (Frolking et al., 2024; Liu et al., 2024; Soltani et al., 2025). Moreover,
slope angles are directly related to the ratio of normalized BUV change to normalized BUA change,
since θ = arctan(∆BUV∗/∆BUA∗). This makes the approach conceptually comparable to ratio-
based indices such as the B3DI (Zięba-Kulawik et al., 2020) and VHG (Zambon et al., 2019), while
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Table 6.1: Typology of urban growth patterns represented as a 3 × 3 matrix, based on the trajectory of
normalized built-up area (BUA) and built-up volume (BUV). Rows correspond to the prevailing
built form at the starting position, with trajectory starting position shown in parentheses; columns
represent growth modes, with slope description and ranges shown in parentheses; and cells contain
the typology names with corresponding interpretations. The classification assumes simultaneous
increases in BUA and BUV, limiting trajectory slopes to 0–90◦. If the decline of BUA or BUV
is also considered, the slope domain extends to −180◦–180◦, yielding additional typologies not
covered in this table. “On or near the 1:1 line” denotes balanced cases, defined through a zone of
effective balance as described in Section 6.4.

Vertical Expansion
(Steeper, 60–90◦)

Balanced Growth
(Moderate, 30–60◦)

Horizontal Expansion
(Shallow, 0–30◦)

Vertically
Dominant
(Above the
1:1 line)

A: Vertical Intensification
(Growth is driven primarily
by built-up volume; vertically
dominant cities become more
compact.)

B: Balanced Growth in
Vertical Context (BUA
and BUV increase at rela-
tively balanced rates while
retaining vertical dominance.)

C: Horizontal Expansion
in Vertical Context (BUA
increases more rapidly than
BUV, but vertical dominance
remains.)

Balanced
(On or near
the 1:1 line)

D: Transitioning to Ver-
tical Growth (Urban form
shifts from balance toward
increasing vertical develop-
ment.)

E: Sustained Balanced
Growth (BUA and BUV
grow proportionally; urban
structure remains balanced.)

F: Transitioning to Hori-
zontal Growth (Urban form
shifts from balance toward
increasing horizontal expan-
sion.)

Horizontally
Dominant
(Below the
1:1 line)

G: Vertical Rise from
Horizontal Base (Cities
previously dominated by
BUA show increased BUV;
a shift toward vertical devel-
opment.)

H: Balanced Growth in
Horizontal Context (BUA
and BUV increase at rela-
tively balanced rates while
retaining horizontal domi-
nance.)

I: Sustained Horizontal
Growth (Horizontal expan-
sion continues to dominate;
vertical growth remains lim-
ited.)

retaining an explicitly geometric interpretation. However, unlike B3DI, which summarizes vertical
and horizontal contributions through a single density measure, and unlike VHG, which requires
detailed building-level data or loses precision when applied at the aggregated level, the slope-based
classification embeds both dimensions within a normalized trajectory framework and applies evenly
defined regimes. In doing so, it avoids some of the interpretive limitations of aggregated ratio
measures. Finally, the use of equal angular partitions ensures transparency and reproducibility.
The classification is straightforward, interpretable across contexts, and independent of dataset-
specific distributions. Unlike empirically derived thresholds, such as quartiles of observed slopes,
which vary across datasets and reduce comparability, evenly spaced angular partitions provide a
consistent, generalizable basis for classification.

6.5 Comparison with Other Trajectory Typology Classifications

Unlike clustering methods used in earlier studies for urban growth trajectory classification (e.g.,
Frolking et al., 2024; Mahtta et al., 2019), which are exploratory and often sensitive to algorith-
mic choices, the urban growth typology classification approach developed in this study is explicitly
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theory-driven. It begins with a predefined conceptual benchmark—the 1:1 line of proportional
equilibrium—and classifies urban units according to their prevailing built form (vertically domi-
nant, balanced, or horizontally dominant) and their growth mode (horizontal expansion, balanced
growth, or vertical intensification). This two-dimensional scheme yields interpretable categories
(Table 6.1) such as “Vertical Intensification,” “Sustained Balanced Growth,” or “Sustained Horizon-
tal Growth,” each directly linked to structural processes of urban change. The resulting typologies
are transparent, reproducible, and designed to assess how urban units deviate from or approach
structural balance. Thus, this trajectory classification scheme provides a more robust basis for
interpreting LUE outcomes than unsupervised clustering approaches.

It is also possible to condense trajectories into a single scalar, such as the angle between the
overall trajectory vector and the 1:1 line, but doing so removes critical contextual information. For
instance, an urban unit that begins in a vertically dominant position and subsequently undergoes
moderate horizontal expansion may yield an overall trajectory angle that suggests horizontal growth,
even though its built form remains predominantly vertical. This loss of temporal and structural
information limits the interpretability of scalar metrics. By retaining the full trajectory while classi-
fying it into interpretable categories, the BUA–BUV framework balances methodological rigor with
explanatory clarity, providing a stronger basis for assessing structural drivers of LUE outcomes.

6.6 Interpretation in the Context of SDG Indicator 11.3.1

The BUA–BUV trajectory-based typologies, when used in conjunction with LCRPGR, provide a
more comprehensive basis for evaluating LUE and its alignment with sustainable urban development
under SDG Indicator 11.3.1.

Urban units with similar LCRPGR values may belong to different trajectory typologies, and
vice versa. Referring to the hypothetical example (Figure 6.1d), City A and City I might both
fall within the “efficient” range, yet their growth typologies diverge significantly. City A’s steep
trajectory above the 1:1 line indicates vertical intensification and compact urban form. At the
same time, City I follows a shallow path below the line, suggesting continued horizontal expansion
with minimal vertical development. Although both may appear numerically equivalent under the
SDG Indicator 11.3.1 standard, their long-term sustainability implications differ: City A’s compact
form supports resource efficiency and reduced land consumption, whereas City I may incur higher
infrastructure costs and contribute to urban sprawl (Bibri et al., 2020).

Conversely, cities with similar spatial trajectories may exhibit varying LCRPGR values depending
on their population growth dynamics. For instance, City G shows a steep upward trajectory from
a low-rise base—suggesting a vertical correction or densification strategy—yet may still have an
LCRPGR larger than one if its population growth remains stagnant. In such a case, the indicator
might not yet reflect this progress despite the improving spatial form.

These distinctions underscore the value of interpreting LCRPGR together with BUA–BUV ty-
pologies. While LCRPGR provides a numerical measure of efficiency, the trajectories act as a
spatial diagnostic tool that clarifies the structural pathways through which efficiency or inefficiency
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arises and whether these pathways are likely to be sustainable in the long term. Importantly, the
BUA–BUV framework is diagnostic by identifying whether growth is realized through horizontal
expansion, vertical intensification, or balanced forms. However, it does not explain the socioeco-
nomic, institutional, or cultural drivers behind these patterns. As such, the framework complements
rather than replaces causal analyses of urbanization, providing a reproducible and scalable means
to embed structural context into SDG Indicator 11.3.1 monitoring.

The framework’s application relies on BUA and BUV data that are already harmonized across
time, with consistent boundaries and definitions. It further assumes that the inputs are free of
major errors or extreme outliers. The procedures for detecting and removing such anomalies are
described in the following section, where the framework is applied to assess LUE and global urban
growth trajectories.

6.7 Application to Global Urban Centers for Enhanced LUE
Assessment

6.7.1 Dataset Used, Preparation, and Temporal Scope of Analysis

The BUA–BUV trajectory framework was applied to global urban centers (UCs) using the GHS-
UCDB 2025 dataset described in Section 5.4.1. As described there, the BUA and Pop attributes
for each UC were obtained from the GHSL GHS-BUILT-S and GHS-POP layers, respectively. To
incorporate the vertical dimension of urban form, this chapter used the BUV attribute provided in
GHS-UCDB 2025. This UC-level attribute was derived from the GHS-BUILT-V product, which
provides multitemporal built-up volume estimates based on GHS-BUILT-S and GHS-BUILT-H
(European Commission et al., 2024). In turn, GHS-BUILT-H provides average building height
estimates derived from AW3D30, SRTM30, and Sentinel-2 composites (European Commission, 2023;
Pesaresi & Politis, 2023).

The analysis covered the period 1980–2020 and considered two 20-year intervals (1980–2000 and
2000–2020) as well as the cumulative period (1980–2020). These longer intervals were selected to
capture major phases of global urban development while avoiding the lower reliability and limited
structural change often associated with the native 5-year steps. This 20-year framing provided a
more robust and interpretable basis for global trajectory analysis.

LCR, PGR, and LCRPGR were calculated for each UC for 1980–2000, 2000–2020, and the cumu-
lative period 1980–2020, following Eqs. 2.1–2.3. Preliminary checks showed that the LCR and PGR
distributions were highly skewed and contained implausible extreme values. To ensure consistency,
the same data-cleaning and filtering procedure applied in Chapter 5 was used here: the modified
IQR method of Barbato et al. (2011). This procedure was applied separately to LCR and PGR
for each analysis period. A UC was excluded if any LCR or PGR value in any period fell outside
the corresponding acceptance range. After this quality-control step, 10,856 UCs were retained for
analysis (Figure 6.2). This retained sample is larger than the 8,478 UCs used in Chapter 5 because
the exclusion rule here was less restrictive. Chapter 5 required complete temporal consistency across
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Figure 6.2: Geographic distribution of the 10,856 urban centers (UCs) included in this study, categorized by
UN SDG region. Each point corresponds to an individual UC from the Global Human Settlement
Layer Urban Centre Database (GHS-UCDB 2025). The number of centers per region is shown
in parentheses following the region name.

all 5-year BUA and Pop transitions from 1975 to 2020 for forecasting, whereas the present chapter
filtered only the LCR and PGR values derived for the selected 20-year and cumulative periods.

6.7.2 Conventional LUE Assessment

The LUE of each UC retained after quality control was assessed using the conventional SDG In-
dicator 11.3.1 calculation and interpretation framework described in Chapter 2. For each analysis
period, frequency distributions of LCR, PGR, and LCRPGR were generated to describe the over-
all efficiency of global UCs. To provide a robust representation of central tendencies that is not
influenced by distributional asymmetry, medians were used as the primary measure.

Using the LUE classification scheme (Table 2.1), each UC was assigned to an LUE regime for the
three analysis periods: 1980–2000, 2000–2020, and 1980–2020. The number of UCs falling into each
regime was then tabulated for each period. As in Chapters 4 and 5, UCs assigned to R4–R6 were
grouped as Efficient Built-up Reduction under Population Growth, and those assigned to R12–R14
were grouped as Inefficient Built-up Expansion under Population Decline; all other regimes were
retained individually.
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6.7.3 Trajectory Typology Assignment and Efficiency Evaluation

BUA and BUV values for 1980, 2000, and 2020 were normalized using global minimum and maxi-
mum values (Eqs. 6.2 and 6.3). Each UC was then classified by prevailing built form (horizontal,
balanced, vertical) and growth direction (horizontal expansion, balanced growth, vertical intensifi-
cation) using the scheme outlined in Section 6.4. The combination of these two dimensions yielded
nine possible trajectory typologies, as summarized in Table 6.1. Each UC was assigned to one of
these typologies for the three analysis periods: 1980–2000, 2000–2020, and 1980–2020.

The LUE classifications were cross-tabulated with the trajectory typologies to evaluate how
growth form and efficiency were interlinked. For each analysis period, the number and propor-
tion of UCs in each LUE class were tabulated within every trajectory category. This tabulation
enabled the identification of which trajectory pathways were most frequently associated with ef-
ficient or inefficient outcomes, thereby providing an integrated perspective on how horizontal and
vertical growth modalities shaped LUE across time.

6.7.4 Statistical Assessment of Distributional Differences

To assess whether categorical distributions differed significantly, the chi-square (χ2) test of indepen-
dence, complemented by Cramer’s V , was applied to indicate the strength of association between
the variables (McHugh, 2013). The analysis first tested whether the distribution of LUE classes
differed significantly between the two multi-decadal periods. The second test examined differences
in the prevalence of horizontally dominant, balanced, and vertically dominant built-form classes
across years. The third test assessed whether the distribution of growth typologies exhibited statis-
tically significant shifts between the two multi-decadal periods, irrespective of efficiency outcomes.
The fourth test evaluated whether typology distributions changed significantly across periods when
efficiency classes were considered separately. The final test examined whether efficiency classes were
disproportionately associated with specific growth typologies within each period. For each analysis,
the chi-square statistic, degrees of freedom (dof), p-value, and strength of association, Cramer’s
V , were reported, and standardized residuals were inspected to identify the categories contributing
most to significant departures from independence.

6.7.5 Sensitivity Analysis

The sensitivity of the BUA–BUV trajectory framework was examined by varying the parameters
used to classify prevailing built form and growth modality. For built form, the zone of effective bal-
ance (Section 6.4) was modified by adjusting the threshold defining proximity to the 1:1 line. The
baseline threshold was derived from the 5th percentile of absolute orthogonal distances across all UCs
and years and was compared with stricter (1st percentile) and looser (10th percentile) alternatives.
For growth modality, slope partitions were modified from the baseline 0◦–30◦/30◦–60◦/60◦–90◦

scheme to alternative configurations of 0◦–25◦/25◦–55◦/55◦–90◦ and 0◦–20◦/20◦–50◦/50◦–90◦. Built-
form and growth-typology assignments were recalculated for the three analysis periods, 1980–2000,
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2000–2020, and 1980–2020, and compared with the baseline classifications using percentage agree-
ment and Cohen’s kappa index (Cohen, 1960; Congalton, 1991).

Percentage agreement was evaluated using two complementary measures analogous to the well-
established producer’s and user’s accuracies in remote sensing accuracy assessment (Congalton,
1991). Class retention rate, analogous to producer’s accuracy, quantified the share of UCs assigned
to a given class in the baseline that remained in that class under an alternative specification. In
contrast, assignment purity, analogous to user’s accuracy, measured the share of UCs assigned
to a class in the alternative specification that also belonged to the same class in the baseline.
Cohen’s kappa index was additionally reported to adjust for agreement expected by chance, thereby
providing a more robust indicator of classification stability. Kappa (κ) values were interpreted
following Landis and Koch’s (1977) scale: < 0.00, poor; 0.00–0.20, slight; 0.21–0.40, fair; 0.41–0.60,
moderate; 0.61–0.80, substantial; and 0.81–1.00, almost perfect. These tests were exploratory rather
than exhaustive and were intended to illustrate the framework’s sensitivity to reasonable variations
in classification parameters.

6.8 Results

6.8.1 Temporal Trends in LCR, PGR, and LCRPGR

The temporal evolution of the SDG Indicator 11.3.1 component metrics was summarized in Table 6.2
for the 10,856 UCs covered in the analysis. Between 1980–2000 and 2000–2020, the global median
LCR decreased from 3.47% to 1.72%, indicating a notable deceleration in horizontal land expansion.
The median PGR also declined, from 1.97% to 0.95%, though at a slower rate. Consequently,
the median LCRPGR21 dropped from 1.67 to 1.05, suggesting improved alignment between land
consumption and population growth. When evaluated over the 1980–2020 period, the global median
LCR remained high at 3.44%, while the median LCRPGR reached 1.94.

Table 6.2: Median LCR, PGR, and LCRPGR of global urban centers (UCs) for the periods 1980–2000, 2000–
2020, and 1980–2020. Values are calculated at the UC level for each period and then summarized
using the median across UCs. The reported LCRPGR values are therefore the medians of UC-
level LCRPGR values and are not calculated as the ratio of the median LCR and median PGR
shown in the table.

SDG Indicator 11.3.1
Components

1980–2000 2000–2020 1980–2020

LCR (% yr−1) 3.47 1.72 3.44

PGR (% yr−1) 1.97 0.95 1.52

LCRPGR 1.67 1.05 1.94

21The reported median LCRPGR was obtained by first calculating LCRPGR separately for each UC and then taking
the median of the resulting UC-level LCRPGR values. Therefore, it should not be expected to equal the median
LCR divided by the median PGR, because the medians of LCR, PGR, and LCRPGR are calculated independently
from their respective UC-level distributions.
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6.8.2 Spatiotemporal Patterns of LUE

Figure 6.3 shows the spatial distribution of UCs by LUE class. Inefficient Built-up Expansion under
Slower Population Growth (R16) was the most common outcome, affecting 7442 UCs (69%) in
1980–2000 and 5610 UCs (52%) in 2000–2020. The share of the UCs classified as Inefficient Built-
up Expansion under Population Decline (R12–R14) rose from 1,009 UCs (9%) to 2,121 UCs (20%),
while the share of efficient centers (R2) increased modestly, from 2,405 UCs (22%) to 3,125 UCs
(29%).

Statistical testing confirmed that these distributions differed significantly across the two periods
(χ2 = 745.9, dof = 2, p < 0.001). The effect size was small to moderate, with Cramer’s V = 0.19,
indicating that while the association between period and LUE outcome was not strong, the shift
was systematic and consistent across the global sample. Inefficient expansion (R16) cases were
overrepresented in 1980–2000, whereas efficiency (R2) and population-decline-associated inefficient
expansion (R12–R14) cases were disproportionately common in 2000–2020. These results provide
statistical evidence of a structural shift in efficiency outcomes, from widespread land-consumption-
driven inefficiency in the earlier period toward a more mixed profile in the later period, marked by
both efficiency gains and increasing inefficiency driven by population decline.

6.8.3 BUA–BUV Trajectories of UCs

The co-evolution of BUA and BUV from 1980 to 2020 is illustrated in Figure 6.4, which includes
all UCs (panels a–b) and the top 10 most populous UCs (panels c–d). In the raw BUA–BUV space
(panels a and c), cities such as Tokyo, Guangzhou, and Shanghai exhibit long trajectories extending
toward the upper-right quadrant, indicating substantial absolute increases in both BUA and BUV.
However, this representation primarily captures the scale and cumulative magnitude of growth,
providing limited insight into each UC’s prevailing built form and directional characteristics relative
to others. This plot alone is insufficient for reliably classifying UCs by urban growth trajectory in
a systematic or replicable manner.

Normalized trajectories (Figure 6.4b–d), which rescale growth to a standard 0–1 range, enable
more meaningful comparisons across UCs of varying sizes. Aided by the 1:1 line, these plots reveal
heterogeneous developmental pathways. Some UCs show steep upward trajectories aligned with
vertical intensification, while others follow flatter paths consistent with horizontal expansion. For
example, among the top 10 most populous UCs, Tokyo, Guangzhou, and Seoul exhibit vertically
oriented trajectories. Jakarta, Dhaka, and Manila maintain trajectories indicative of sustained
horizontal growth. These contrasting patterns highlight the interpretive value of the trajectory
framework in distinguishing spatial development strategies that are not readily discernible using
absolute values alone.

6.8.4 Prevailing Built Forms of UCs

Figure 6.5 illustrates the evolving spatial distribution of prevailing built form types, which is one
of the outputs of the BUA–BUV trajectory framework. In 1980, most UCs (9,306 UCs or 86%),
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Figure 6.3: Distribution of LUE classes across global UCs for the periods (a) 1980–2000, (b) 2000–2020, and
(c) 1980–2020. The pie charts on the right show the number of UCs assigned to each LUE class
for the corresponding period.

were classified as horizontally dominant, while 1,172 UCs or 11% exhibited a balanced built form,
and 378 UCs or 3% were vertically dominant. Horizontally dominant UCs were geographically
widespread, occurring across various SDG regions. In contrast, UCs with balanced built forms
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Figure 6.4: Trajectories of urban centers (UCs) in raw and normalized BUA–BUV space from 1980 to 2020.
Panels (a, b) show raw and normalized trajectories for all UCs in the dataset. Panels (c, d)
present the corresponding trajectories for the top 10 most populous UCs in 2020 based on the
Global Human Settlement Layer Urban Centre Database (GHS-UCDB 2025).

were disproportionately concentrated in Asia, accounting for 76% of all balanced UCs globally.
Notably, Asia also hosted the largest number of vertically dominant UCs, with 323 out of the 378
located primarily in countries such as China, Japan, and South Korea. By 2020, the proportion of
horizontally dominant UCs had increased to 97%, or 10,528 UCs, while the shares of balanced and
vertically dominant centers declined to 1%, 143 UCs, and 2%, 185 UCs, respectively, both categories
remaining primarily concentrated in Asia.

Statistical testing confirmed that these shifts in the global distribution of built forms are statis-
tically significant. However, the strength of association is modest (χ2 = 1266.9,dof = 4, p < 0.001,

Cramer’s V = 0.14). Balanced forms were disproportionately frequent in 1980 but declined sharply
thereafter, while horizontal forms became increasingly more prevalent than expected if built form
and time period were independent by 2020. Vertical forms, which were slightly overrepresented in
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Figure 6.5: Distribution of prevailing built form dominance among urban centers (UCs) in (a) 1980, (b)
2000, and (c) 2020 based on normalized BUA–BUV values. The pie charts on the right show the
number of UCs assigned to each built-form class for the corresponding period.

1980, fell below expectations under independence by 2020. These results indicate a global shift
toward horizontal dominance accompanied by a reduction in balanced and vertical forms over the
four-decade period.
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6.8.5 Trajectory Typologies of UCs

Trajectory typologies derived from the normalized BUA–BUV space (Figure 6.4b) and their cor-
responding spatial distributions (Figure 6.6) reveal the dominant structural evolution pathways of
UCs. Over the 1980–2000 and 2000–2020 intervals, Sustained Horizontal Growth (Typology I) was
the most common growth pattern. This typology accounted for 6,307 UCs, or 58%, in the ear-
lier period, and rose to 74% in the latter, reinforcing horizontal expansion as the prevailing global
trend. In both periods, UCs in Central and Southern Asia, Eastern and South-Eastern Asia, and
Sub-Saharan Africa collectively accounted for over 60% of all cities exhibiting this growth pattern.

Balanced Growth in Horizontal Context (Typology H) was the second most common growth
pattern, accounting for 28% of UCs in 1980–2000 but declining to 20% in 2000–2020. During the
first period, this typology was concentrated mainly in Eastern and South-Eastern Asia and Europe,
accounting for approximately 53% of all UCs in this category. By the end of the second period,
Eastern and South-Eastern Asia significantly expanded its share, representing about 48% of UCs
under this typology. At the same time, most other regions experienced a decline in their numbers.

Typologies indicative of more structurally balanced or transitional growth, such as Sustained Bal-
anced Growth (Typology E) and Transitioning to Horizontal Growth (Typology F), were relatively
uncommon. Typology E, mostly observed in Eastern and South-Eastern Asia, declined from 6% to
2% between the two periods. Typology F similarly decreased from 5%, primarily concentrated in
Central and Southern Asia and Sub-Saharan Africa, to just 0.7%.

Typologies associated with substantial vertical intensification, namely Vertical Intensification (Ty-
pology A), Transitioning to Vertical Growth (Typology D), and Vertical Rise from Horizontal Base
(Typology G), were absent in both periods. Typology B, Balanced Growth in Vertical Context, was
observed in approximately 3% of all UCs in both periods. This typology was heavily concentrated
in Eastern and South-Eastern Asia, which accounted for over 80% of all UCs in this class. Typology
C, Horizontal Expansion in Vertical Context, was observed in only 6 UCs, or 0.06%, in 2000–2020,
all located in Eastern and South-Eastern Asia and Europe.

The chi-square analysis further demonstrated that trajectory typology distributions varied signif-
icantly across the three multi-decadal periods (χ2 = 888.2, dof = 5, p < 0.001; Cramer’s V = 0.20).
The association strength was moderate, similar to the previous analysis of prevailing built forms, and
the standardized residuals revealed systematic shifts in growth pathways. In 1980–2000, balanced
and transitional types, namely Typologies E, F, and H, occurred more frequently than expected
if typology and period were independent. By 2000–2020, these categories fell to levels well below
those expected under independence, while Sustained Horizontal Growth (Typology I) was strongly
overrepresented. These results point to the consolidation of horizontal expansion as the dominant
long-term trajectory, coupled with the retreat of balanced and transitional growth forms.

6.8.6 Linking Urban Growth Typologies to Efficiency Outcomes

Figure 6.7 presents the percentage distribution of BUA–BUV trajectory typologies across the three
LUE classes for the periods 1980–2000 and 2000–2020. During 1980–2000, the Efficient Built-
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Figure 6.6: Global distribution of urban centers (UCs) by BUA–BUV trajectory typology for (a) 1980–2000,
(b) 2000–2020, and (c) 1980–2020. Each point on the map represents one UC classified into
one of nine typologies based on prevailing built form and growth direction. Only six of the nine
typologies were observed among the UCs for the three analyzed periods. The bar charts on the
right show the number of UCs assigned to each trajectory typology for the corresponding period.

up Expansion under Faster Population Growth (R2) class was strongly dominated by Typology I,
with 1,480 of 2,405 UCs (62%) exhibiting sustained horizontal growth. The class characterized by
Inefficient Built-up Expansion under Population Decline (R12–R14) was also primarily associated
with Typology I, with 349 of 1,009 centers (35%), alongside a substantial contribution from Typology
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Figure 6.7: Percentage distribution of urban centers (UCs) across BUA–BUV trajectory typologies for three
LUE classes during (a) 1980–2000 and (b) 2000–2020. The total number of UCs per LUE class
is indicated in parentheses.

H, Balanced Growth in Horizontal Context, with 449 centers (44%). In the Inefficient Built-up
Expansion under Slower Population Growth (R16) class, Typology I again prevailed, accounting
for 4,487 of 7,442 centers (60%), further underscoring the strong association between sustained
horizontal expansion and spatially inefficient land use.

The dominance of Typology I persisted into the 2000–2020 period. Around 60% of UCs categorized
as Inefficient Built-up Expansion under Population Decline, or 1,283 of 2,121 centers, followed
a sustained horizontal growth trajectory, as did 4,205 of the 5,610 centers within the Inefficient
Built-up Expansion under Slower Population Growth class. Even among efficient centers, horizontal
expansion was predominant, with 2,570 of 3,125 centers (82%) classified under Typology I.

Across all LUE classes and both periods, vertical and balanced typologies, such as Typologies B
and E, remained relatively rare. Typology B, Balanced Growth in Vertical Context, reflects efficiency
achieved within a vertical-dominant regime, while Typology E, Sustained Balanced Growth, indicates
proportional growth in both horizontal and vertical dimensions. Both can be regarded as structurally
sustainable trajectories, yet their combined presence was minimal. In the 2000–2020 period, only
47 UCs followed Typology B and 16 followed Typology E while also achieving efficient land use.

Chi-square tests confirmed that these typology distributions differed significantly across periods
within each efficiency class (p < 0.001 in all cases). The strength of association was consistently
moderate, with Cramer’s V values ranging from 0.21 to 0.26 across LUE classes, indicating sys-
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tematic but not strong shifts in composition over time. Additional tests across efficiency classes
within each period also showed significant associations (p < 0.001 in all cases; Cramer’s V = 0.17

for 1980–2000 and 0.13 for 2000–2020). These effect sizes point to weaker but still significant links
between efficiency outcomes and growth typologies, with standardized residuals highlighting the
persistent overrepresentation of sustained horizontal growth and the underrepresentation of struc-
turally sustainable forms.

6.8.7 Sensitivity of the BUA–BUV Trajectory Framework

6.8.7.1 Effect of Thresholds on Prevailing Built Form

Figure 6.8 and Table 6.3 summarize the effects of adjusting the threshold used to define the zone
of effective balance on the stability of prevailing built form classifications, using 2000 and 2020 as
case examples.

The most pronounced changes were observed in the balanced category (Figure 6.8). Under the
stricter 1st percentile threshold, only about one-quarter of the UCs classified as balanced in the
baseline scheme were retained, 25% in both years. By contrast, the horizontal class showed complete
retention and near-perfect purity, while the vertical class showed complete retention but lower purity.
Assignment purity was 100% for the balanced class, but only about 80% in 2000 and 87% in 2020
for the vertical class, indicating that some centers assigned as vertical under the stricter threshold
had belonged to other classes in the baseline classification. The horizontal class remained highly
consistent, with purity of about 98–99%. Overall agreement with the baseline was still very high,
98% in 2000 and 99% in 2020, but Cohen’s kappa was lower, 0.77–0.81, reflecting reduced agreement
after accounting for chance (Table 6.3).

When the balance zone was widened to the 10th percentile, the balanced class composition
changed substantially (Figure 6.8). In this case, balanced cases achieved full retention, 100%, but
lower assignment purity, about 50% in 2000 and 57% in 2020, reflecting the inclusion of many UCs
that had been classified as horizontal or vertical in the baseline scheme. For this wider threshold,
the horizontal and vertical classes showed the opposite pattern from the 1st percentile case: both
had perfect purity, but their retention was slightly lower. Horizontal and vertical classes retained
high purity, 100%, but somewhat lower retention, about 97–99% for horizontal and 85–91% for ver-
tical. Overall agreement remained high, 97% in 2000 and 99% in 2020, and kappa values increased
slightly, 0.78–0.85, relative to the 1st percentile threshold, indicating substantial to almost perfect
agreement (Table 6.3).

The collapsed two-class analysis, which contrasted balanced cases with all others, confirmed that
the balanced class was the most threshold-sensitive group (Table 6.3). For the 1st percentile thresh-
old, kappa dropped to 0.40 in both 2000 and 2020, corresponding to only fair agreement. By
contrast, the 10th percentile threshold yielded stronger performance and substantial agreement
with the baseline, with kappa improving to 0.65 in 2000 and 0.72 in 2020.

These results demonstrate that the horizontal class is the most robust to threshold variation,
whereas the balanced class is strongly parameter-dependent. The vertical class is also relatively
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Figure 6.8: Sensitivity of prevailing built form classification of urban centers to the zone of effective balance
thresholds, comparing the 1st and 10th percentile scenarios relative to the baseline 5th percentile
classification. Panels (a, b) show class retention rates for 2000 and 2020, respectively, while
panels (c, d) show assignment purity for 2000 and 2020, respectively.

Table 6.3: Overall agreement and Cohen’s kappa index with the baseline (5th percentile) prevailing built
form classification for 2000 and 2020 under alternative effective zone of balance thresholds (1st
and 10th percentiles).

Metric Year 1st Percentile 10th Percentile

Overall Agreement 2000 98% 97%

Overall Agreement 2020 99% 99%

Cohen’s kappa
(Three-class case: Horizontal,
Balanced, Vertical)

2000 0.77 0.78

Cohen’s kappa
(Three-class case: Horizontal,
Balanced, Vertical)

2020 0.81 0.85

Cohen’s kappa
(Two-class case: Balanced vs.
All Other Built Forms)

2000 0.40 0.65

Cohen’s kappa
(Two-class case: Balanced vs.
All Other Built Forms)

2020 0.40 0.72
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stable, but less so than the horizontal class, because its retention and purity shift depending on
whether the threshold is tightened or widened. The balanced category either contracts sharply
under stricter definitions or expands markedly under looser ones, leading to systematic variations
in retention, assignment purity, overall agreement, and kappa.

6.8.7.2 Effect of Slope Parameters on Trajectory Typology

Tables 6.4 and 6.5 summarize how the stability of trajectory typology classifications varies relative
to the baseline scheme depending on the threshold and slope partition applied. Adjusting only
the percentile threshold, 1st, 5th, and 10th percentiles, while keeping the baseline slope partition
resulted in minimal change, with overall agreement remaining very high, 97–98%, and κ = 0.93–0.94,
indicating almost perfect agreement. In contrast, altering the slope partitions substantially reduced
stability: the 0◦–25◦/25◦–55◦/55◦–90◦ partition produced agreement of 73–76% with κ = 0.51–
0.55, corresponding to moderate agreement, while the 0◦–20◦/20◦–50◦/50◦–90◦ partition yielded
only 49–51% agreement with κ = 0.24–0.27, corresponding to fair agreement. These results show
that overall classification agreement is far more sensitive to slope partitioning than to percentile
threshold choice.

Beyond overall agreement, the detailed retention and purity analysis highlights how parameter
combinations differentially affect individual trajectory categories (Figure 6.9). Balance-related ty-
pologies, namely B, E, and H, show high retention stability across most parameterizations, but purity
is sensitive to slope partitioning, with H particularly prone to misclassification. Horizontal-leaning
categories, C, F, and I, exhibit the most substantial volatility, with retention rates often collapsing
under alternative settings. Stricter balance thresholds, such as the 1st percentile, fragment tran-
sitional classes, while looser thresholds, such as the 10th percentile, inflate balanced categories, E
and H, at the expense of purity. This finding indicates that typology distributions are not invariant
and that parameterization choices significantly affect the allocation of transitional and horizontal
categories, even when dominant balance groups remain stable.

Table 6.4: Overall agreement with the baseline trajectory typology classification (5th percentile balance
threshold, 0◦–30◦/30◦–60◦/60◦–90◦ slope partition) for 2000–2020 under alternative percentile
thresholds and slope partitions.

Slope Partition 5th Percentile 1st Percentile 10th Percentile

0◦–30◦/30◦–60◦/60◦–90◦ (Baseline) 98% 97%

0◦–25◦/25◦–55◦/55◦–90◦ 76% 74% 73%

0◦–20◦/20◦–50◦/50◦–90◦ 51% 50% 49%

Table 6.5: Cohen’s kappa index with the baseline trajectory typology classification (5th percentile balance
threshold, 0◦–30◦/30◦–60◦/60◦–90◦ slope partition) for 2000–2020 under alternative percentile
thresholds and slope partitions.

Slope Partition 5th Percentile 1st Percentile 10th Percentile

0◦–30◦/30◦–60◦/60◦–90◦ (Baseline) 0.94 0.93

0◦–25◦/25◦–55◦/55◦–90◦ 0.55 0.51 0.51

0◦–20◦/20◦–50◦/50◦–90◦ 0.27 0.24 0.25
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Figure 6.9: Sensitivity of trajectory typology classifications to variations in the percentile threshold for the
zone of effective balance (1st, 5th, and 10th percentiles) and the slope partitioning schemes:
retention (a) and assignment purity (b) for the period 2000–2020, relative to the baseline config-
uration (5th percentile, 0◦–30◦/30◦–60◦/60◦–90◦).

6.9 Discussion

6.9.1 Enhanced Interpretation of Efficiency Outcomes Through BUV
Integration

The BUA–BUV trajectory framework enhances the interpretation of efficiency outcomes under SDG
Indicator 11.3.1 by revealing not only whether urban growth is efficient, but also how that efficiency
is associated with structural form. The conventional LCRPGR indicator, even when considered
alongside its LCR and PGR components, can only show whether efficiency stems from reduced land
consumption or from demographic dynamics. Because LCRPGR’s calculation relies solely on built-
up area, its two-dimensional formulation captures outward expansion but cannot account for vertical
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growth. The findings confirm this limitation: UCs with fundamentally different trajectories, such
as those following sustained horizontal growth and those exhibiting balanced growth in a vertical
context, were both classified as “efficient,” despite reflecting structurally divergent pathways.

Integrating the vertical dimension through BUV addresses this limitation. By considering BUV
alongside BUA within a single trajectory framework, it becomes possible to distinguish efficiency
arising from genuine densification from that arising from slower sprawl or demographic change. The
added vertical dimension allows growth patterns to be traced and directly linked to efficiency out-
comes, clarifying whether compactness arises from vertical expansion, constrained outward growth,
or population dynamics without structural improvement. As demonstrated in the analysis, pairing
the framework with LCRPGR transforms SDG Indicator 11.3.1 monitoring from a purely outcome-
based assessment into a diagnostic tool that can reveal the structural sustainability, or fragility, of
observed efficiency gains. Applying this framework at a global scale reveals distinct and persistent
patterns in how UCs have structurally evolved over the past four decades. This explicit structural
integration is a key innovation absent in earlier global SDG Indicator 11.3.1 monitoring.

6.9.2 Global Patterns of Built Form and Growth Modality

The analysis of BUA–BUV trajectories from 1980 to 2020 reveals that although most UCs ex-
perienced significant increases in both built-up extent and volume, their normalized trajectories
underscore strongly contrasting structural modes of growth. A dominant pattern is the persistence
of horizontally oriented built form, accompanied by a decline in balanced and vertically dominant
forms over time. Typology I, Sustained Horizontal Growth, remained the most prevalent across both
periods, underscoring the global predominance of outward expansion as the prevailing urban growth
modality. In contrast, typologies associated with marked vertical expansion, A, D, and G, were rare.
At the same time, transitional categories, C and F, appeared only intermittently, suggesting that
shifts toward more balanced or vertical configurations remain exceptions rather than the rule.

These findings are consistent with earlier global assessments, which have consistently documented
horizontal expansion as the principal mode of urban growth (e.g., Mahtta et al., 2019; Taubenböck
et al., 2025; Zhou et al., 2022). The concentration of vertically dominant trajectories in Asian UCs
corroborates prior studies by Liu et al. (2024) and Frolking et al. (2024), which highlighted the
regional prominence of high-rise intensification in large Asian metropolises. However, in line with
those studies, the current study’s results emphasize that vertical intensification remains geograph-
ically constrained and secondary at the global scale. While compact vertical urbanism is often
highlighted in sustainability debates as a desirable model for reducing land consumption and en-
hancing density (Bibri et al., 2020; Lin, 2018; Munn & Dragićević, 2021; Pelczynski & Tomkowicz,
2019), the empirical evidence presented here suggests that the dominant global trajectory of urban
development continues to favor outward sprawl rather than upward consolidation.

6.9.3 Intersection of Structural Dynamics and Efficiency Metrics

Temporal trends in LCR, PGR, and LCRPGR from the conventional LUE assessment suggest a
movement toward improved efficiency from 2000 onwards, echoing results from earlier GHSL-based
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global assessments (Estoque et al., 2021; Schiavina et al., 2019, 2022b). However, the BUA–
BUV trajectory framework clarifies that these improvements are not necessarily linked to vertical
intensification. Although the number of sprawl-driven, inefficient UCs declined over time, horizontal
expansion remained dominant across all efficiency classes. Even efficient centers were primarily
associated with sustained horizontal growth rather than compact forms. Conversely, vertical and
balanced typologies remained marginal, even where centers exhibited favorable LCRPGR values.

This divergence highlights that numerical efficiency does not always align with structural com-
pactness. Improvements in LUE may stem from slower expansion or demographic stabilization,
rather than genuine densification. Similarly, vertical intensification may initially appear inefficient
if not matched by population growth, producing lagged efficiency gains. These findings emphasize
that efficiency outcomes cannot be interpreted reliably without structural context, as LCRPGR
alone risks obscuring the mechanisms driving observed values.

This concern is consistent with Taubenböck et al. (2025), who showed that global urban expansion
from 1985 to 2015 was associated with structurally less-dense urban growth, as newly developed
areas were dominated by lower-density morphologies and lower population densities than older urban
cores. Their scenario analysis further indicated substantial unrealized potential for more compact
land use, supporting the dissertation’s argument that numerically improved efficiency outcomes
may still mask structurally non-compact development. These results underscore the importance of
complementing efficiency metrics with structural diagnostics to avoid misinterpretations of urban
sustainability.

6.9.4 Structural Sustainability and Policy Implications

The alignment or misalignment between efficiency metrics and structural growth has critical im-
plications for urban policy. The results show that many UCs classified as “efficient” under SDG
Indicator 11.3.1 continue to follow predominantly horizontal trajectories. While such centers may
achieve numerical efficiency, their form entails higher long-term infrastructure costs, fragmented
service delivery, and larger carbon and ecological footprints (OECD, 2018).

These insights indicate that SDG Indicator 11.3.1 monitoring should move beyond the conven-
tional assessment and incorporate structural diagnostics such as the BUA–BUV trajectory frame-
work. For policy, this means that urban efficiency assessments can no longer be limited to ratios of
land consumption and population growth but should also evaluate how land is consumed. Embed-
ding trajectory-based diagnostics into monitoring systems would allow policymakers to achieve the
following:

• Identify unsustainable pathways early, flagging UCs where apparent efficiency masks sprawl-
driven growth that may lock in high resource use (Hasse & Lathrop, 2003).

• Promote densification through measures such as transit-oriented development (Kim & Li,
2021; Yang et al., 2024) and mixed-use zoning (Mualam et al., 2019), focusing on areas where
vertical growth is both practical and necessary.
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• Differentiate regional strategies by promoting vertical or balanced growth in land-scarce con-
texts (Grace Wong, 2004), while focusing on managed expansion in regions with lower demo-
graphic pressure.

• Support transitional pathways by recognizing centers currently in mixed or evolving forms
and ensuring these shifts are reinforced through infrastructure and governance interventions
(Li et al., 2024; Swilling & Hajer, 2017).

These implications highlight the importance of reframing SDG Indicator 11.3.1 monitoring as
both an evaluative and diagnostic tool. The BUA–BUV trajectory framework can help cities and
regions align urban growth management with broader goals of resilience, inclusivity, and low-carbon
development by revealing whether sustainable structural forms underpin efficiency outcomes.

6.10 Limitations and Further Work

The findings of this chapter should be interpreted in light of several limitations, particularly in
relation to uncertainty considerations developed in earlier chapters. First, the use of globally nor-
malized BUA and BUV values constrains the interpretation of the results. The global min–max
transformation places all UCs on a common scale, which is necessary for consistent typological clas-
sification and global comparison. Because the normalization is defined by the smallest and largest
BUA and BUV values in the dataset, the relative positions of many small- and mid-sized UCs can
be compressed, especially when a few megacities set a very high upper bound. As a result, differ-
ences among these UCs may appear less pronounced than they are in absolute terms. Users of the
results should therefore recognize normalization as both a methodological necessity and a trade-off,
balancing comparability with the potential loss of local detail.

Additionally, classifications of prevailing built form and growth modality are contingent on op-
erational parameter choices, including the definition of the zone of effective balance and the slope
thresholds separating horizontal, balanced, and vertical growth. The sensitivity analysis demon-
strated that alternative parameterizations could result in moderate to substantial reassignment of
typologies. Trajectory assignments are therefore subject to structural uncertainty analogous to the
data and parameter sensitivities discussed in Chapters 3 and 4. They should be interpreted as
comparative rather than absolute descriptors of urban structure.

Moreover, the framework is based on BUA and BUV values aggregated at the UC level. This
formulation assumes homogeneity of built form and growth dynamics within each UC, meaning
that intra-urban variability, such as districts simultaneously undergoing horizontal expansion and
vertical densification, cannot be represented. While this assumption is necessary for global-scale
comparability, it may mask important sub-city dynamics that influence sustainability outcomes.

A related limitation concerns the input data. The analysis depends on GHSL-derived built-up area
and volume data from GHS-UCDB 2025. Although these datasets represent state-of-the-art global
EO products, uncertainties related to classification, height estimation, and temporal harmonization
were not explicitly quantified or propagated in this chapter. Consequently, while the results capture
robust global patterns, local-scale deviations from ground reality cannot be excluded. Unlike the
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probabilistic LUE assessments in Chapters 4 and 5, BUA–BUV trajectories should be interpreted
as deterministic structural summaries rather than uncertainty-aware representations.

Additionally, the analysis relied on a filtered version of the GHS-UCDB 2025, where UCs with
extreme LCRs and PGRs were excluded. While this step was necessary to ensure methodological
consistency, it also means that the assessment is incomplete and that the reported distributions do
not cover the complete global set of UCs. Moreover, because normalization statistics for BUA and
BUV were derived from the reduced sample, the resulting balance thresholds may not fully reflect
the entire spectrum of built-up characteristics. Consequently, the classification of prevailing forms
and trajectories may be biased.

Finally, the framework was applied using three benchmark years, 1980, 2000, and 2020, and BUA
data extracted from 100 m GHSL layers. While appropriate for global analysis, this spatial and
temporal resolution limits the detection of short-term fluctuations and fine-scale structural changes
in urban growth.

Further work should extend the BUA–BUV trajectory framework by explicitly incorporating un-
certainty in built-up area and volume estimates, for example, by propagating input data uncertainty
into trajectory positions and typology assignments. Exploring alternative normalization schemes
and parameterizations would help assess the robustness of structural classifications. Applying the
framework at finer spatial and temporal scales and to additional global EO datasets would enable
evaluation of its transferability and sensitivity to data sources. Structural trajectories could also be
linked at the UC level to additional socioeconomic, environmental, and governance variables through
multivariate, panel, or typology-based comparative analysis. For example, trajectory classes or con-
tinuous trajectory attributes such as position, angle, or distance from the 1:1 line could be modeled
against variables related to income, accessibility, land regulation, infrastructure provision, environ-
mental conditions, or institutional capacity. This would help explain why particular urban growth
pathways emerge and how they relate to broader sustainability outcomes.

6.11 Chapter Conclusion

In this chapter, the BUA–BUV trajectory framework was developed to extend SDG Indicator 11.3.1-
based LUE assessment beyond planar land consumption. The findings show that integrating BUA
and BUV within a trajectory-based framework enhances the interpretability and robustness of the
LUE assessment based on SDG Indicator 11.3.1, primarily by reducing interpretive ambiguity in
LCRPGR. The results of the framework’s application to global UCs show that improvements in
conventional LCRPGR patterns over time were not generally accompanied by a widespread shift
toward vertical intensification. Sustained horizontal growth dominated across periods and across
all LUE classes, including many centers classified as “efficient” using LCRPGR alone. The tra-
jectory typologies, therefore, reveal structurally divergent pathways that are otherwise conflated
under similar LCRPGR values, distinguishing efficiency associated with horizontal expansion, ver-
tical densification, or more balanced forms. In this way, the framework transforms SDG Indicator
11.3.1 monitoring from a purely outcome-based assessment into a diagnostic interpretation that
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clarifies how efficiency outcomes emerge and whether they are underpinned by structurally com-
pact development or by demographic and planimetric dynamics. Overall, the framework provides
a scalable way to describe structural pathways of urbanization, supporting more differentiated and
policy-relevant interpretation of SDG Indicator 11.3.1.
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7 Synthesis, Summary of Implications, and Future
Research Directions

7.1 Synthesis of Key Findings Across Research Questions

This dissertation set out to examine whether prevailing deterministic, retrospective, and planar ap-
plications of SDG Indicator 11.3.1 are sufficient for a reliable and policy-relevant assessment of urban
LUE. Taken together, the results show that they are not. Across the empirical and methodological
chapters, a consistent pattern emerged: LUE outcomes are conditional on how BUA and Pop are
represented, highly sensitive to uncertainty once propagated through the indicator transformations,
increasingly difficult to interpret when extended into the future without explicit predictive uncer-
tainty, and only partially explained when assessed through LCRPGR alone. Therefore, the overall
conclusion is that SDG Indicator 11.3.1 remains useful, but only when treated as an uncertainty-
sensitive, forward-looking, and structurally incomplete indicator that benefits from complementary
analytical frameworks rather than as a precise, standalone scalar.

In relation to RQ1, the dissertation first showed that, even before formal uncertainty propagation
is introduced, SDG Indicator 11.3.1 already exhibits substantial deterministic sensitivity to routine
input data choices. When alternative EO-derived BUA and Pop datasets were substituted under
otherwise fixed analytical conditions, LCR, PGR, and especially LCRPGR shifted systematically,
with BUA representation exerting the stronger influence. In the Philippine LGU analysis, threshold
crossings between efficient and inefficient classes were not rare, and a substantial share of units
changed class purely because the underlying data representation changed. These findings establish
an important baseline conclusion: many reported LUE outcomes depend on dataset definitions and
measurement logic, rather than representing a single unambiguous state of LUE.

That baseline leads directly to the findings for RQ2 and RQ3. Once BUA and Pop are treated as
uncertain rather than fixed, SDG Indicator 11.3.1 is more appropriately interpreted as a distribution
than as a point value. The uncertainty propagation framework showed that LCR and PGR remain
reasonably interpretable under uncertainty, but LCRPGR is structurally much more unstable due to
its nonlinear ratio form and sensitivity to denominator behavior. The dissertation therefore moves
the interpretation of LUE from deterministic labels to probabilistic statements. Rather than asking
only which regime a city belongs to, the framework asks how strongly that regime is supported and
what alternative regimes remain plausible. This change in interpretation approach directly improves
transparency in borderline cases and provides a more defensible basis for comparison across cities
and periods.
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In relation to RQ4, the dissertation showed that forward-looking, uncertainty-aware LUE assess-
ment is feasible at the global UC scale. The global joint-target DL workflow identified GRU as the
most balanced architecture for BUA and Pop forecasting; deep ensembling improved stability and
calibration; and the proposed approach outperformed the ES baseline, demonstrating clear value
from pooled learning across UCs. At the same time, forecast uncertainty did not propagate uni-
formly: LCR remained comparatively stable, PGR was more heterogeneous, and LCRPGR again
emerged as the most fragile quantity, especially where projected population growth approached
zero. The projected probabilistic LUE classifications showed moderate agreement with the observed
classes and, importantly, the dominant regime probability provided useful confidence information.
Thus, the main conclusion is not that future LUE can be predicted precisely, but that it can be
assessed probabilistically, providing more informative and decision-relevant information than deter-
ministic projection alone.

In relation to RQ5, the BUA–BUV trajectory framework showed that area-based efficiency out-
comes do not adequately explain how urban growth occurs. Many UCs that appear efficient in
LCRPGR terms remain structurally dominated by horizontal growth, while similar ratio values can
arise from materially different combinations of horizontal expansion and vertical intensification. By
integrating BUA and BUV in a common trajectory space, the dissertation shows that SDG Indicator
11.3.1 captures an outcome but not the structural pathway that produced it. Although uncertainty
was not explicitly incorporated into the BUA–BUV framework, it nevertheless adds an essential di-
mension that is absent from conventional SDG Indicator 11.3.1 applications. Accordingly, the most
complete interpretation of LUE comes from combining probabilistic SDG Indicator 11.3.1 assess-
ment with a trajectory-based structural reading of urban growth. In this sense, the dissertation’s
overall contribution is not a replacement for SDG Indicator 11.3.1, but rather its repositioning:
from a deterministic, planar indicator to a probabilistic, forecast-enabled, and multidimensional
diagnostic framework for urban LUE assessment.

7.2 Summary of Implications for SDG Indicator 11.3.1 Monitoring
and Broader Urban Sustainability Assessment

Building on the preceding synthesis, this section summarizes the main implications of the disserta-
tion for the interpretation, reporting, and practical use of SDG Indicator 11.3.1. It also considers the
broader relevance of the findings for urban sustainability assessment, especially where EO-derived
indicators are used to inform planning and policy under uncertainty.

A first implication is methodological. SDG Indicator 11.3.1 should not be reported or interpreted
as though BUA and Pop were exact quantities. The results of this dissertation show that indicator
values and regime assignments can shift materially under alternative BUA and Pop representations
and under plausible uncertainty ranges. For routine monitoring, this means that dataset definitions,
built-up semantics, and data provenance should be documented explicitly. It also means that a
single deterministic label should be treated as conditional rather than absolute. At a minimum,
LCR and PGR should continue to be reported alongside LCRPGR, in line with SDG Indicator
11.3.1 methodology, and where feasible, uncertainty intervals and regime probabilities should be
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reported alongside central estimates. In practical terms, this implies a shift from reporting a single
“final” LUE class toward reporting the most likely regime together with the degree of confidence
attached to that classification. Such reporting would better distinguish between cities with clearly
supported classifications and those whose apparent status is sensitive to plausible variation in the
inputs. For policymakers and decision-makers, this means that reported uncertainties should be
used to judge how strongly a result can support action, comparison, or prioritization. Results with
narrow intervals and clearly dominant regime probabilities may support firmer conclusions, whereas
wide intervals or less concentrated regime probabilities should prompt more cautious interpretation,
additional validation, or adaptive responses.

A second implication is practical. For EO-based SDG monitoring to become genuinely uncertainty-
aware, validation information must be provided in a form that supports inference rather than only
descriptive accuracy reporting. It should include sampling design information, stratum definitions,
sample sizes, and full error or confusion matrices. Without these, uncertainty in built-up class areas
cannot be propagated transparently to SDG Indicator 11.3.1 metrics. The dissertation therefore sug-
gests that an extended reporting template for SDG Indicator 11.3.1 should combine point summaries,
interval estimates, and probabilistic LUE regime membership. This extension preserves compati-
bility with the official regime taxonomy while avoiding overconfident interpretation. For national
statistical offices, international agencies, and other reporting bodies, this suggestion would support
more transparent communication of indicator reliability and make cross-city or cross-country com-
parisons more defensible. It would also encourage producers of EO-derived built-up datasets to
publish validation outputs in forms that are analytically usable for uncertainty propagation. In this
context, uncertainty information should be treated as part of the indicator evidence itself rather
than as optional supplementary material, since the credibility of downstream interpretation depends
directly on how well that uncertainty can be quantified and communicated.

A third implication concerns planning and prospective use. If SDG Indicator 11.3.1 is to support
decision-making rather than only retrospective description, then future LUE assessment must be
based on predictive distributions, not only on point forecasts. The results show that forecast
uncertainty is itself informative, since wider uncertainty and weaker dominant regime probabilities
identify UCs where future LUE outcomes are less stable and where planning decisions should be
made more cautiously. In this sense, uncertainty-aware forecasting enables SDG Indicator 11.3.1
to serve not only as a monitoring tool but also as a risk-aware planning support framework for
the period leading up to 2030 and beyond. From a planning perspective, this means that multi-
class LUE regime probabilities can be interpreted as a decision-support signal. For example, if
a city has a high probability of remaining in a population-intensive or relatively balanced growth
regime, planners may treat existing densification-oriented strategies as broadly consistent with likely
future development. By contrast, if probability mass is distributed across multiple LUE regimes,
especially between more and less land-intensive outcomes, this signals greater uncertainty in the
future urban trajectory and may justify more cautious or adaptive planning responses. Similarly,
where projected LCRPGR outcomes appear unfavorable but with low confidence, planners should
avoid treating those results as definitive warnings and instead interpret them as prompts for closer
investigation, scenario testing, or targeted data improvement. In this way, predictive uncertainty is
not merely a statement about model imperfection; it is also a practical indicator of planning risk.
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As such, decision-makers are guided in distinguishing between futures that appear robust enough
to inform near-term policy and those for which flexibility, contingency measures, or incremental
implementation would be more appropriate.

Finally, the dissertation implies that SDG Indicator 11.3.1 should be complemented structurally
when used to interpret urban LUE. Because the indicator captures land consumption only in two-
dimensional planar terms, it cannot, by itself, distinguish whether apparent efficiency is associated
with compact vertical intensification, extensive horizontal growth, or other mixed pathways. The
BUA–BUV trajectory framework should therefore be applied alongside SDG Indicator 11.3.1 as a
complementary framework for interpreting the structural form and direction of urban growth. For
policy interpretation, this means that similar LCRPGR values should not automatically be treated
as equivalent, especially where structural compactness and vertical development are important
planning concerns. In practical use, the trajectory framework can help policymakers distinguish
whether a seemingly similar LUE outcome arises from compact intensification, outward expansion,
or a mixed development pathway. This distinction matters because the policy implications of these
pathways differ substantially for infrastructure provision, transport demand, service accessibility,
environmental pressure, and land preservation. A city with an apparently favorable LCRPGR but a
strongly horizontal trajectory may still warrant concern regarding sprawl, infrastructure extension,
or loss of open land, whereas a city with a comparable LCRPGR but a more vertical trajectory
may reflect a more compact form of urban accommodation. Thus, the BUA–BUV framework
adds diagnostic depth by clarifying how urban growth is being spatially and physically realized,
not merely whether the aggregate ratio appears efficient. Accordingly, the framework can support
more targeted policy interpretation by helping decision-makers align intervention strategies with
the underlying growth pathway rather than with the aggregate indicator value alone.

Altogether, the uncertainty-aware SDG Indicator 11.3.1 framework and the BUA–BUV trajectory
framework support more informed interpretation of urban LUE for policy and planning. The former
helps decision-makers assess how confident they should be in a reported or projected LUE regime,
while the latter helps explain the structural pathway underlying that outcome. Used jointly, they
enable a shift from single-number reporting toward a richer evidence base in which cities can be
evaluated not only by their most likely LUE class, but also by the uncertainty surrounding that
class and by the horizontal–vertical growth pattern through which it is being produced. This is
particularly valuable in contexts where planning decisions must balance land conservation, housing
demand, infrastructure efficiency, and long-term urban resilience.

Beyond its direct contribution to SDG Indicator 11.3.1 monitoring, this dissertation also has
broader implications for urban sustainability assessment and for the wider use of EO-based SDG
indicators. It demonstrates the value of uncertainty-aware, forward-looking analysis for indicators
derived from modeled geospatial inputs, particularly when policy conclusions may be sensitive to
data quality, predictive uncertainty, and nonlinear transformations. In this respect, the conceptual
and methodological contributions developed here are not limited to LUE assessment. They are
also relevant to other SDG indicators that depend on EO-derived land, environmental, or exposure
data, such as indicators related to public transport and access to green spaces (e.g., SDG 11.2
and 11.7), ecosystem extent and change (e.g., SDG 6.6 and 15.1), and hazard or exposure-sensitive



180 7 Synthesis, Summary of Implications, and Future Directions

urban assessments linked to resilience and risk reduction (e.g., SDG 11.5) (United Nations Statistics
Division, 2026).

7.3 Future Research Directions

Chapter-specific limitations and future work have already been discussed in the relevant chapters.
Rather than repeating those points in detail, this section highlights broader research directions that
emerge across the dissertation as a whole.

A first direction is the development of a more fully integrated uncertainty-aware retrospective and
prospective LUE assessment framework. This dissertation has shown the value of treating BUA,
Pop, and their derived indicators probabilistically, both for monitoring past LUE conditions and for
interpreting future LUE trajectories based on forecasts. However, these retrospective and prospec-
tive components were implemented largely in isolation, with uncertainty-aware monitoring applied
to historical assessment and forecast-based LUE interpretation developed as a separate analytical
component. Future work should therefore aim to connect these components more consistently across
the full analytical chain. In such a framework, historical EO-derived BUA and Pop data would first
be used to establish and characterize input uncertainties, which would then be propagated to LCR,
PGR, LCRPGR, and regime classification for retrospective monitoring. The same historical data
and associated uncertainty information would also support forward-looking forecasting of BUA and
Pop, allowing future LUE outcomes to be assessed probabilistically rather than deterministically.
Such integration points toward a unified framework in which uncertainty is not treated as an isolated
add-on at particular stages, but as a central property of SDG Indicator 11.3.1 monitoring across
both past assessment and future projection.

A second direction is the further development of forecasting approaches for BUA and Pop. The
results of this dissertation support the usefulness of uncertainty-aware deep learning for forward-
looking LUE assessment, while also indicating that additional methodological advances are possible.
Future research may further develop forecasting by allowing greater flexibility in model structure,
incorporating richer contextual information, and explicitly representing spatial interdependence.
This broader analytical scope would move beyond joint BUA–Pop trajectories at the UC level by
accounting more explicitly for spatial context, linkages with other UCs, and other factors that
influence urban change.

A third direction is to extend the multidimensional perspective on urban LUE introduced through
the BUA–BUV trajectory framework. The dissertation has shown that incorporating the vertical
dimension can reveal aspects of urban development that remain hidden in conventional area-based
interpretations of SDG Indicator 11.3.1. Future work should build on this perspective by developing
trajectory-based approaches that are more uncertainty-aware, spatially detailed, and explanatory.
These enhancements would support a more comprehensive understanding of how different horizontal
and vertical growth pathways influence urban LUE and its interpretation.
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Appendix

Table A1: Hyperparameters and search space for the deep learning architectures described in Section 5.4.3.

Architecture Hyperparameter Search Space

1D CNN Conv1D layers {1, 2}
Conv1D filters {32, 64, 128}
Kernel size {3, 5}
Stride {1}
Dilation rates (layer 1 / layer 2) {1}/{1, 2}
L2 regularization factor {10−6, 10−5, 10−4}
Dropout rate {0.0, 0.1, 0.2}
Hidden layer size (hidden units) {32, 64, 128}
Optimizer learning rate {10−3, 5× 10−4}
Gradient clip threshold {1.0}
Batch size {32, 64}

LSTM LSTM units {32, 64, 128}
Bidirectional {False}
LSTM dropout rate {0.0, 0.1, 0.2}
Recurrent dropout rate {0.0, 0.1}
Dropout rate {0.0, 0.1, 0.2}
Hidden layer size (hidden units) {32, 50, 64, 128}
L2 regularization factor {10−6, 10−5, 10−4}
Optimizer learning rate {10−3, 5× 10−4, 3× 10−4}
Gradient clip threshold {1.0}
Batch size {32, 64}

GRU GRU units {32, 64, 128}
GRU dropout rate {0.0, 0.1, 0.2}
Recurrent dropout rate {0.0, 0.1}
Dropout rate {0.0, 0.1, 0.2}
Hidden layer size (hidden units) {32, 50, 64, 128}
L2 regularization factor {10−6, 10−5, 10−4}
Optimizer learning rate {10−3, 5× 10−4, 3× 10−4}
Gradient clip threshold {1.0}
Batch size {32, 64}

1D CNN
+LSTM

Conv1D layers {1, 2}

Conv1D filters {32, 64, 128}
Kernel size {3, 5}
Stride {1}
Dilation rates (layer 1 / layer 2) {1}/{1, 2}
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Table A1: Hyperparameters and search space for the deep learning architectures described in Section 5.4.3
(continued).

Architecture Hyperparameter Search Space

LSTM units {32, 64, 128}
Bidirectional {False}
LSTM dropout rate {0.0, 0.1, 0.2}
Recurrent dropout rate {0.0, 0.1}
Dropout rate {0.0, 0.1, 0.2}
Hidden layer size (hidden units) {32, 50, 64, 128}
L2 regularization factor {10−6, 10−5, 10−4}
Optimizer learning rate {10−3, 5× 10−4, 3× 10−4}
Gradient clip threshold {1.0}
Batch size {32, 64}

1D CNN
+GRU

Conv1D layers {1, 2}

Conv1D filters {32, 64, 128}
Kernel size {3, 5}
Stride {1}
Dilation rates (layer 1 / layer 2) {1}/{1, 2}
GRU units {32, 64, 128}
Bidirectional {False}
GRU dropout rate {0.0, 0.1, 0.2}
Recurrent dropout rate {0.0, 0.1}
Dropout rate {0.0, 0.1, 0.2}
Hidden layer size (hidden units) {32, 50, 64, 128}
L2 regularization factor {10−6, 10−5, 10−4}
Optimizer learning rate {10−3, 5× 10−4, 3× 10−4}
Gradient clip threshold {1.0}
Batch size {32, 64}

Transformer Model dimension / hidden layer size {48, 64, 96, 128}
Attention heads {2, 4, 8}
Transformer blocks {1, 2, 3}
Feed-forward dimension {64, 128, 256}
Projection dropout rate {0.0, 0.1}
Attention dropout rate {0.0, 0.1}
Feedforward dropout rate {0.0, 0.1}
Head dropout rate {0.0, 0.1}
Learned positional encoding {True,False}
L2 regularization factor {10−6, 10−5, 10−4}
Optimizer learning rate {10−3, 5× 10−4, 3× 10−4}
Gradient clip threshold {1.0}
Batch size {32, 64}
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Table A2: Year-specific forecast performance of candidate models for built-up area (BUA) prediction in 2015 and 2020 across 1,199 test-set urban centers. MedE
= median error; MedAE = median absolute error (km2); MedAPE = median absolute percentage error (%); PICP = prediction interval coverage
probability; PIAW = prediction interval average width (km2); Median WS = median Winkler Score.

Model MedE
2015

MedE
2020

MedAE
2015

MedAE
2020

MedAPE
2015

MedAPE
2020

PICP
2015

PICP
2020

Median
PIAW
2015

Median
PIAW
2020

Median WS
2015

Median WS
2020

1D CNN 0.00 0.00 0.02 0.07 0.49 1.67 0.96 0.94 0.14 0.49 0.15 0.52

LSTM 0.00 0.00 0.01 0.07 0.37 1.65 0.96 0.96 0.12 0.53 0.12 0.55

GRU 0.00 0.00 0.01 0.07 0.35 1.66 0.97 0.96 0.12 0.53 0.13 0.55

1D CNN+LSTM 0.00 0.00 0.02 0.07 0.48 1.65 0.96 0.96 0.15 0.52 0.15 0.53

1D CNN+GRU 0.00 0.00 0.02 0.07 0.41 1.62 0.97 0.96 0.14 0.52 0.14 0.53

Transformer 0.00 0.00 0.02 0.07 0.41 1.68 0.97 0.91 0.13 0.43 0.14 0.46

Exponential Smoothing 0.00 0.11 0.13 0.32 3.20 6.41 0.69 0.49 0.46 0.53 0.99 3.25



208Table A3: Year-specific forecast performance of candidate models for population (Pop) prediction in 2015 and 2020 across 1,199 test-set urban centers. MedE
= median error; MedAE = median absolute error (no. of persons); MedAPE = median absolute percentage error (%); PICP = prediction interval
coverage probability; PIAW = prediction interval average width (no. of persons); Median WS = median Winkler Score.

Model MedE
2015

MedE
2020

MedAE
2015

MedAE
2020

MedAPE
2015

MedAPE
2020

PICP
2015

PICP
2020

Median
PIAW
2015

Median
PIAW
2020

Median WS
2015

Median WS
2020

1D CNN −41 −152 1222 3603 1.01 2.99 0.94 0.94 10562 28583 10982 30212

LSTM −55 −287 1216 4071 1.05 3.32 0.95 0.95 11892 32090 12248 33253

GRU −73 −222 1165 4029 1.03 3.25 0.95 0.95 12114 32374 12565 33857

1D CNN+LSTM −52 −197 1169 3772 1.04 3.12 0.94 0.94 11409 30760 11973 32316

1D CNN+GRU −62 −206 1237 3958 1.06 3.17 0.95 0.94 11491 31175 12058 33169

Transformer 17 −106 1228 3708 1.05 3.16 0.95 0.76 11129 14750 11640 19680

Exponential Smoothing −389 1328 2693 6165 2.13 4.95 0.86 0.74 16155 24991 19346 37667
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