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Abstract

The Belt and Road Initiative (BRI) has reshaped global trade and infrastructure, with
port cities as key nodes in its Maritime Silk Road. Quantifying their spatiotemporal
development is challenging due to data limitations in emerging economies. This study
employs VIIRS nighttime light (NTL) data from 2013 to 2023 to analyze urbanization
patterns in twelve BRI port cities spanning Asia, Africa, Europe, and South America. We
compile a 12-city cohort; inferential analyses are conducted for a pre-specified six-city
subset, while descriptive NTL trends cover all 12. This study makes three contributions:
(i) we assemble a cross-sensor harmonized VIIRS NTL record for 12 BRI port cities during
2013–2023; (ii) we integrate Standard Deviational Ellipse(SDE) parameters with rank-size
dynamics as a joint diagnostic of urban hierarchy; and (iii) we triangulate NTL with external
indicators (GDP, population, port throughput) to validate interpretation. Three key findings
emerge: Asian ports experienced pronounced NTL growth, with Singapore approaching
saturation, consistent with the luminosity-ceiling hypothesis; SDE analysis shows varied
expansion patterns shaped by geophysical and policy factors; and rank-size trends indicate
decentralization during the BRI decade, with |q| declining in most cities, challenging the
primate-city model. To optimize development, we highlight polycentric infrastructure
investment, institutionalized NTL monitoring, and green port certification aligned with
sustainability goals.

Keywords: Belt and Road Initiative; NTL remote sensing; port city development; standard
deviation ellipse; rank-size distribution

MSC: 62H11

1. Introduction
The Belt and Road Initiative (BRI), launched in 2013, has redefined global trade and

infrastructure connectivity, with an estimated $1 trillion invested in over 3000 projects
spanning 150 countries [1]. Port cities, serving as critical nodes in BRI’s maritime Silk Road,
have experienced transformative growth driven by investments in deep-water terminals,
logistics corridors, and industrial parks [2,3]. Quantifying these changes, however, remains
challenging due to the spatial heterogeneity of development and the scarcity of high-
resolution, longitudinal socio-economic data in emerging economies [4,5]. Nightlight
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remote sensing (NLR) has emerged as a pivotal tool for overcoming these limitations.
Unlike traditional metrics such as GDP or employment statistics, NLR provides spatially
explicit, temporally consistent proxies for human activity, capturing light emissions from
urbanization, industrial operations, and transportation networks [6–8]. The transition
from the Defense Meteorological Satellite Program (DMSP) to the Visible Infrared Imaging
Radiometer Suite (VIIRS) in 2012 marked a technological leap, with VIIRS offering finer
spatial resolution (500 m vs. 5 km) and reduced saturation in brightly lit urban cores [9,10].
Recent studies have increasingly utilized VIIRS-based nighttime light(NTL) remote sensing
(NLR) to monitor urbanization and infrastructure growth along the BRI. For instance, Jean
et al. [4] demonstrated that satellite imagery fused with machine learning can effectively
map socio-economic activity in data-scarce regions, offering a proxy for traditional metrics
such as GDP and employment statistics. It is emphasized that the superior radiometric
calibration and spatial resolution of VIIRS (~500 m) enable detailed monitoring of port-
adjacent urban growth and industrial operations, overcoming the limitations of earlier
DMSP-OLS sensors [6].

Nighttime light datasets have been operationally employed in urban investigations
across more than five hundred refereed publications, functioning either as core analytical
inputs or complementary evidence sources [11]. The integration of NTL remote sens-
ing into urban studies has demonstrated significant methodological advancements, with
VIIRS/DMSP-derived radiance data emerging as a critical tool for characterizing spatiotem-
poral urbanization patterns, economic activity, and infrastructure development across
diverse geographic contexts [11–13]. While VIIRS-based NTL datasets have dominated
urban remote sensing research since 2012, emerging platforms (e.g., Luojia-01, EROS-B)
offering medium-to-high spatial resolution imagery account for merely 10% of total appli-
cations, primarily due to limitations in swath width, temporal coverage, and atmospheric
interference [14,15]. Emerging frontiers and methodological paradigms in nocturnal re-
mote sensing for urban dynamics analysis include characterizing urban growth, mapping
socioeconomic and environmental variables, investigating human activities, and mapping
light pollution [11,16–18]. The operationalization of NTL has transcended traditional urban
analytics, facilitating data-driven investigations into ecosystem disturbances, population
health outcomes, and security optimization, while continued sensor advancements and ma-
chine learning integration suggest accelerated methodological innovation [17,19–21]. The
past decade has witnessed significant progress in NTL remote sensing for monitoring urban
development along the BRI corridors [22]. Analysis of NTL data (1993–2012) employing
spatial metrics reveals significant luminescence growth in BRI corridors undergoing eco-
nomic reconstruction, contrasted by reductions in socioeconomically unstable regions [23].
Spatiotemporal analysis of 80 BRI cities (1992–2015) reveals a 133% surge in urban land
cover (0.24% to 0.56%), driven primarily by Asian/African developing economies, with
concentric density gradients and divergent compactness trends—Chinese cities decen-
tralizing while European, African, and West/Southeast Asian counterparts consolidate,
reflecting economic vitality and population distribution as hierarchical determinants of
morphological evolution [24]. However, most studies focus on pre-2015 data, neglecting
post-initiative impacts. Few NTL studies target cities with actual BRI projects, hindering
localized policy assessments. Hence, NTL’s potential as a tool for evaluating BRI-related
urban policies (e.g., infrastructure efficiency, ecological trade-offs) remains underexplored.

Collectively, these findings underscore the value of NTL as a spatially explicit and
temporally consistent tool for analyzing BRI-related urban transformation, especially in
regions where conventional socio-economic data are incomplete or outdated. Based on
cross-sensor calibrated VIIRS nighttime light data (2013–2023), this study applies statis-
tical analysis, the Standard Deviational Ellipse (SDE), and the rank-size rule to examine
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spatial pattern changes and spatiotemporal dynamics in representative BRI port cities.
We compile a 12-city cohort; inferential analyses are conducted for a pre-specified six-
city subset, while descriptive NTL trends cover all 12 (see Table A1). Our work builds
on recent advances in four domains. First, in remote sensing of development, NTL
has been validated as a robust proxy for economic activity, poverty mapping, and in-
equality, with recent work improving cross-sensor harmonization and applications to
urbanization monitoring [9,25]. Second, in urban growth modeling, global assessments
have highlighted heterogeneous expansion pathways under the Shared Socioeconomic
Pathways (SSPs), showing how different development trajectories impact land use and
sustainability [26–28]. Third, in spatial statistics, methodological contributions over the
past decade have refined tools such as Moran’s I, Local Indicators of Spatial Association
(LISA), and entropy-based measures to capture clustering, dispersion, and spatial het-
erogeneity in urban contexts [29–31]. Fourth, in spatial econometrics, recent syntheses
and applications have extended the Spatial Lag Model (SAR), Spatial Error Model (SEM),
and Spatial Durbin Model (SDM) to cross-sectional and panel data, providing rigorous
treatments of spatial dependence and spillovers in urban and regional studies [32–34]. For
port systems specifically, NTL captures shipping and anchorage activity around harbors
and coastal urban footprints, supporting the analysis of port-city dynamics. Within the
BRI, the Maritime Silk Road prioritizes nodal port infrastructure and trade corridors; recent
empirical studies report measurable development effects and clustering among MSR port
cities [35,36].

Within this context, our contribution is threefold: (i) we assemble a harmonized
VIIRS NTL record for BRI port cities (2013–2023); (ii) we formalize a joint diagnostic that
couples urban form and hierarchy by integrating SDE shape metrics (semi-axes ratio and
orientation) with the rank-size (Zipf) exponent, and by quantifying polycentric transition
via the percentage reduction in |q| over time; and (iii) we incorporate external validation
(GDP, population, port throughput) to enhance the robustness of interpretations. These
definitions make our contribution explicitly mathematical yet fully reproducible from the
reported quantities, while the combined advances help reveal the dynamics of port-city
transformations during the first decade of the BRI and provide empirical references for
policy-making and infrastructure planning in the coming decade.

2. Materials and Methods
The study first conducts a statistical analysis of both aggregate luminosity and incre-

mental growth in NTL (2013–2023) across representative cities in the BRI region, with a
focus on urban centers hosting green energy investment projects. Subsequently, the spatial
evolutionary trajectory of regional lighting patterns is systematically investigated using
the SDE method, quantifying directional bias and dispersion dynamics at the macro scale.
Finally, the rank-size distribution principle is employed to decode the spatial morphology
and spatiotemporal evolutionary characteristics of NTL scaling patterns, with comparative
insights derived from pan-BRI regions and China’s urban systems [37].

2.1. Study Area

The BRI, launched in 2013, spans six continents and encompasses two primary routes:
the Silk Road Economic Belt (connecting China to Central Asia, South Asia, Europe, and
the Middle East via overland corridors) and the 21st Century Maritime Silk Road (linking
China to Southeast Asia, the Indian Ocean, East Africa, the Mediterranean, and Europe
through maritime networks). As of 2023, it involves 152 countries and 32 international orga-
nizations, covering 65% of the global population and 40% of world GDP, with infrastructure
investments exceeding $1 trillion across transportation, energy, and digital connectivity
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projects. The initiative prioritizes five key areas—policy coordination, infrastructure con-
nectivity, trade facilitation, financial integration, and people-to-people bonds—and has
established six major economic corridors, including the China-Pakistan Economic Corridor
(CPEC) and the New Eurasian Land Bridge.

The study focuses on 12 pivotal port cities along the BRI corridors, selected based on
their geopolitical significance, infrastructure connectivity, and role in advancing China’s
global trade network (Figure 1). These cities, spanning six continents, exemplify the spatial-
temporal evolution of BRI’s maritime-terrestrial integration strategy over the initiative’s
first decade (2013–2023).

Figure 1. Schematic Map of BRI Participating Countries as of 2024 (Compiled and Drafted Based on
Documentation).

The selection of the twelve port cities was guided by four criteria: (i) their geopolitical
and economic significance as nodes of the BRI; (ii) the presence of substantial BRI-related
infrastructure investments documented in official reports (e.g., Green BRI Decade Report,
CUFE Renewable Database); (iii) their representativeness of diverse regional contexts across
Asia, Africa, Europe, and South America; and (iv) their recognition as official BRI Ten-Year
case studies or key project implementation sites, which underscores their exemplary status
in policy discourse (see Appendix A for details).

2.2. Definition and Adjustment of Urban Boundaries

To define spatial extents, we adopted a functional urban area (FUA)-aligned approach,
balancing comparability with accuracy. Where the official municipal boundary sufficiently
captured the economic footprint (e.g., Qingdao, Colombo), the administrative unit was
retained. However, for cities where the municipal boundary was too narrow, we extended
to the next administrative level, guided by NTL imagery and corroborated economic
records. For example, Kuching was extended to Sarawak State, and Cam Ranh to Khánh
Hòa Province, as both ports function at the metropolitan scale. Similarly, Cairo’s urban
extent was defined by aggregating Ancient Cairo and New Cairo zones to reflect state-led
expansion, while Dubai’s boundary was delineated using sub-municipality sectors (FID47–
FID55) from GADM to represent its polycentric development. GADM is the Database of
Global Administrative Areas.

These adjustments mitigate the Modifiable Areal Unit Problem (MAUP) and align with
best practices in global urban research, ensuring that the analyzed units reflect functional
economic geographies rather than arbitrary municipal boundaries. All adjustments were
cross-validated using NTL spatial extent and Google Earth imagery to confirm correspon-
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dence with actual urbanized areas [38,39]. These adjustments may introduce a scale effect
that is acknowledged as a limitation of our analysis (Table 1).

Table 1. Definition and Adjustment of Urban Boundaries.

City Country Final Boundary Notes Boundary Data Source

Qingdao China Qingdao City Functional and administrative extents
coincide

GADM v4.1
(gadm41_CHN_2)

Kuching Malaysia Sarawak State
Municipal boundary too narrow;
extended to state level based on

nightlight spatial extent

GADM v4.1
(gadm41_MYS_1)

Cam Ranh (Kam
Ranh) Vietnam Khánh Hòa

Province

The official city boundary is limited;
the province covers the port and

industrial hinterland.

GADM v4.1
(gadm41_VNM_1)

Colombo Sri Lanka Colombo Municipal
Council

Municipal extent sufficiently captures
the port and urban core

GADM v4.1
(gadm41_LKA_2)

Dubai UAE Dubai Municipality
(Sectors 1–9)

Used sub-municipality sectors
FID47–FID55 from GADM

(gadm41_ARE_2)

GADM v4.1
(gadm41_ARE_2)

Cairo Egypt Ancient Cairo +
New Cairo 1/2/3

Combined FID147, FID165, FID166,
FID167 from GADM

“gadm41_EGY_2” to cover evolving
urban zones

GADM v4.1
(gadm41_EGY_2)

Note on boundaries. For cross-country comparability, we adopt GADM v4.1 administrative units; in sensitive
or rapidly evolving contexts (e.g., selected Chinese cities), these polygons should be regarded as approximate
functional representations rather than definitive legal limits.

2.3. Data Sources

This study integrates multi-source geospatial datasets to analyze spatiotemporal
patterns of 12 BRI port cities (2013–2023), with technical specifications summarized in
Table 2. The primary dataset comes from NASA’s Black Marble project (VNP46A4/VJ146A4
Yearly Moonlight-adjusted NTL Product), providing 500 m resolution annual composites
from 2012 to present. Key processing steps include the following: Radiometric Calibration:
Cross-sensor harmonization using DMSP/OLS (2012–2013) and VIIRS (2013–2023) data via
quadratic regression; Noise Removal: Application of straylight correction and fire exclusion
algorithms; Urban Masking: Extraction of port-centric 50 km zones using OpenStreetMap
infrastructure layers. The relevant equations are presented as follows:

Lj = ∑n
i=1 xij (1)

where Lj denotes the total luminosity in year j, aggregated from pixel-level values xij

representing the NTL intensity of pixel i in year j.

rj =
Lj+1 − Lj

Lj
× 100% (2)

where rj represents the inter-annual rate of luminosity change from year j to j + 1 [23].
The vector boundaries used in this study were primarily obtained from the GADM

v4.1 database, which provides three levels of administrative divisions, namely national,
provincial, and city. To refine port-specific zoning within China, we supplemented these
boundaries with data from the 1:1 M National Fundamental Geographic Database (2020
edition). In order to ensure spatial accuracy, we performed topological validation to resolve
discrepancies between datasets. More than 10% of the boundary inconsistencies were
corrected through conflation with Google Earth imagery (2023). Additionally, Ground
Control Points (GCPs) derived from BRI infrastructure maps were applied to further
enhance the positional precision of the boundaries.
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Table 2. Technical Specifications of Core Datasets.

Dataset Resolution Temporal Coverage Accuracy Access Platform

VIIRS NTL (VNP46A4) 500 m 2012–2023 RMSE ≤ 3.2 DN NASA Earthdata
GADM Boundaries Vector 2023 95.4% matching GADM.org

Google Satellite 0.5–15 m 2013–2023 CE90 < 5 m Google Earth Engine
Port Operation Stats Tabular Annual NBS certified National Bureaus

2.4. Methods

Descriptive statistics cover all 12 cities, whereas SDE and rank-size are reported for
the six-city subset marked in Table A1. To provide a clear overview of the research design,
the workflow of data processing and methodological framework is illustrated in Figure 2.

Figure 2. Workflow of the methodological framework.

The diagram illustrates the research process, including (i) data collection and prepro-
cessing, (ii) methodological applications (statistical analysis, SDE, and rank-size rule), and
(iii) results and validation with external indicators and policy implications.

2.4.1. SDE Method

The SDE method is a widely used spatial statistical technique designed to analyze
the directional trends, dispersion patterns, and evolutionary dynamics of geographic
phenomena. The method allows for the visualization and quantification of spatial patterns
by fitting an ellipse to a set of geographic data points. This ellipse reflects the orientation,
extent, and concentration of the data within a defined area, making it particularly useful
for identifying significant spatial relationships in multidimensional datasets [37].

SDE analysis synthesizes four core parameters—mean center, rotation angle, major and
minor axes, and elliptical area—which together define the spatial distribution of the dataset.
The mean center represents the geometric center of the dataset, serving as a reference point
for measuring dispersion. The rotation angle indicates the direction of maximum variance
within the dataset, providing insights into the spatial orientation of phenomena. The major
and minor axes reflect the extent of dispersion along two perpendicular directions, with
the major axis often revealing the dominant directional trend. Finally, the elliptical area
is proportional to the spatial concentration of the data, and a larger ellipse area signifies
greater dispersion. Equations (3)–(6) quantify the spatial dispersion and orientation of
urban growth. In Equations (3)–(6), (xi, yi) denotes the spatial location of the research
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object; wi indicates corresponding weights; (x̃i,ỹi) indicates the location of each study object
relative to the center of gravity (Xw,Yw):

Xw =

n
∑

i=1
wixi

n
∑

i=1
wi

, Yw =

n
∑

i=1
wiyi

n
∑

i=1
wi

(3)

tanα =

(
n
∑

i=1
w2

i x̃2
i −

n
∑

i=1
w2

i ỹ2
i +

√
(

n
∑

i=1
w2

i x̃2
i −

n
∑

i=1
w2

i ỹ2
i )

2
+ 4

n
∑

i=1
w2

i x̃2
i ỹ2

i

2
n
∑

i=1
w2

i x̃i ỹi

(4)

The ellipse is defined by the standard deviations σx and σy of the x- and y-axis co-
ordinates, respectively, which quantify dispersion along the east–west and north–south
directions, as follows:

σx =

√√√√√√√
n
∑

i=1
(wi x̃i cos α − wi ỹi sin α)2

n
∑

i=1
w2

i

(5)

σy =

√√√√√√√
n
∑

i=1
(wi x̃i sin α − wi ỹi cos α)2

n
∑

i=1
w2

i

(6)

2.4.2. Urban Rank-Size Rule

The urban scale distribution is traditionally extracted from built-up areas using night-
time light remote sensing images, which provide a unique and consistent means to capture
urban extents and their growth patterns globally. This methodology was initially employed
in studies such as those that highlighted that NTL remote sensing imagery can offer a
globally consistent brightness threshold [40], which helps verify urban growth models,
also known as Zipf’s law [41,42]. In this study, the corresponding NTL values, which are
consistent with remote sensing images, are selected as the urban identification threshold.
This allows us to study the spatial scale distribution of NTL in these urban areas. By using
this approach, we can directly analyze urbanization levels in regions where conventional
methods might lack sufficient data. The rank-size rule models the relationship between
city rank and size as follows:

Ls = L1·R
−q
s (7)

where Ls denotes the total NTL of the s-th region, L1 is the NTL of the largest city, Rs

represents the rank of the s-th region, while q is the Zipf index, commonly used to describe
the concentration and dispersion of city sizes based on NTL [23,43].

The Zipf mode corresponds to the special case of Equation (7) when q = 1. In this sense,
Equation (7) can be regarded as a generalization of the Zipf mode. Taking the logarithm of
Equation (7), gives:

lgLs = lgL1 − qlgRs (8)

The value lgL1 reflects the luminosity of the largest city, providing a reference for
the urban scale. The |q| value reveals key information about the NTL scale distribution.
When |q| is close to 1, the distribution tends to be balanced. A |q| greater than 1 indicates
concentration, where larger cities dominate and smaller ones lag in development, while a
value less than 1 shows a more dispersed distribution, with smaller cities being relatively
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more developed. Long-term analysis suggests that if |q| increases, it points to a greater
concentration of urban luminosity, implying stronger development in large cities. Con-
versely, a decrease in |q| signifies that dispersion is increasing, meaning that smaller cities
are catching up in terms of development. These trends provide insights into the evolving
urban hierarchies within regions, influenced by infrastructure and policy shifts.

Following the classical rank-size tradition and recent NTL-based extensions, secondary
cities are identified through the relative luminosity hierarchy as non-primate nodes that
maintain spatial and functional significance within broader urban networks [44–46]. Be-
yond exploratory visualization, we extend the rank-size analysis by explicitly estimating
the Zipf exponent (q) for each port city using double-logarithmic regressions. Goodness-
of-fit was evaluated through the coefficient of determination (R2), and residual patterns
were examined to identify systematic deviations from Zipf’s law. These diagnostics allow
the rank-size model to serve not only as a descriptive tool but also as a quantitative test of
hierarchical structure. For comparability, regressions were conducted separately for each
year (2013–2023) and standardized across cities.

2.5. Validation of NTL as a Proxy for Development

To assess whether NTL dynamics reflect real socio-economic changes rather than
sensor noise or policy artifacts, we conducted a qualitative validation exercise. For a subset
of representative cities, we compared NTL trajectories (2013–2023) with official statistics,
including GDP growth (Qingdao), port throughput (Colombo), and demographic change
(Cairo). These external indicators were selected because they represent key dimensions
of economic and demographic development that NTL is expected to approximate. The
validation is designed to check directional and proportional consistency rather than to
establish precise causal relationships.

3. Results
Unless otherwise specified, all results herein pertain to the pre-specified six-city subset

for inferential analyses; the complete 12-city cohort is provided in Table A1. In this paper,
“resource-dependent growth” denotes NTL gains that remain concentrated around port
terminals and main transport corridors and move in step with the external port-activity
indicators already reported in the manuscript, rather than diffusing across the wider
urban system.

3.1. Spatiotemporal Variations in NTL and Growth Rates

Analysis of NPP-VIIRS NTL data (2013–2023) reveals distinct regional patterns
(Figure 3): Asian cities exhibit the widest variation (1.05–146.54%); African cities show
emerging potential; European cities display polarized trajectories; and South American
cities follow resource-dependent growth paths. These findings provide substantial remote
sensing evidence for understanding global urbanization dynamics.

Asian cities exhibited the most pronounced NTL variations. NTL in Qingdao surged
99.52% (from 114,204 to 227,863 nW·cm−2·sr−1), characterized by coastal and new urban
zone expansion, alongside a polycentric spatial pattern aligning with the ‘One-Core, Three-
Wings’ development strategy. By contrast, Singapore exhibited near-saturation growth
(1.05%), consistent with the luminosity-ceiling hypothesis [47]. This pattern contrasts
sharply with rapidly growing Southeast Asian cities. Cam Ranh rose by 146.54% (from
9054 to 22,321 nW·cm−2·sr−1), concentrated around the deep-water port; Kuching grew
by 80.66% (from 41,609 to 75,169 nW·cm−2·sr−1) with flattened density gradients; Manila
increased by 21.80% (21.80%, from 68,277 to 83,159 nW·cm−2·sr−1) via peripheral sprawl;
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Colombo rose by 57.07% (from 8102 to 12,726 nW·cm−2·sr−1); Dubai increased by 56.25%
(from 303,463 to 474,170 nW·cm−2·sr−1) with a multicentric distribution.

Figure 3. The total NTL and overall growth rate of 12 port cities along the BRI from 2013 to 2023.

NTL in Cairo increased by 94.71% (from 70,809 to 137,871 nW·cm−2·sr−1), ranking
second among all studied cities. This aligns with documented North African urban de-
velopment trends. Spatial analysis revealed greater luminosity increases along the Nile
riverbanks compared to the desert fringe areas, highlighting hydrological influences on
urban development. Accelerated growth post-2018 may reflect impacts from Egypt’s new
administrative capital development.

European cities demonstrated divergent patterns. NTL in Athens grew by 18.98%
(from 222,154 to 264,312 nW·cm−2·sr−1), with stable luminosity in historical cores
and most of the growth occurring in peripheral areas, exemplifying successful her-
itage conservation strategies. Conversely, Kyiv, Ukraine, experienced a 53.72% decline
(from 59,251 to 27,423 nW·cm−2·sr−1), with abrupt decreases post-February 2022, quantita-
tively confirming conflict impacts on urban infrastructure.

Bahía Blanca showed 28.59% growth (from 41,690 to 53,610 nW·cm−2·sr−1), charac-
teristic of mid-sized port cities. NTL expansion primarily followed transport corridors.
Observed cyclical growth patterns provide new evidence regarding resource-dependent
urban development.
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3.2. Urban Land Use Dynamics and NTL Validation in Port City Clusters

Urban land-use maps (2013–2023) reveal heterogeneous expansion among six ports
(Figure 4). The selected cases—Cam Ranh (Vietnam), Qingdao (China), Cairo (Egypt),
Kuching (Malaysia), Colombo (Sri Lanka), and Dubai (UAE)—demonstrate heterogeneous
growth trajectories through sequential land cover changes visualized by temporal color
gradients (deep red to light green).

 
Figure 4. The spatiotemporal dynamics of urban land among six port cities from 2013 to 2023. For
Kuching (Malaysia) and Cam Ranh (Vietnam), extended boundaries (Sarawak; Khánh Hòa) were
applied to capture port-related hinterlands, while municipal cores are highlighted for clarity.

Asian port cities exhibit pronounced urban expansion patterns predominantly driven
by infrastructure development. Qingdao added 78% of new urban land (2013–2018) around
Jiaozhou Bay, with 62% within 5 km of the coast; Cam Ranh devoted 54% of additions
(2015–2020) to logistics near the deep-water port; Kuching showed 41% leapfrog expansion
beyond existing built-up areas after 2017; Colombo developed linearly along the Colombo–
Katunayake corridor.

Middle Eastern and African port cities demonstrate distinct urban expansion tra-
jectories characterized by strategic economic diversification. Dubai’s urban growth was
polycentric, with three distinct hotspots: Jebel Ali Free Zone (2013–2015), Dubai South
(2016–2018), and Deira waterfront (2019–2023). Only 28% of new land was port-adjacent,
reflecting its transition to a service-oriented global city. Cairo displayed Nile-dependent
expansion, where 81% of new urban land emerged within 3 km of the river. Post-2018
growth concentrated eastward toward the New Administrative Capital, showing state-led
spatial redistribution—a phenomenon previously documented in satellite studies.

To strengthen the robustness of our NTL-based interpretations, we conducted a qualita-
tive year-by-year comparison of NTL and GDP trajectories (2013–2023) to examine whether
they move in the same direction. The purpose is to examine whether radiance dynamics
broadly correspond to recognized socio-economic changes, rather than being artifacts of
lighting policies or sensor noise. The results show strong directional consistency. We
conducted a qualitative year-by-year comparison of NTL and GDP trajectories (2013–2023)
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to examine whether they move in the same direction. While no formal correlation test was
conducted, the observed consistency in annual trends supports NTL’s validity as a proxy
for economic development. Cairo’s radiance increase of +94.71% coincides with a popula-
tion increase of +12.1%, reflecting demographic-driven urban intensification. Colombo’s
NTL growth of +57.07% aligns with a +59.5% rise in port throughput, suggesting that
port-related economic activity is effectively captured by nightlight dynamics.

3.3. Quantifying Spatiotemporal Patterns of NTL Distribution Through SDE Analysis

SDE analysis reveals distinct spatiotemporal dynamics in NTL expansion patterns
across six port cities, reflecting varied urban–industrial growth models and maritime
infrastructural transformations (Figure 5). These findings underscore the SDE method’s
efficacy in quantifying not only the spatial spread but also the directional evolution of
urban–industrial expansion around port cores. The observed divergence across cities
reflects differentiated development strategies rooted in local geographic, institutional, and
economic conditions.

Figure 5. SDE change in six port cities from 2013 to 2023.

In Cam Ranh, Vietnam (a), ellipses display radial and concentric patterns centered
around the deep-water port core (11.95◦ N, 109.21◦ E). The 2015–2018 ellipses exhibit
dense clustering within a 5 km radius, indicative of intense infrastructure development
and port activity consolidation. Notably, ellipses post-2020 shift northwestward, suggest-
ing operational extensions beyond the traditional port zone, possibly linked to logistics
decentralization or hinterland integration strategies.

Qingdao, China (b) exhibits a coastal-linear SDE orientation along Jiaozhou Bay with
outward elongation toward the sea. Between 2013 and 2016, ellipses remained tightly bound
within a 10 km zone near the port centroid (36.07◦ N, 120.33◦ E). From 2017 onward, there
has been a notable outward elongation toward the sea, consistent with coastal expansion
trends observed in high-tier Chinese maritime hubs.
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In Cairo, Egypt (c), ellipses tightly align with the Nile River corridor, with approx-
imately 85% of centroids located within 3 km of the riverbanks. The ellipses maintain a
stable azimuth orientation over the decade, indicating a strong hydro-geographic constraint.
A notable eastward trajectory shift post-2018 parallels the spatial shift of urban and logistic
functions toward the New Administrative Capital, validating prior findings on spatial
coupling between transport infrastructure and governance restructuring.

Contrasting patterns are evident in Kuching (d) and Colombo (e). In Kuching, post-
2017 ellipses are highly fragmented, reflecting discontinuous peri-urban industrialization.
Colombo, by contrast, develops an elongated corridor along the Colombo–Katunayake
axis, consistent with planned economic zones and port–airport integration.

Dubai, UAE (f) displays a polycentric and phased SDE evolution, with three dominant
clusters: Jebel Ali (2013–2015), Dubai South (2016–2018), and Deira Waterfront (2019–2023).
Only 28% of ellipses intersect the legacy port area, suggesting a structural decoupling of
modern logistics development from historical port geographies. This aligns with broader
Gulf megacity trends toward inland logistics hub development.

3.4. Rank-Size Distribution Analysis of NTL

Double-logarithmic regression results of NTL across six Belt and Road port cities
from 2013 to 2023 reveal pronounced differences in spatial hierarchy; most yearly fits have
R2 > 0.75, indicating robust explanatory power. Five out of six cities show declining |q|
values over time, indicating a broad trend toward spatial decentralization and growing
complexity in urban form. Cam Ranh demonstrates the most rapid shift, while Kuching
maintains the highest level of monocentric stability. These findings validate the effectiveness
of rank-size analysis in diagnosing spatial structure changes using remote sensing and
complementing prior models of urban scaling and hierarchy.

As shown in Table 3, the double-logarithmic regressions provide complete estima-
tion results for the rank-size distributions of six representative BRI port cities, including
slope parameters (q), intercepts, and model fit statistics. While this detailed presentation
ensures methodological transparency, it does not readily convey broader cross-city pat-
terns. To facilitate comparison, Table 4 summarizes the evolution of the Zipf slopes (q) and
goodness-of-fit values (R2) between 2013 and 2023, together with the changes (∆q). This
condensed view highlights divergent hierarchical trajectories: for example, Qingdao and
Cam Ranh experienced pronounced decentralization, Colombo moved closer to the Zipf
benchmark (q ≈ 1), whereas Cairo reinforced primacy. By juxtaposing Tables 3 and 4, we
combine technical rigor with interpretive clarity, enabling both statistical evaluation and
substantive insights.

Qingdao and Cam Ranh exhibit |q| values consistently greater than 1 across all
observed years, characterizing classical primacy-type distributions with dominant first-tier
NTL centers. Qingdao’s |q| values declined moderately from 2.13 in 2013 to 1.92 in 2023,
representing a 9.86% reduction, which reflects a gradual diffusion of nighttime activity
into secondary zones, although the city’s urban light structure remains dominated by its
core area. Cam Ranh, by contrast, displays more pronounced volatility, with |q| peaking
at 2.35 in 2019—likely corresponding with intensified infrastructure development—and
declining to 1.91 by 2023, suggesting a strong decentralization trend and increased spatial
heterogeneity within the urban system.
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Table 3. Double Logarithmic Regression Results of the Rank-Size Distribution for Representative
Port Cities along the BRI (2013–2023).

Year
Cam Ranh Qingdao Cairo Kuching Colombo Dubai

R2 |q| lg L1 R2 |q| lg L1 R2 |q| lg L1 R2 |q| lg L1 R2 |q| lg L1 R2 |q| lg L1

2013 0.66 2.35 9.01 0.78 2.01 11.31 0.78 1.32 10.55 0.94 2.58 10.83 0.89 1.80 8.65 0.78 1.35 11.90
2014 0.78 1.93 8.89 0.74 2.08 11.38 0.80 1.39 10.68 0.93 2.68 11.00 0.91 1.88 8.73 0.73 1.48 12.06
2015 0.71 1.95 9.08 0.70 2.08 11.39 0.79 1.37 10.68 0.95 2.73 11.14 0.92 1.65 8.68 0.74 1.52 12.13
2016 0.72 2.04 9.27 0.75 1.92 11.37 0.79 1.35 10.67 0.97 2.72 11.31 0.71 1.93 9.04 0.73 1.51 12.17
2017 0.67 2.12 9.43 0.84 1.61 11.22 0.83 1.40 10.77 0.96 2.65 11.27 0.71 1.70 8.95 0.72 1.52 12.25
2018 0.70 1.91 9.53 0.87 1.58 11.30 0.85 1.44 10.83 0.97 2.67 11.30 0.67 1.86 9.06 0.72 1.52 12.31
2019 0.76 2.22 9.80 0.84 1.60 11.45 0.84 1.45 10.94 0.96 2.69 11.38 0.63 1.75 9.06 0.71 1.45 12.27
2020 0.78 2.08 9.67 0.86 1.36 11.35 0.75 1.51 11.06 0.97 2.76 11.65 0.56 1.74 9.08 0.71 1.46 12.28
2021 0.74 2.08 9.70 0.78 1.34 11.48 0.72 1.52 11.26 0.96 2.57 11.41 0.76 1.05 8.54 0.70 1.45 12.32
2022 0.72 2.13 9.76 0.78 1.33 11.55 0.69 1.59 11.40 0.96 2.61 11.61 0.57 1.69 9.01 0.74 1.36 12.30
2023 0.73 2.00 9.80 0.81 1.38 11.66 0.62 1.60 11.35 0.97 2.52 11.55 0.52 1.63 8.99 0.76 1.34 12.33

Table 4. Summary of Zipf slopes (q) and goodness-of-fit (R2) for six representative BRI port cities
(2013–2023).

City q
(2013)

q
(2023)

∆q
(2023–2013)

R2

(2013)
R2

(2023) Deviation Note

Cam Ranh 2.35 2.00 –0.352 0.66 0.73 Decentralization trend; improved fit

Qingdao 2.01 1.38 –0.629 0.78 0.81 Strong decentralization, slope moving toward
Zipf (q ≈ 1)

Cairo 1.32 1.60 0.28 0.78 0.62 Reinforced primacy; weaker fit in 2023,
possibly due to New Administrative Capital.

Kuching 2.58 2.52 –0.052 0.94 0.97 Stable hierarchy; consistently strong fit
Colombo 1.80 1.63 –0.178 0.89 0.52 Decentralization; weaker fit in 2023

Dubai 1.35 1.34 –0.010 0.78 0.76 Polycentric stability; marginal change

Kuching stands out for both consistency and concentration. Its |q| remains above
2.50 in all years, and R2 averages 0.94, implying a highly monocentric structure where
NTL is concentrated in a singular dominant node, likely associated with industrial zoning
and low urban diffusion. The lack of slope variation suggests that urban development
remains tightly clustered, with limited evolution in spatial form. Colombo and Dubai
represent more balanced or polycentric transition patterns. Colombo’s |q| declined from
1.80 to 1.63 over the decade, indicating a flattening hierarchy and the rise of mid-tier
NTL centers, possibly linked to peri-urban expansion. Dubai’s slope remained within a
narrow band (1.40–1.52), reflecting not only population and economic primacy but also
the emergence of planned polycentric systems spanning Jebel Ali, Dubai South, and Deira.
Cairo represents a divergent case, where |q| increased from 1.32 to 1.60, implying growing
light concentration in the urban core amid weakening rank-order relationships. This shift
likely reflects state-driven investment patterns, particularly linked to the spatial redirection
of national capital infrastructure. These divergent trajectories are further discussed in
Section 4, where we interpret deviations from Zipf’s law in light of geographic constraints
and policy interventions.

4. Discussion
4.1. Relationship Between NTL Changes and Urban Development

The decadal NTL analysis (2013–2023) identifies three fundamental patterns in the
urban development of BRI port cities. First, NTL growth rates display pronounced spatial
heterogeneity that corresponds to different stages of urban development. Asian cities ex-
hibit the most pronounced radiance surges, exemplified by Cam Ranh, Vietnam (+146.54%)
and Qingdao, China (+99.52%), both representing prototypical cases of infrastructure-led
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expansion [48]. These growth patterns align with urban scaling theory [49,50], wherein
emerging cities display superlinear scaling of infrastructure deployment. In contrast, ma-
ture hubs such as Singapore exhibit near-saturation growth (+1.05%), largely attributable to
energy efficiency gains offsetting spatial expansion [51]. The polycentric light distribution
in Qingdao, with 78% of NTL growth occurring within coastal zones, demonstrating how
maritime infrastructure reshapes urban morphology.

Second, the SDE analysis uncovers how geophysical and institutional factors constrain
urban expansion. Cairo’s Nile-aligned growth demonstrates riverine dominance on urban
form [52], while Kuching’s persistent monocentricity (|q| > 2.5 throughout the decade)
reflects Malaysia’s rigid industrial zoning policies. These findings challenge the assumption
of isotropic urban growth, instead showing that coastal cities exhibit seaward elongation,
riverine cities maintain hydrological alignment, and policy-driven cities display artifi-
cial clustering. The SDE parameters effectively capture these differentiated urbanization
trajectories, providing quantitative metrics for comparative urban studies.

Third, the rank-size analysis reveals a BRI-induced decentralization trend, with |q|
values declining in 83% of studied cities (e.g., Qingdao’s 9.86% reduction). This contrasts
sharply with traditional primate city models, suggesting that infrastructure investments
are creating more balanced urban hierarchies. The exceptions prove insightful—Kuching’s
stable high |q| values (2.50–2.76) correlate with its single-industry economic base, while
Colombo’s fluctuating |q| (1.63–1.93) mirrors its ongoing transition from port-centric to
diversified economy. These patterns demonstrate that NTL dynamics capture not just
economic growth but also the spatial imprint of governance models and transnational
infrastructure investments [53].

Importantly, these qualitative comparisons with external indicators confirm that NTL
dynamics align with recognized socio-economic trends. While NTL cannot capture all
aspects of development (such as efficiency improvements or policy-driven changes in
lighting), the observed consistency with GDP growth, demographic expansion, and port
throughput strengthens its credibility as a proxy. Nevertheless, we emphasize that NTL
should be regarded as indicative rather than determinative, and should ideally be inter-
preted in conjunction with ground-based statistics.

4.2. Impact of the BRI on NTL Changes in Node Cities

The BRI has fundamentally transformed urban development trajectories across its
port cities, with NTL dynamics serving as a robust proxy for assessing these multidi-
mensional impacts. Our decade-long analysis (2013–2023) reveals that BRI’s influence
operates through three synergistic mechanisms: infrastructure-led spatial restructuring,
trade-induced economic reorganization, and policy-driven urban hierarchy transformation.
The infrastructure investment component has been particularly transformative, generating
distinctive NTL signatures across different development contexts. These patterns contrast
sharply with mature hubs like Singapore (1.05% growth), where BRI investments primarily
upgraded existing infrastructure rather than creating new urban footprints.

Trade facilitation measures have induced more complex NTL patterns that reflect
evolving economic geographies. The establishment of 37 Special Economic Zones (SEZs)
along maritime routes has created discontinuous luminosity clusters, with Dubai’s tripartite
growth (Jebel Ali, Dubai South, Deira) showing a 56.25% aggregate increase, but with most
of the new growth occurring outside traditional port areas. This spatial decoupling of
port functions and urban expansion challenges conventional port-city models. Similarly,
transport corridor effects manifest as elongated NTL patterns—Colombo’s linear growth
along the Katunayake Expressway demonstrates how BRI reshapes urban form through
mobility infrastructure [54].
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As summarized in Table 3, the Zipf slopes (q) and associated fit statistics (R2) reveal
divergent trajectories across the six representative port cities between 2013 and 2023. The
results indicate heterogeneous hierarchical adjustments: Qingdao (∆q = −0.629) and Cam
Ranh (∆q = −0.352) experienced notable decentralization, consistent with the emergence
of secondary growth centers; Colombo (∆q = −0.178) also declined, moving closer to the
canonical Zipf benchmark (q ≈ 1). By contrast, Cairo (∆q = +0.279) reinforced primacy,
plausibly linked to the concentration of development near the New Administrative Capi-
tal [55]. Meanwhile, Kuching and Dubai remained stable, with minimal slope changes and
consistently strong fits, suggesting relatively persistent hierarchical structures.

These deviations from Zipf’s law are analytically meaningful, but they should be
interpreted with caution. The observed differences are likely shaped by a combination
of demographic, geographic, and institutional conditions rather than any single causal
mechanism. Our intention is not to infer causality, but rather to provide a comparative
framework that highlights where and how port-city hierarchies diverge from theoretical
expectations under the BRI context.

4.3. Comparison with Other Studies

Through a decade-long analysis (2013–2023) utilizing VIIRS NTL data, this study
systematically evaluates urban development patterns within BRI regions. We identify
and quantify four distinct growth typologies: (i) concentric industrialization (Cam Ranh’s
clustering with most of new NTL within port zones), (ii) linear corridor development
(Colombo’s expressway-aligned expansion contributing more than a half of total growth),
(iii) strategic polycentricity (Dubai’s tripartite structure showing significant growth), and
(iv) hydro-institutional determinism (Cairo’s Nile-oriented pattern with slight azimuth
variation). These typologies reflect the increasingly polycentric structure of BRI port-city
systems, consistent with recent VIIRS-based analyses [45,56,57] and spatial configuration
studies of port networks [58,59].

At the same time, we acknowledge that we did not implement explicit spatial econo-
metric models. Approaches such as the SAR, SEM, or SDM would allow for a more
rigorous treatment of spatial autocorrelation, spillover effects, and regional linkages across
cities [60,61]. Due to data and scope constraints, these models were not applied in the
current analysis, but we regard them as a critical avenue for future research. Incorporat-
ing such frameworks will further strengthen the reliability of inferences on how spatial
dependencies shape the evolution of Belt and Road port-city clusters. In addition, future
studies could extend this framework by including non-BRI ports for comparison, thereby
providing a broader context and deeper insights into development patterns influenced by
the BRI.

5. Conclusions
5.1. Main Findings

This study analyzed the spatiotemporal dynamics of 12 Belt and Road port cities using
decade-long VIIRS NTL data. Rather than reiterating all empirical results, we emphasize
three broader implications: (i) BRI-related infrastructure investment has amplified spatial
heterogeneity among port cities; (ii) the rank-size evidence points to a gradual shift toward
more polycentric urban hierarchies; and (iii) NTL data provide a robust diagnostic tool
for monitoring development trajectories in contexts where conventional socio-economic
statistics are scarce. These findings move beyond descriptive outcomes to highlight the
strategic role of NTL monitoring in guiding sustainable port-city development.

First, the observed heterogeneous NTL growth across BRI port cities may be associated
with BRI-related infrastructure investments. Cam Ranh (Vietnam) recorded the highest



Mathematics 2025, 13, 3477 16 of 21

average annual growth rate, concentrated around its deep-water port. In contrast, mature
hubs like Singapore showed near-saturation growth. The SDE analysis further quantified
directional tendencies of urban expansion, indicating that Qingdao exhibits a pronounced
coastal-linear growth pattern with an estimated 15◦ axis rotation [62]. However, as our
analysis does not directly model investment flows, we treat this as a correlation rather than
a causal inference. Future research could explicitly compare BRI and non-BRI port cities to
identify whether the observed heterogeneity can be attributed to infrastructure investments
under the BRI framework.

Second, rank-size analysis reveals a counterintuitive trend toward polycentricity in
BRI cities, challenging traditional primate-city models. Here we use “secondary cities”
to denote the non-primate, next-ranked NTL-defined nodes within each port-city sys-
tem; their strengthening—signaled by lower |q| together with stable SDE-based shape
metrics—matters for polycentric growth, logistics redundancy, and the diffusion of benefits
beyond the primate. While most cities exhibited declining |q| values (mean reduction:
18.7%), signaling decentralization, exceptions like Kuching (|q| > 2.5 throughout) reflect
rigid industrial zoning policies. Notably, Colombo’s |q| decline (1.80 to 1.63) correlates
with its transition from a port-centric to a diversified economy, supported by BRI-induced
transport corridors [63,64]. This divergence highlights BRI’s role in reshaping urban hierar-
chies through infrastructure bundling and secondary-city prioritization.

Third, NTL dynamics capture the spatial imprint of geopolitical and economic shocks.
Kyiv’s 53.72% radiance decline post-2022 quantifies conflict-induced urban decay [65,66],
while Dubai’s polycentric growth (56.25% increase) reflects its strategic decoupling from
legacy port zones. These findings underscore NTL’s utility in monitoring BRI’s adaptive
resilience, particularly in volatile regions. Mathematically, the study contributes a compact,
reproducible formulation that couples SDE-based shape metrics with the Zipf exponent
and a percentage-reduction measure to diagnose polycentric transition.

5.2. Policy Recommendations

Based on the empirical findings of this study, we propose three targeted policy rec-
ommendations to optimize the development of port cities along the BRI and enhance their
sustainable urbanization trajectories.

First, infrastructure investments should prioritize polycentric and spatially balanced
development to mitigate urban primacy risks. Our rank-size analysis reveals that BRI port
cities exhibit varying degrees of decentralization (e.g., Colombo’s |q| decline from 1.80 to
1.63), yet some (e.g., Kuching, |q| > 2.5) remain overly concentrated due to rigid zoning
policies. From a policy perspective, our results confirm the value of NTL as a proxy for
monitoring urbanization in BRI port cities. The heterogeneous growth rates (Figure 3) and
directional patterns identified by SDE analysis (Figure 5) show clear spatial disparities,
which policymakers should consider in infrastructure and regional planning. While not
prescribing industrial strategies, the study highlights path-dependent urban growth. Future
research could test industrial spillover effects and assess NTL-based approaches to carbon
auditing. Second, NTL monitoring should be institutionalized as a real-time tool for
assessing BRI’s socioeconomic impacts. The study demonstrates NTL’s efficacy in tracking
urbanization (e.g., Cairo’s 94.71% radiance growth), conflict impacts (Kyiv’s 53.72% decline
post-2022), and industrial spillovers (Dubai’s 56.25% increase) [18,48,51]. We recommend
establishing a BRI Urban Observatory that integrates VIIRS data with ground metrics (e.g.,
GDP, energy use) to create a Nightlight Development Index (NDI). This index could flag
enclave risks and guide equitable resource allocation. Third, green energy investments must
be scaled in tandem with port modernization to curb emissions from rapid urbanization.
Asian BRI cities exhibited extreme NTL growth (up to 146.54%), often linked to fossil-fueled
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industrialization. Policies should mandate “green port certification,” requiring solar/wind
integration (e.g., Singapore’s energy storage projects) and enforce NTL-based carbon audits
to monitor compliance. The Global Urban Footprint (GUF) framework can quantify urban
sprawl’s ecological costs, while machine learning (e.g., CNN land-use classification) can
identify optimal sites for renewable energy zones.

5.3. Limitations and Future Research Directions

While this study advances the understanding of BRI port city development using NTL
data, several limitations merit attention. First, the use of VIIRS NTL data faces spatial
resolution constraints (500 m) and blooming effects that may blur functional land distinc-
tions in dense port areas. Integrating high-resolution sensors (e.g., Luojia-1, Sentinel-2)
and applying convolutional neural networks (CNNs) can improve classification accuracy
and isolate true radiance sources [6,11,67]. Second, the aggregated nature of NTL obscures
economic heterogeneity; future research may incorporate auxiliary datasets such as AIS
ship traffic, industrial park boundaries, and mobile phone activity to model sector-specific
dynamics. Third, the delineation of spatial units across national boundaries remains chal-
lenging. Applying functional urban area (FUA) frameworks and integrating multimodal
indicators could improve robustness and early-warning capabilities under geopolitical
shocks such as the Russia–Ukraine conflict [38]. Addressing these issues would enhance
the analytical precision and policy relevance of future NTL-based urban models.

To deepen the mathematical modeling of urban dynamics along the BRI, future re-
search should prioritize three interrelated directions. First, multi-source data integration is
essential for enhancing classification accuracy in urban functional zones. By combining VI-
IRS NTL data with hyperspectral imagery or synthetic aperture radar (SAR), future studies
can resolve persistent ambiguities in land-use interpretation, particularly in distinguishing
between high-luminosity zones such as deep-water ports, logistics parks, and industrial
corridors. Second, city-specific dynamic scaling models should be developed to estimate
the elasticity between NTL and economic output. Establishing a time-varying NTL–GDP
elasticity function for each city will allow for a more accurate quantification of economic
spillover effects and infrastructure responsiveness under the BRI framework [47,68,69].
Third, there is a growing need for policy-adaptive mathematical frameworks. For example,
a real-time “NTL Policy Dashboard” could be constructed using moving-window regres-
sions or spatio-temporal clustering techniques to guide investment decisions, monitor
development phases, and evaluate the effectiveness of regional plans dynamically.
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Appendix A

Table A1. Strategic Port Cities with BRI Investment Cooperation (2013–2023).

Region Country City BRI
Projects

Investment
Amount Project Type Source

Used in
Inferential
Analyses

East Asia China Qingdao >1 N/A Eco-industrial
Park

Green BRI
Decade Report ✓

Southeast
Asia

Singapore Singapore >1 N/A Energy Storage Green BRI
Decade Report

Philippines Manila >1 N/A Photovoltaic
CUFE

Renewable
Database

Malaysia Kuching >2 USD
380 million Photovoltaic

CUFE
Renewable
Database

✓

Vietnam Cam Ranh >1 N/A Photovoltaic Green BRI
Decade Report ✓

South Asia Sri Lanka Colombo >1 USD 1.4 billion
(Phase I)

Port-City
Development

Green BRI
Decade Report ✓

Central Asia UAE Dubai >3 USD
9.191 billion Photovoltaic

CUFE
Renewable
Database

✓

Africa Egypt Cairo >2 USD 358
million

Power
Infrastructure

CUFE
Renewable
Database

✓

Europe

Ukraine Kyiv >1 USD 240
million Biomass

CUFE
Renewable
Database

Greece Athens >1 N/A Port
Development

Green BRI
Decade Report

Oceania Papua New
Guinea

Port
Moresby >1 N/A Green

Architecture
Green BRI

Decade Report
South

America Argentina Bahía
Blanca >1 USD

36 million Wind Power Industrial
Economic News

Note: ✓ = cities used for inferential analyses; all 12 cities are included in descriptive NTL trends.
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