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Abstract: Despite evidence of the growing importance of shared socioeconomic pathways (SSPs) in
addressing climate change globally, there is a gap in research concerning the prediction of regional
SSP populations. This study aims to project Seoul’s population from 2020 to 2100 under various SSPs
and to interpolate this population through a spatiotemporal approach. Utilizing data from the Korea
National Statistical Office and international socioeconomic scenario data, we applied a regression
model for predicting population growth. This was supplemented with population projections derived
from cohort modeling to enhance accuracy. Population allocation within each grid was determined
based on the total floor area of residential buildings. To reflect shifting population demands, we
adjusted long-term population trends using observed building completion dates from 2010 to 2020.
By 2100, SSP3 is projected to have Seoul’s lowest population at 2,344,075, while SSP5 is expected to
have the highest at 5,683,042. We conducted an analysis of grid population characteristics based on
SSPs and verified the accuracy of our findings. Our results underscore the importance of refined
population estimates for sustainable urban planning, indicating the potential for extending grid
population estimates to other regions.
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1. Introduction

Accurate predictions of climate change at a fine-grid level are crucial for effective
preparation, response, and recovery, necessitating comprehensive data on climate, society,
economy, and both adaptation and mitigation efforts [1-4]. Population data, including
counts and densities, are indispensable for reflecting human responses to climate change.
They play a pivotal role in modeling shared socioeconomic pathways (SSPs) alongside
factors like urbanization, energy, education, and technology [4-7]. Such data are vital
not only for climate change initiatives but also inform a range of future response studies,
from economic modeling to urban planning and environmental modeling, significantly
influencing resource allocation and promoting economic development and societal trans-
formation [8-11].

Despite their importance, traditional census methods face challenges in timely and
accurately capturing population dynamics [4,12]. These challenges include delays in data
collection, underreporting in certain regions, and the inability to capture rapid changes due
to migration or other factors. Since the 1990s, there has been a shift towards more detailed
bottom-up population estimation models [13,14]. These models leverage national censuses,
satellite maps, and other sources to offer improved resolution. However, they struggle
with accurately projecting future populations due to potential errors in overestimation or
underestimation based on current data averages [4,12-17].

In addressing these challenges, our study proposes a comprehensive strategy that
integrates both population projection and spatial interpolation within the framework
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of shared socioeconomic pathway (SSP) scenarios. This approach aims to enhance the
accuracy of future population estimations by using projection data that reflect demographic
trends, such as fertility, mortality, and migration, and high-validity auxiliary data for
spatial interpolation. By combining SSP population projections with advanced spatial
interpolation techniques, our research contributes to the climate change literature and
provides insights for sustainable urban policies. This contribution goes beyond merely
developing regional SSP scenarios to developing a comprehensive grid-based population
estimation methodology, considering spatiotemporal variations to navigate the complexities
of modern urban landscapes effectively.

The structure of this paper is as follows: The Introduction outlines the necessity of
high-resolution population data for climate change adaptation and mitigation, the limita-
tions of traditional census methods, and the importance of integrating SSPs in population
estimates. The Literature Review examines existing population estimation techniques and
their applications in various fields, highlighting the evolution of bottom-up models and
dasymetric methods. The Methodology section describes the refined bottom-up estimation
approach, incorporating temporal and spatial variations, and the integration of SSPs for
Seoul, South Korea. The Results and Discussion section presents the high-resolution popu-
lation figures for Seoul from 2020 to 2100, evaluates the reliability of estimates across SSP
scenarios, and discusses implications for urban planning and climate change strategies. Fi-
nally, the Conclusion summarizes key findings, addresses the significance of the integrated
approach, and suggests directions for future research.

2. Literature Review
2.1. Shared Socioeconomic Pathway (SSP) Scenarios in the Population Sector

Investigations into SSP scenarios within the population sector are centered on com-
prehending and probing the potential trajectories that global population dynamics may
undertake, situated within the context of diverse socioeconomic circumstances [2,7,18]. SSP
scenarios encapsulate narratives that delineate plausible future scenarios distinguished
by distinctive socioeconomic facets, technological advancements, and environmental poli-
cies [19,20]. SSPs primarily emphasize the representation of socioeconomic factors and
trajectories on population, economic growth, technological innovation, and governance.
By contrast, representative concentration pathway (RCP) scenarios center on delineating
pathways related to greenhouse gas concentrations and their impact on radiative forcing.
Within SSP narratives, the population facet of SSPs is concerned with projecting future pop-
ulation size, composition, distribution, urbanization patterns, and resource management
strategies [19,21]. Consequently, this sphere aims to establish connections with policies
addressing both climate change mitigation and adaptation.

SSP narratives are divided into five categories: “Sustainability pathway” (SSP1),
“Middle of the Road pathway” (SSP2), “Regional Rivalry pathway” (SSP3), “Inequality
pathway” (SSP4), and “Fossil-fueled Development pathway” (SSP5) [22,23]. These SSP
scenarios shape policies to address climate change, either individually or alongside RCP
scenarios. The integrated SSP-RCP model combines various emission levels and climate
change (RCP) within the framework of SSP, allowing for the exploration of a diverse
set of future scenarios [19]. Previous studies have analyzed SSPs 1 to 3 and 1, 2, 3, and
5, allowing for a stark comparison of change attributes, or considered all SSP scenarios
together [19,24,25]. Every pathway anticipates regional urbanization, population dynamics,
and other variables, aiming to account for patterns of future development across distinct
regions [26].

2.2. Advancements in High-Resolution Population Estimation Technigues

In recent years, accurately estimating population distribution has gained increasing
importance across various disciplines, such as population studies, land use, environmental
science, and agriculture [27-30]. This necessity has spurred the development of sophisti-
cated interpolation or downscaling techniques, which demand the meticulous selection
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of variables and systematic regional interpolation approaches. These methods are crucial
for advancing sustainable urban planning, enhancing preparedness for climate change
impacts, and informing policy-making with more precise regional population data [31,32].

Initially, population interpolation methodologies assigned population figures directly
to target areas based on geographical extent. However, this approach was flawed, as it
assumed uniform population densities across different spaces—a rarity in complex urban
environments [33-35]. In response, a shift towards more nuanced statistical methods has
emerged, employing a variety of data sources and analytical techniques to overcome these
limitations [29,36].

The dasymetric method, an advanced area interpolation technique, represents a signif-
icant advancement in this domain. It improves data transfer control between geographical
regions by leveraging auxiliary datasets such as land cover data from satellite imagery, road
network information, and nocturnal lighting patterns, thus partitioning populations into
finer spatial units [37,38]. More recently, attention has shifted towards leveraging detailed
building-level data and population flow metrics, offering greater reliability in population es-
timates [7,10,35,39-41]. Utilizing metrics, including building footprints, household counts,
occupancy rates, mobile population flows, and even social media data, has demonstrated
the potential for unprecedented accuracy in population interpolation efforts.

There is a growing trend towards examining regional SSPs across diverse global
contexts to understand the potential future trajectories of population dynamics [7,42,43].
This research highlights the limitations of broader national or international SSP estimations
in capturing regional nuances [1,4]. Consequently, there is an increasing emphasis on
localizing population dynamics estimates to as detailed as 30 arcs [2,7,43], necessitating the
establishment of reference populations at the grid-cell level. This process primarily utilizes
WorldPop data, integrating census, land cover, and topographical information to enhance
estimation precision within long-term scenarios.

Despite WorldPop data’s global applicability and annual updates, their predictive
capacity for future population trends remains a notable limitation. This challenge has
prompted researchers to explore various methodologies to enhance grid-specific population
interpolation accuracy in small-scale regional units. Techniques range from gravity models
calculating population changes within each grid cell to integrating urban matrices derived
from representative concentration pathway scenarios, supplemented with built-up area
data [4,7,43]. These approaches often revert to simplistic annual or decadal interpolation
methods based on differential analysis between total population estimates and land use or
land cover changes.

Addressing these methodological gaps, adopting a comprehensive strategy that in-
tegrates both population projection and interpolation within socioeconomically viable
scenarios has become imperative. This holistic approach aims to refine the accuracy of fu-
ture population estimations by leveraging both projection data (reflecting birth rates, death
rates, and migration trends) and high-validity auxiliary data for spatial interpolation. Until
now, the separate execution of projection and spatial interpolation studies has underscored
the need for an integrated framework to enhance data precision effectively.

By adopting this localized downscaling strategy, the practicality of SSP scenarios
for regional planning is significantly enhanced, despite the auxiliary datasets” limited
geographical or temporal scope. Furthermore, expanding sophisticated dasymetric spatial
interpolation techniques to include socioeconomic scenarios like SSPs, previously limited
to select countries, represents a pivotal evolution. Therefore, this study seeks to merge SSP
population projections with spatial interpolation, addressing climate change challenges and
crafting future-oriented sustainable urban policies. The ambition extends beyond merely
creating regional SSP scenarios to developing a comprehensive grid-based population
estimation methodology, considering spatiotemporal variations to navigate the complexities
of modern urban landscapes effectively.
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3. Materials and Methods
3.1. Study Area

Seoul has the highest urbanization rate and the largest population among local gov-
ernments in South Korea, accounting for about 18.6% of the national population in 2020,
according to Statistics Korea. This positions Seoul as a representative microcosm of South
Korea. The city’s diverse population densities across its regions provide an optimal setting
for in-depth analyses of population structures. The limited rural areas in Seoul further
simplify the estimation process by minimizing the need to differentiate between urban and
rural populations. Consequently, Seoul was selected as the focal point of this study;, as it
exemplifies Korean urban characteristics and underscores the pronounced centralization
within the metropolitan area, more intense in Korea compared to other nations. Moreover,
analyzing the population structure and trends in the capital city offers critical insights into
the broader dynamics of the national population and their socioeconomic impacts.

Figure 1 illustrates the population distribution across Seoul’s 25 Sigungu (regional
boundaries) in 2020, using 10 equally distributed intervals in a GIS program. According to
Statistics Korea, the city’s population totaled 9,543,522. Songpa-gu was the most populous
area with approximately 658,338 residents, whereas Jung-gu had the smallest population
at 125,240. Analysis of the Sigungu reveals that 14 areas, representing 56% of the total,
have a population rating of Grade 5 or lower, with an average population of roughly
381,740.9 per area. Despite Seoul’s overall high population density by Korean standards,
about 65% of its areas fall into this lower population size category. This discrepancy can be
attributed to various factors, including the compactness of some regions and the dominance
of commercial districts, while denser populations typically arise from areas with extensive
apartment complexes due to residential land development projects.
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Figure 1. Seoul’s population size in 2020 according to the Korea National Statistical Office.

3.2. Bridging Global and Local: From Global SSP Projections to Korea-Specific Estimates

Several international organizations, including the International Institute for Applied
Systems Analysis (ILASA), produce and project a variety of SSP scenarios that incorporate
population data. While these SSP data are not originally available at a regional level, they
can be adapted for regional analysis.
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In this study, we have adapted the Korean SSP data from IIASA, acknowledged for
its precision, to reflect more recent conditions. This adaptation was necessary because
the most recent IIASA data were from 2018, and our study’s baseline year is 2020. We
aligned our data with this later baseline by referencing population data from the Korea
National Statistical Office and adjusting the IIASA Korean population SSP data using a
linear regression method. This adjustment aimed to reduce errors in long-term population
estimation. Specifically, we used IIASA’s projected population data for Korea from 1960 to
2020 as the independent variable, with actual demographic data from the Korea National
Statistical Office for the same period serving as the dependent variable. Consequently, we
derived revised total Korean population estimates for SSP1 through SSP5 up to the year
2100, based on IIASA’s estimations and our regression model.

The Korea National Statistical Office provides long-term population estimates at both
national and provincial levels, covering all 17 provinces. Our study focuses on the long-
term provincial population data for Seoul, released by the Korea Statistics Office in 2020.
Our goal is to project the SSP1 to SSP5 values for Seoul by employing its population as a
weighting factor, in conjunction with national-level total population estimates for each SSP
scenario. This approach enables us to project Seoul’s population up to the year 2100, with
the baseline population set in 2020 to align with the national-level population estimate.

3.3. Population Projection Methodology at the Subregional (Sigungu) Level

Several population projection models exist, including trend extrapolation, the cohort
method, the Hamilton-Perry (H-P) method, and the structural method. Each model
relies on different variable relationships [10,44,45]. Among these, the cohort method
is particularly prominent across various countries and organizations. It projects future
populations by organizing individuals into cohorts based on their birth years and then
calculating fertility rates, mortality rates, and net migration for these cohorts from a
specified baseline population [46,47].

In our study, we opted for the cohort-survival model, an extension of the cohort
method, for Sigungu-level population projections. This choice was made due to concerns
about the potential overestimation of net migration at the Sigungu level. Notably, in the
pilot phase, we encountered instances where the population of certain areas appeared
to decline significantly. To address this, the cohort-survival model was applied, which
simplifies the process to adding births and subtracting deaths from the base population.

Py =P 1+ Bt 1— Dt 1+ Mi_10~1 (1)

In Equation (1), Pt and P;_1 denote the population for years t and the previous year
t — 1. By_1 and D;_; represent the respective counts of births and deaths during year
t — 1. Finally, M;_10~1 refers to the average count of net migration spanning a 10-year
period. Unlike other variables, the migration value is calculated using the average net
migration from 2010 to 2019, rather than depending on the value from the previous year.
This decision aims to incorporate the contemporary shifts in Seoul’s demographic patterns.
The reason behind this choice is the observation that Seoul’s population has been increasing
consistently since the 1970s. However, this trend started to reverse after 2010, primarily
due to the implementation of the government’s new urban strategy and the rise in real
estate prices. By adopting this approach, we ensure that the analysis remains in line with
the latest urban and demographic dynamics of the capital.

Subsequently, we used this model to forecast the population of Seoul’s 25 Sigungu
through the year 2100. We established 2020 as the base year, sourcing data on births and
deaths for that year from the Korea National Statistical Office.

Considering that population estimates were previously produced for the entire city of
Seoul, we refined the annual population estimates for each Sigungu based on these figures
to ensure consistency with Seoul’s total population. Essentially, the derived population
estimates for each Sigungu served as weighting factors, allowing us to proportionally
allocate Seoul’s population across different years and SSPs.
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3.4. Spatiotemporal Population Interpolation Methodology

Population censuses are typically conducted within administrative units by statistical
agencies or bureaus, ranging in scale from census blocks to counties. These units often
form a nested structure, where larger units encompass smaller ones, and the population
of a larger unit is determined by aggregating the populations of its nested, smaller units.
However, if these smaller units are not correctly nested, geographic overlaps can occur,
causing some segments to extend beyond the boundaries of the larger units.

This study introduces a method to distribute the total population from a census unit
across higher-resolution spatial units, specifically 1 km? grids. This approach to estimating
population at the 1 km grid level aligns with methodologies widely utilized in previous
research as a standard framework for population interpolation [4,7,14,43]. We divided the
study area into 710 such grids, covering 426 administrative districts known as “dong”,
indicating that, on average, approximately 1.7 grids cover one district. These districts
are regularly updated with population statistics. It is important to note that grid sizes
might overlap with layers containing population data, and there is no one-size-fits-all
rule for determining the optimal grid size. This grid system also enables straightforward
comparisons with datasets from other studies, such as WorldPop and LandScan, thus
facilitating the validation of our grid-based population estimates.

However, it is essential to recognize that integrating gridded population data with
census data may lead to discrepancies between the boundaries of census units and grid
units, especially in areas where they overlap. These boundaries do not form a nested
structure, meaning that the population of a larger unit cannot simply be calculated by
adding together the populations of smaller units within it. Areal interpolation is the
method used to estimate populations across different layers when their boundaries do
not align geographically [48]. This process involves designating one layer as the target
layer, where populations are estimated, and another as the source layer, which provides the
necessary population information for those estimates [48,49]. In our study, the grid units
serve as the target layer, and the census units act as the source layer. We employ the areal
interpolation method to distribute the total population from each census unit across the
corresponding higher-resolution grid units.

Population data are typically collected across different levels of census operations.
To achieve the desired spatial resolution, population area interpolation is frequently re-
quired [7]. In the field of areal interpolation research, a range of techniques are applied
to estimate populations in a target layer using information from a source layer [50]. One
fundamental technique, the areal weighting method, estimates the population in the target
layer by considering the area overlap with the source layer [48,51]. This method distributes
the population to the target layer based on the proportion of overlap, although it simplis-
tically assumes a uniform distribution of population across both layers, which may not
reflect reality.

Dasymetric interpolation methods refine population estimation accuracy by integrat-
ing auxiliary data [52,53]. An example is the binary dasymetric method, which focuses
solely on habitable areas for more precise population estimation, excluding non-inhabitable
spaces like water bodies and uninhabited land [54]. This approach increases estimation pre-
cision by categorizing ancillary information into binary classes (habitable /uninhabitable)
and further into poly-categories (high/medium/low density) for detailed analysis [54,55].

The enhancement of areal interpolation methodologies relies on the utility of auxiliary
data to better differentiate relevant information from extraneous noise, thus improving
the accuracy of the interpolation process. Various studies have explored using additional
information to increase the precision of population estimates [17,41,56]. Satellite imagery,
offering detailed land cover information, night-time population distribution, and other
environmental variables, presents a valuable resource for population estimation, available
globally in a standardized grid format. For instance, global population databases like
WorldPop have emerged from the regular compilation and release of satellite imagery
and demographic data on a worldwide scale. Furthermore, Huang et al. [39] introduced a
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methodology to enhance grid-level population estimation accuracy by employing computer-
generated building footprints from Microsoft’s Bing Maps as additional information. This
approach was empirically shown to be an improvement over traditional methods by using
statistical analysis to evaluate the accuracy of population estimation techniques.

As indicated in the results, employing total floor area as supplementary information
for estimating population significantly surpasses other traditional methods, such as areal
weighting and both binary and poly-categorical dasymetric methods, in terms of preci-
sion. Consequently, our findings contribute methodologically. While high-resolution grid
population data, such as WorldPop and LandScan, are valuable in areas without practical
alternatives, there remains significant merit in methodological improvements aimed at
enhancing the accuracy of population estimates through the use of auxiliary information
that is not derived from global-scale satellite imagery. In this vein, our research sought to
exploit the methodological advantages of the dasymetric approach by integrating more
sophisticated ancillary data for the most precise population estimates achievable. The
primary ancillary data utilized in this study is the total floor area of individual buildings
(refer to Figure 2 for an illustrative overview).
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Figure 2. Conceptual design of the dasymetric method using building data.

In Figure 2, the term “administrative boundary” refers to the census unit containing
population information. Within this boundary, there are 20 residential buildings denoted as
b(i) with the same total floor area denoted as ¢ fa, each represented as a blue rectangle. For
instance, if the floor area of a ten-story building is designated as f, ¢ fa of the building is
determined by multiplying f by 10. For explanatory convenience, all buildings in Figure 2
were assumed to have the same number of stories. In reality, each building varies in
its number of stories, and the height of each building is taken into consideration when
estimating the population.

TFA represents the sum of the total floor areas across all 20 buildings. The figure
illustrates a building divided into four parts by square grids (tfa = a(1)_b(i) + a(2)_b(i) +
a(3)_b(i) + a(4)_b(i)). The total population within the administrative boundary, denoted
as Pop, is distributed among the buildings in proportion to their total floor areas. Each
building receives an allocation of Pop /20 population because ffa is constant for all build-
ings. a(1)_b(i) corresponds to the area of one of the four divided building segments, and
the population in Gridl, p1, is assumed to be proportional to a(1)_b(i). Thus, itis calculated
as PZLOP X % in Figure 2. The populations in other grids (p2, p3, and p4) are estimated
using the same approach.

The building code in Korea classifies structures into 29 distinct types according to
their intended use. Among these classifications, single-family houses and apartment
buildings are explicitly designated for residential purposes. The Korean Ministry of Land,
Infrastructure, and Transport (MOLIT) offers spatial data, termed “building information by
use”, which include details on both the floor area and function of buildings. In our study,
we utilized this spatial data to estimate the residential population.
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Equation (2) outlines how to estimate p(i), the population allocated into Grid (i), where
segments of 7 buildings are completely contained within.

. r a(i _b ] .
pli) = Eioy " pop b @
pop_b(j) represents the population assigned to building j. A portion of pop_b(j)
contributes to the estimated population in Grid(i) based on the proportion of the segmented
area a(7)_b(j) to tfa(j). The sum of these segmented populations determines the estimated
population in Grid(i).
For all grids, we estimated populations on a yearly basis over the past decade to
conduct population projections. The projected population in grid i in ¢ is denoted in
Equation (3).

pi(i) = pia(i) < { ®

pi—1(i) indicates the projected population for the previous year, t — 1, and the ex-
pression within the parentheses in Equation (3) signifies the population growth/decline
rate. B(i) represents the annual population growth/decline rate in the projection for grid i.
Population growth/decline rates for each grid were determined as regression coefficients
in the population estimation process, using estimated annual populations from the past
10 years in Grid(i). If B(i) is, for instance, 0.01, the population is expected to increase by
1% from the previous time ¢ — 1 after one year. (i) aims to explain short-term and erratic
circumstances that are considered to have been observed in the process of deriving (7). In
this study, (i) is calculated as the ratio of p;(i) to p;—_1 (i) for randomly selected t. While
B(i) represents the long-term trend of population growth/decline in the future, (i) reflects
the short-term, unpredictable changes in the population projection process. w1 and w2 de-
note the parameters of weighing the importance of the long-term trend and the short-term
fluctuation in the population projection. For the empirical estimation of the population,
the values of the parameters are both set to one. Although the choice of parameter value
is arbitrary and the relative importance of long-term versus short-term changes must be
empirically calibrated using auxiliary data, undertaking an additional estimation process
to ascertain the parameter values is overly demanding within the constraints of this paper.
In this context, we contend that equating the parameter values is a viable option. One
noteworthy point is that upper bound in the projected population needs to be imposed
to Grid(i), since it has a limited geographical area. The maximum limit is determinable
by dividing the total floor area of buildings in Grid(i) by per capita area, representing the
minimum required residential space per person, a figure subject to municipal regulations.
Another noteworthy fact is that the minimum projected population value is zero. This can
be attributed to the possibility that, for some reason, the expression within the parentheses
in Equation (3) may turn negative, leading to a projected population less than zero, which
is logically inconsistent.

Figure 2 illustrates the high-resolution population projection/estimation process,
aligned with the spatiotemporal approach and incorporating the SSP scenario extension.
The process is bifurcated into two methodologies: a top-down approach that integrates mul-
tiple variables as determined by experts and a bottom-up technique implemented within
specific areas using a population projection model, such as the cohort model. Our study
distinguishes itself from existing research through its hybrid approach, combining global
data and information derived from the top-down method with a bottom-up technique
involving cohort modeling to project population figures at the grid level.

To enhance the accuracy of population projection/estimation, we analyzed spatial
areas across various scales, ranging from national and provincial to Sigungu and, ultimately,
grid levels. Data sources encompass population and building information from the Korea
National Statistical Office, as well as regional boundary data, detailed in Table 1. The final
results were visualized using QGIS and Python programming.

wl x (14 B(i)) + w2 x (i) }
wl + w2
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Table 1. Study framework and data used.

Division Description Data Used
Set 2020 as the baseline and conduct Korean Statistical Information Service
Population trend  estimates in five-year increments . . .
through to 2100 (https:/ /kosis.kr/index/index.do, accessed on 5 May 2023)
Baseline -
Gridded iigigllgz’;ril:t:;iilﬂ)e;&% perform GIS building integrated information (https://www.vworld
? = =
population trend (residential building completion date kr/dtmk/dtmk_ntads_s002.do?sveCde=NA&dsld=5,
by year) accessed on 5 May 2023)
National Geographic Information Institute
(https:/ /www.vworld.kr/dtmk/dtmk_ntads_s002.do?se
P
Seoul-si archKeyword=%EC%8B%9C%EA%B5%B0%EA%B5%A
Spatial Boundary (25 Sigungu) C&searchOrganization=&searchBrmCode=&searchTagLi
sung st=&searchFrm=&pagelndex=1&gidmCd=&gidsCd=&sor
tType=00&svcCde=MKé&dsId=30604&listPagelndex=1,
accessed on 5 May 2023)
SSPs South Korea’s SSP1, SSP2, SSP3, SSP4,  SSP database of the International Institute for Applied

and SSP5

System Analysis (2018)

Population Projec-

National level

Revision and expansion of Korea’s
population size based on global SSPs
(ITASA)

SSP database of the International Institute for Applied
System Analysis (2018)

Korean Statistical Information Service

(https:/ /kosis kr/index/index.do, accessed on 5 May 2023)

Sigungu level

Revise the cohort model using

Korean Statistical Information Service

tion/Estimation population, birth rate, and death rate (https:/ /kosis.kr/index/index.do, accessed on 5 May 2023)
National Geographic Information Institute (https://map.
ngii.go.kr/ms/map/NlipMap.do?tabGb=statsMap,

Grid Allocation by grid (30 arc sec) through  accessed on 5 May 2023)
level residential building total floor area GIS building integrated information (https://www.vworld
kr/dtmk/dtmk_ntads_s002.do?svcCde=NA&dsId=5,
accessed on 5 May 2023)
Note: Sigungu is the name of an administrative boundary that divides subregions in Korea.

Figure 3 provides a summary of the overall study structure. Beginning with Seoul’s
population estimation using SSP scenarios, which incorporates international and domestic
trends, population estimation and interpolation were systematically conducted at Sigungu
and grid levels.
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Figure 3. Study framework and process.
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3.5. Assessing the Precision of Population Projections

Due to the unavailability of actual outcome data for future population estimates, it is
not feasible to assess the accuracy of the estimated population interpolation results in this
study. Therefore, we focused on evaluating the reliability of the population interpolation
results utilized as the 2020 baseline data.

The process for gauging population interpolation accuracy involves the initial creation
of population estimates on a 1 km grid basis. Subsequently, a sub-boundary layer referred
to as “dong”, fully nested within the Sigungu district layer, is overlaid on the grid layer.
This procedure generates multiple polygon segments, each containing information about
the estimated population. The cumulative population within a specific “dong” segment is
then compared with the actual population obtained through a statistical survey (Korean
Statistical Information Service) of that “dong”.

To quantify accuracy, the Root Mean Square Error (RMSE) metric was employed.
RMSE assists in identifying the extent to which the population interpolation results, based
on the total building area used in this study, deviate from the results provided by Statistics
Korea. Consequently, the RMSE metric was utilized to assess the accuracy of area interpo-
lation using total floor area by contrasting it with the RMSE values of area-weighted and
building footprint area methods.

4. Results
4.1. Projecting Seoul’s Population Dynamics: An Estimation from 2020 to 2100

Figure 4 depicts data extracted specifically for Seoul from the Korean national-level
SSP scenarios, indicating a substantial decline in Seoul’s population from 9,426,791 in 2020,
as projected by SSP2, to 3,954,577 by 2100. While the variation in population among SSPs in
2020 was relatively modest, the disparity in population projections for 2100 is pronounced.
Notably, SSP3’s population estimate for 2100 is anticipated to be 2,344,075, marking a
decrease of approximately 74% from 2020. The population rankings by SSP in 2020 are
consistent with those in 2100, with SSP5 expected to have the highest population and SSP3
the lowest, reflecting trends seen in population estimates for other developed countries
(Table 2).

The minor population increase observed in some SSP scenarios from 2050 to 2055 can
be attributed to the anticipated peak in the overall national population during this period,
despite a general decline in population growth.

12,000,000
10,000,000

8,000,000

Population

6,000,000

4,000,000

2,000,000

0
2020 2025 2030 2035 2040 2045 2050 2055 2060 2065 2070 2075 2080 2085 2090 2095 2100
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—SSP1  =—SSP2 SSP3 SSP4 ===SSP5

Figure 4. Population estimates for Seoul at five-year intervals by 2100.
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Table 2. Population estimates for the years 2020, 2050, and 2100.

SSP 2020 2050 2100
SSP1 9,468,594 8,312,896 4,217,598
SSpP2 9,426,781 7,927,544 3,954,577
SSP3 9,334,082 6,426,733 2,344,075
SSP4 9,378,657 6,905,625 3,095,485
SSP5 9,530,722 8,079,551 5,683,042

Figure 5 displays the distribution of Seoul’s 25 Sigungu, segmented into 10 equal
intervals based on the 2100 SSP1-5 scenarios, highlighting an evident trend of population
decline from 2020. Notably, the areas with the highest and lowest populations in 2100 reflect
the initial population distribution of 2020. Specifically, Songpa-gu maintains the highest
population among all regions, with numbers ranging between 192,178 and 465,921 at the
Sigungu boundary, while Jung-gu records the lowest, approximately 50,000. Other regions
anticipated to have relatively high populations, apart from Songpa-gu, are Gangseo-gu
and Gangnam-gu. Regions to the north of Seoul, such as Nowon-gu, Dobong-gu, and
Gangbuk-gu, are significant for their above-average population distribution in 2020, which
shifts towards a lower population distribution by 2100. This change is primarily attributed
to an increase in the elderly population and a decrease in birth rates in these areas, affecting
the long-term population distribution estimation.

2020 baseline

Gangdong-gu

Seocho-gu

2100-SSP2 2100-SSP3

Figure 5. Cont.
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Figure 5. Estimated SSP1-5 population at the Sigungu level as of 2100 compared to 2020.

4.2. High-Resolution Population Allocation
4.2.1. Regional Variations in Population Distribution

Initially, the accuracy of population estimates for each grid was verified through
a comparative analysis using the Root Mean Square Error (RMSE) metric, yielding the
following results: the RMSE for the areal weighting method was 17,952, while the building
footprint method yielded an RMSE of 7962. The total-floor-area-based method resulted in
an RMSE of approximately 4519, indicating superior performance compared to the other
two methods.

Figure 6 depicts variations in population distribution across different SSP scenarios
in 2100, based on the 2020 grid population distribution. In 2020, the population was
categorized into five grades: 0 to 5000 (Grade 1), 5000 to 15,000 (Grade 2), 15,000 to 25,000
(Grade 3), 25,000 to 35,000 (Grade 4), and above 35,000 (Grade 5, representing the highest
population).

Overall, the 2100 population, under all SSP scenarios, shows a decline compared to
2020. The 2020 population distribution was fairly even, except in some peripheral areas. By
2100, the predictions indicate an increase in grids with minimal or no population, especially
towards the outskirts. In 2020, the majority of the population fell within Grade 3 (15,000 to
25,000 per grid), but by 2100, there is a significant reduction in Grade 3 grids, suggesting a
trend towards regional population polarization.

SSP1, viewed as the most favorable scenario, shows a higher total population than
SSP2 but similar population grade distributions. Analyses of SSP3 and SSP4 reveal a lack
of Grade 5 outcomes, the category with the highest population, and an increase in grids
with very small or no populations. Additionally, an examination of population changes
by Sigungu indicates the disappearance of some highly populated grids north of Seoul
by 2100.

Table 3 outlines the gridded populations for each SSP in 2020 and 2100. Within the
scope of SSP2, the average population per grid in 2020 was 13,277 individuals, with the
highest population density in a grid reaching 67,127 people. Discounting grids devoid of
population distribution, the minimum population recorded in 2020 was one person.
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Figure 6. Population estimation by SSP in 2100 based on gridded population in 2020.
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Table 3. Comparison of population differences between grids by SSP, 2020-2100.

Division Mean Max. Min. Std. Max. Difference by

Grid with 2100
2020 SSP1 13,336 67,425 1 12,726 50,734
2020 SSP2 13,277 67,127 1 12,670 51,567
2020 SSP3 13,147 66,467 1 12,545 57,859
2020 SSP4 13,209 66,784 1 12,605 54,932
2020 SSP5 13,424 67,867 1 12,810 44,846
2100 SSP1 5940 60,474 1 9452 -
2100 SSP2 5570 56,703 1 8862 -
2100 SSP3 3302 33,611 1 5253 -
2100 SSP4 4360 44,385 1 6937 -
2100 SSP5 8004 81,487 1 12,736 -

Significantly, by 2100, there is a notable decrease in population, with grid populations
for both SSPs reducing by more than half relative to the 2020 data. For SSP2 specifically, the
average population per grid in 2100 diminishes to 5570 individuals, with the peak popu-
lation within a grid being 56,703 people. Despite minimal disparities in grid populations
within the SSP scenario in 2020, marked differences in grid population densities become
apparent by 2100. Specifically, the highest grid population for each SSP in 2100 varies from
33,611 (SSP3) to 81,487 (SSP5), indicating that while the overall population size was greater
in 2020, certain grids in 2100 may exhibit higher population densities than those observed
in 2020.

Figure 7 illustrates population variances across grid areas based on long-term projec-
tions, contrasting the population distribution in 2020 by SSP with that in 2100 under the
same SSP. SSP3 shows the most significant difference in population figures between 2100
and 2020, with a variance of 57,859 individuals, as detailed in Table 3. Similar patterns of
population variation are noted across other SSPs as well.
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Figure 7. Difference between SSP2 gridded population in 2100 and 2020. Note: As SSP2 assumes the con-
tinuation of current trends among the five scenarios, its results were utilized for their representativeness.
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Notably, the significant disparities in population between 2100 and 2020 are not
localized to specific areas but are dispersed across various locations. This distribution may
be due to these regions initially having higher populations than other grid areas, resulting
in notable population fluctuations over time. Despite a general trend of population decline
in 2100 compared to 2020, certain grids in 2100 exhibit populations that exceed those
recorded in 2020. Areas such as Songpa-gu, Gangnam-gu, Gangdong-gu, Seongdong-gu,
and Eunpyeong-gu are highlighted for their particularly widespread grids. This pattern
can be attributed to these locations having relatively high birth rates, net migration rates,
and a significant increase in new construction compared to earlier periods.

4.2.2. Temporal Changes and SSP Scenario Comparisons

In our analysis of population estimates from 2020 to 2100, we examined variations
based on time periods and SSPs, in addition to differences related to spatial grids. Initially,
Figure 8 presents the trends in the overall average and standard deviation of gridded
populations at five-year intervals. The results show a consistent decline in population
numbers, with a minor slowdown in the rate of decrease around 2055, followed by a
continuation of the downward trend. Throughout this long-term trajectory, the gap in
standard deviation narrows, mirroring the reduction in average population per grid.
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Figure 8. Variations in population by period and SSP over five-year intervals.

Additionally, Figure 8 showcases the results of comparing population sizes and de-
viations within each allocated grid for the 2100 SSPs. Generally, scenarios with a higher
average population per grid demonstrate greater variation. SSP1 and SSP2 show similar
population sizes and standard deviations, whereas SSP3 features the smallest grid-specific
population sizes and deviations. Conversely, SSP5 presents the largest average grid pop-
ulation size and the most considerable variation, indicating that with an increase in total
population size, significant disparities in population sizes between individual grids can be
observed.

5. Discussion
5.1. Leveraging SSP-Based Projections for Urban Sustainability

Solely depending on traditional urban planning methods falls short of addressing
the challenges posed by dynamic changes, complex environmental factors, and uncertain
territorial expansion [57]. Climate change, a critical concern, must be integrated into
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sustainable urban planning efforts [58,59]. In response to climate change risks, many
researchers have developed urban planning technologies and policies that include both
physical and programmatic elements, focusing on “adaptation” [60,61]. Examples of such
measures include promoting relocation from coastal areas, implementing green curtains,
cool share facilities, afforestation efforts, employing building pilotis, and managing areas
vulnerable to climate change. While these measures are effective short-term strategies
for climate change preparedness, they may not sufficiently address long-term climate
challenges due to potential oversight of future policy impacts.

Embracing SSPs for scenario prediction and policy formulation within climate path-
way studies can mitigate these limitations [6,21,62]. SSP scenarios are vital for sustainable
urban planning, offering a framework to explore future urban challenges and opportunities.
Wan et al. [7] demonstrated that high-resolution population downscaling based on SSPs
informs policymakers’ decisions on disaster prevention, resource allocation, infrastruc-
ture development, and regional services provision. Previous research emphasizes the
importance of aligning policy decisions with these projections [24,63].

This study highlights the significance of effective “urban resource allocation”. Pro-
jected population and distribution data are essential for tailoring urban infrastructure
provision in each region, providing insights into future population concentrations or de-
clines. Demographic data play a crucial role in advancing sustainability goals and assessing
human impact on the planet [32]. Furthermore, population estimates are key to future
urban planning and disaster management [64,65]. For example, when assessing regional
sustainability, these projections can be directly utilized to differentiate between regions
with vulnerable populations and those with high population density, guiding decisions
on where to invest in or restrict infrastructure development. Additionally, they can play a
crucial role in mapping population movements and creating risk maps by identifying areas
prone to climate change impacts in advance, through the integration of climate prediction
models and urbanization rates.

However, many local governments in Korea risk overinterpreting medium-to-long-
term population projections to attract urban development. While such forecasts may
stimulate short-term development and local revitalization, they risk resource wastage if
not matched with an appropriately sized population. Such misallocation hinders climate
change mitigation efforts, as excessive development can lead to substantial resource waste
and increased carbon emissions.

Furthermore, the SSP5 scenario, which anticipates large-scale carbon-based devel-
opment, underscores the risk of excessive polarization regardless of overall population
growth. Such polarization contradicts the principles of sustainable city development. The
findings indicated that the most pronounced deviations occurred not only in the aggregate
SSP5 scenarios but also at the grid level, aligning with previous research [14,66].

Therefore, a thorough analysis of population estimates and distribution can signif-
icantly inform the development of climate change adaptation and mitigation strategies,
including urban infrastructure planning. Hanberry [16] highlighted the scalable poten-
tial of innovative research methodologies focused on projected population data. A key
strategy is population interpolation, facilitating the examination of projected population
density categories and their interactions with various climate change facets. It is antici-
pated that enhancing this approach will involve its integration with detailed, grid-specific
climate models, assessments of grid-specific climate vulnerability, and the inclusion of risk
functions.

In conclusion, this study advocates for more stringent verification of population
projections in regional urban planning, underscoring the importance of alignment with
climate change adaptation and mitigation strategies.

5.2. Innovations and Challenges in Population Projection

We recognize the challenge that global scenarios predominantly remain at the national
level. Specifically, the projection of population data, deeply intertwined with industry, land
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use, ecology, and policy within SSP scenarios, requires precise execution [42,67]. We faced
two main challenges: selecting a reliable SSP scenario for a mid-to-long-term horizon and
generating refined population projections.

To overcome these challenges, we selected an appropriate SSP scenario for the Seoul
area, adhering to international standards set by the global SSP (IIASA). Given that the
latest IIASA data were from 2018, we aimed to bridge the population underestimation gap
by integrating 2020 data from Statistics Korea, consistent with the 2020 baseline used in
this study.

Moreover, we refined population projections by merging the cohort model with the
dasymetric method and incorporating real population data, such as births, deaths, and
migration, while enhancing granular population distribution forecasts. Notably, the micro-
level application of the dasymetric method utilized total floor area data from residential
buildings. Previous studies have commended the accuracy of building floor area data in
applying the dasymetric method for population allocation [7,68], thereby improving the
precision of spatial population density and distribution in the Seoul area.

Applying these data for medium-to-long-term forecasting can introduce temporal
discrepancies between population figures and existing building footprints, potentially
leading to inconsistencies between population and built-up area data, as highlighted by
Wan et al. [7]. To address these challenges, we adopted a novel approach that integrates
the temporal dimension. Specifically, we utilized data from before 2020 to account for
population change trends from prior years up to the reference point, enabling an accurate
reflection of the increase or decrease in new residential buildings. This was achieved by
analyzing the accumulation and trends in residential building completion dates by grid
from 2010 to 2020 and using this information as a weighting factor in our final analysis.

The methodological innovation of this study can be summarized as follows: Firstly,
the use of total floor area data significantly improved the accuracy of our estimation results.
Secondly, assuming the utility of total floor area for population estimation, we developed a
method to express the trend of total floor area as a regression equation, enabling precise
future population estimations at a micro-spatial level. Notably, building information, which
is crucial for property rights, necessitates extensive public resources to achieve maximum
accuracy. Thus, integrating precise and up-to-date building data with statistical data marks
a substantial contribution to this field. Thirdly, integrating population estimation results
derived from building data with SSP scenarios offers valuable insights for forecasting future
demographic changes. This information serves as a crucial foundation for decision-making
in areas related to carbon emission reduction efforts, thereby significantly contributing to
addressing climate change challenges.

The limitations of this study are categorized into four areas. Firstly, as previously
mentioned, grid-level population projections are time-bound, and the focus of this study is
limited to Seoul, a highly urbanized capital city in Korea. Consequently, the study does not
fully explore the complex characteristics of rural areas outside urban centers. The temporal
analysis of population estimates up to 2100 considers trends only from 2010 to 2020, while
the spatial analysis relies on building allocation weights from 2020. Wan et al. [7] found
that long-term population forecasts for urban areas with high density showed less spatial
variability than those for less dense rural areas, indicating the need for a more detailed
exploration of this difference.

Specifically, considering that population changes are affected by various factors such as
new developments, infrastructure projects, changes in school districts, and employment
opportunities [2,69], the potential for errors in population forecasts may increase over
longer periods. Secondly, while the majority of the population resides in residential
buildings, a significant portion also inhabits commercial or industrial buildings. However,
directly applying the premise that the residential population correlates proportionately
with the total floor area of a building is not straightforward. Estimating the residential
population within non-residential buildings warrants additional investigation. Moreover,
when buildings serve both residential and non-residential purposes, isolating the residential
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floor area becomes challenging without specific data on the residential portion. Future
efforts could resolve these complexities by integrating tagging information in the building
data to distinguish between residential and commercial areas. Furthermore, the premise
that floor area directly correlates with population size has limitations, as it may not capture
the nuanced characteristics of residential buildings. For example, a spacious apartment
could accommodate a relatively small number of people. Addressing this discrepancy
requires further research. Despite these challenges, this study specifically focuses on
estimating the residential population, considering only residential buildings in the total
floor area calculation.

While this study might integrate aspects of development planning, including popu-
lation trends, incorporating these variables entails comprehensive deliberations on their
inclusion, priorities, and potential impacts on long-term population projections. The de-
tailed data analyzed herein provide a valuable foundation for future interdisciplinary
collaborations or examinations of their interplay with development demands. Conse-
quently, the annual refinement of these data will progressively enhance the findings and
reliability of the study over time.

6. Conclusions

This study aimed to conduct population projection based on SSP scenarios, focusing
on more refined units, to support sustainable urban planning. We conducted an analysis
of population projections for Seoul, Korea, from 2020 to 2100, at the city, Sigungu, and
grid levels.

The findings revealed several key insights along with a high level of accuracy (RMSE).
When considering Seoul as a whole, SSP5 is projected to have the highest population
(5,683,042) by 2100, while SSP3 is projected to have the lowest (2,344,075). At the Sigungu
level, Songpa-gu emerges with the highest population (320,928), while Jung-gu has the
lowest (49,169) based on SSP2. These disparities at the local level are associated with the
current usage of the area (predominantly commercial or residential) and also significantly
influenced by the physical area of the Sigungu.

Furthermore, this study explored population projection at the grid level, utilizing
a spatiotemporal approach based on residential total floor area data. This allowed for a
comparison of population distribution and patterns among SSP1, SSP2, SSP3, SSP4, and
SSP5 scenarios by the year 2100, focusing on the 2020 standard grid. Notably, the grid-
level population estimation for 2100 reveals that SSP5 exhibits the largest total population
and the highest population per grid, with a maximum of 81,487 people. A pronounced
polarization phenomenon, characterized by significant population differences among grids,
is also observed.

These outcomes are pertinent to climate change considerations in mid-to-long-term
urban planning. They hold considerable potential for future applications, particularly in
the realm of urban sustainability, where precise population projection and the development
and allocation of infrastructure tailored to that population are increasingly critical at both
national and regional levels.

The data generated are invaluable for comparative analyses with other population
projection datasets or as a foundational dataset for ongoing annual adjustments. Moreover,
these results can serve as pivotal input data for the development of a regional climate change
integrated model, in conjunction with RCP and other sector-specific scenarios such as
industry, land use, and ecology, thereby offering insights into sustainable urban planning.

In future research endeavors, we plan to construct an integrated population model
that combines RCP and SSP scenarios, incorporating variables that gauge the degree of
urbanization by region. This will entail conducting population estimates that account for
diverse scenarios by connecting the SSP variations at the grid level from this study with the
degree of urbanization based on RCP. These efforts can go beyond a mere understanding of
population fluctuations stemming from socioeconomic changes. They have the potential
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to actively contribute to the formulation of relevant policies for future responses and the
promotion of interdisciplinary collaboration.

Author Contributions: Conceptualization, Y.K. and G.L.; methodology, Y.K. and G.L.; software,
G.L.; validation, G.L.; formal analysis, Y.K,; investigation, YK. and G.L.; data curation, G.L.;
writing—original draft preparation, Y.K.; writing—review and editing, G.L.; visualization, Y.K. and
G.L.; supervision, Y.K.; funding acquisition, Y.K. All authors have read and agreed to the published
version of the manuscript.

Funding: This study was supported by the Korea Environment Industry & Technology Institute
through the “Climate Change R&D Project for New Climate Regime” funded by the Korea Ministry
of Environment (2022003570008).

Data Availability Statement: Data can be shared upon request.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Jones, B.; O'Neill, B.C. Spatially Explicit Global Population Scenarios Consistent with the Shared Socioeconomic Pathways.
Environ. Res. Lett. 2016, 11, 084003. [CrossRef]

2. Merkens, ]J.L.; Reimann, L.; Hinkel, J.; Vafeidis, A.T. Gridded Population Projections for the Coastal Zone under the Shared
Socioeconomic Pathways. Glob. Planet. Change 2016, 145, 57—66. [CrossRef]

3.  Kebede, A.S.; Nicholls, R.J.; Allan, A.; Arto, I.; Cazcarro, I.; Fernandes, J.A ; Hill, C.T.; Hutton, CW.; Kay, S.; Lazar, A.N.; et al.
Applying the Global RCP-SSP-SPA Scenario Framework at Sub-National Scale: A Multi-Scale and Participatory Scenario
Approach. Sci. Total Environ. 2018, 635, 659-672. [CrossRef]

4. Chen,Y,; Guo, F; Wang, J.; Cai, W.; Wang, C.; Wang, K. Provincial and Gridded Population Projection for China under Shared
Socioeconomic Pathways from 2010 to 2100. Sci. Data 2020, 7, 83. [CrossRef]

5. Chen, YH.H,; Paltsev, S.; Reilly, ]. M.; Morris, ].F.; Babiker, M.H. Long-Term Economic Modeling for Climate Change Assessment.
Econ. Model. 2016, 52, 867-883. [CrossRef]

6. Tang, J.; Song, P; Hu, X.; Chen, C.; Wei, B.; Zhao, S. Coupled Effects of Land Use and Climate Change on Water Supply in
SSP-RCP Scenarios: A Case Study of the Ganjiang River Basin, China. Ecol. Indic. 2023, 154, 110745. [CrossRef]

7. Wan, H.; Ganguli, S.; Jain, M.; Anderson, D.; Mohankumar, N.M.; Wilson, K. Areal Interpolation of Population Projections
Consistent with Different SSPs from 1-Km Resolution to Block Level Based on USA Structures Dataset. Comput. Environ.
Urban Syst. 2023, 105, 102024. [CrossRef]

8.  Hassanzadeh, R. Earthquake Population Loss Estimation Using Spatial Modelling and Survey Data: The Bam Earthquake, 2003,
Iran. Soil Dyn. Earthq. Eng. 2019, 116, 421-435. [CrossRef]

9. Kingston, A.; Comas-Herrera, A.; Jagger, C. Forecasting the Care Needs of the Older Population in England over the Next 20
Years: Estimates from the Population Ageing and Care Simulation (PACSim) Modelling Study. Lancet Public Health 2018, 3,
e447-e455. [CrossRef]

10. Sadeghi, M.; Karimi, M.; Rabiei-Dastjerdi, H.; Sarkar, D. Adaptive Weighted Least Squares (AWLS): A New Vector-Based Model
to Improve Urban Population Estimation at Small-Area Scale Using Morphology and Attractiveness Criteria. Appl. Geogr. 2023,
158, 103050. [CrossRef]

11. Jiang, Y.; Huang, Z.; Li, L.; Dong, Q. Local-Global Dual Attention Network (LGANet) for Population Estimation Using Remote
Sensing Imagery. Resour. Environ. Sustain. 2023, 14, 100136. [CrossRef]

12.  Boo, G.; Darin, E.; Leasure, D.R.; Dooley, C.A.; Chamberlain, H.R.; Lazéar, A.N.; Tschirhart, K.; Sinai, C.; Hoff, N.A.; Fuller, T.; et al.
High-Resolution Population Estimation Using Household Survey Data and Building Footprints. Nat. Commun. 2022, 13, 1330.
[CrossRef]

13. Li, X; Chen, G,; Liu, X;; Liang, X.; Wang, S.; Chen, Y.; Pei, F,; Xu, X. A New Global Land-Use and Land-Cover Change Product at
a 1-Km Resolution for 2010 to 2100 Based on Human-Environment Interactions. Ann. Am. Assoc. Geogr. 2017, 107, 1040-1059.
[CrossRef]

14. Wang, X.; Meng, X.; Long, Y. Projecting 1 Km-Grid Population Distributions from 2020 to 2100 Globally under Shared Socioeco-
nomic Pathways. Sci. Data 2022, 9, 563. [CrossRef]

15. Calka, B.; Bielecka, E. Reliability Analysis of Landscan Gridded Population Data. The Case Study of Poland. ISPRS Int. ]. Geoinf.
2019, 8, 222. [CrossRef]

16. Hanberry, B.B. Imposing Consistent Global Definitions of Urban Populations with Gridded Population Density Models: Irrecon-
cilable Differences at the National Scale. Landsc. Urban. Plan. 2022, 226, 104493. [CrossRef]

17.  Shang, S.; Du, S.; Du, S.; Zhu, S. Estimating Building-Scale Population Using Multi-Source Spatial Data. Cities 2021, 111, 103002.
[CrossRef]

18. IPCC. Climate Change 2022: Impact, Adaptation, and Vulnerability; Cambridge University Press: Cambridge, UK, 2022.


https://doi.org/10.1088/1748-9326/11/8/084003
https://doi.org/10.1016/j.gloplacha.2016.08.009
https://doi.org/10.1016/j.scitotenv.2018.03.368
https://doi.org/10.1038/s41597-020-0421-y
https://doi.org/10.1016/j.econmod.2015.10.023
https://doi.org/10.1016/j.ecolind.2023.110745
https://doi.org/10.1016/j.compenvurbsys.2023.102024
https://doi.org/10.1016/j.soildyn.2018.09.023
https://doi.org/10.1016/S2468-2667(18)30118-X
https://doi.org/10.1016/j.apgeog.2023.103050
https://doi.org/10.1016/j.resenv.2023.100136
https://doi.org/10.1038/s41467-022-29094-x
https://doi.org/10.1080/24694452.2017.1303357
https://doi.org/10.1038/s41597-022-01675-x
https://doi.org/10.3390/ijgi8050222
https://doi.org/10.1016/j.landurbplan.2022.104493
https://doi.org/10.1016/j.cities.2020.103002

Sustainability 2024, 16, 5719 20 of 21

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

He, T.; Wang, N.; Tong, Y.; Wu, F; Xu, X; Liu, L.; Chen, J.; Lu, Y,; Sun, Z.; Han, D.; et al. Anthropogenic Activities Change
Population Heat Exposure Much More than Natural Factors and Land Use Change: An Analysis of 2020—2100 under SSP-RCP
Scenarios in Chinese Cities. Sustain. Cities Soc. 2023, 96, 104699. [CrossRef]

Crévolin, V.; Hassanzadeh, E.; Bourdeau-Goulet, S.C. Updating the Intensity-Duration-Frequency Curves in Major Canadian
Cities under Changing Climate Using CMIP5 and CMIP6 Model Projections. Sustain. Cities Soc. 2023, 92, 104473. [CrossRef]
Leimbach, M.; Marcolino, M.; Koch, J. Structural Change Scenarios within the SSP Framework. Futures 2023, 150, 103156.
[CrossRef]

O'Neill, B.C.; Carter, T.R.; Ebi, K.; Harrison, P.A.; Kemp-Benedict, E.; Kok, K.; Kriegler, E.; Preston, B.L.; Riahi, K.; Sillmann, J.; et al.
Achievements and Needs for the Climate Change Scenario Framework. Nat. Clim. Change 2020, 10, 1074-1084. [CrossRef]
O'Neill, B.C.; Kriegler, E.; Ebi, K.L.; Kemp-Benedict, E.; Riahi, K.; Rothman, D.S.; van Ruijven, B.J.; van Vuuren, D.P; Birkmann, J.;
Kok, K,; et al. The Roads Ahead: Narratives for Shared Socioeconomic Pathways Describing World Futures in the 21st Century.
Glob. Environ. Chang. 2017, 42, 169-180. [CrossRef]

Yao, L.; Zhou, H.; Yan, Y.; Su, Y. Projection of Suitability for the Typical Agro-Ecological Types in Central Asia under Four
SSP-RCP Scenarios. Eur. J. Agron. 2022, 140, 126599. [CrossRef]

Kamei, M.; Hanaki, K.; Kurisu, K. Tokyo’s Long-Term Socioeconomic Pathways: Towards a Sustainable Future. Sustain. Cities Soc.
2016, 27, 73-82. [CrossRef]

Zhang, S.; Zhong, Q.; Cheng, D.; Xu, C.; Chang, Y,; Lin, Y.; Li, B. Landscape Ecological Risk Projection Based on the PLUS Model
under the Localized Shared Socioeconomic Pathways in the Fujian Delta Region. Ecol. Indic. 2022, 136, 108642. [CrossRef]
Alam, T,; Banerjee, A. Characterizing Land Transformation and Densification Using Urban Sprawl Metrics in the South Bengal
Region of India. Sustain. Cities Soc. 2023, 89, 104295. [CrossRef]

Nevruz, E,; Yildirak, K. Spatiotemporal Interpolation through an Extension of Differential Evolution Algorithm for Agricultural
Insurance Claims. J. Comput. Appl. Math. 2019, 352, 278-292. [CrossRef]

Xie, Y. The Overlaid Network Algorithms for Areal Interpolation Problem. Comput. Environ. Urban Syst. 1995, 19, 287-306.
[CrossRef]

Yadav, N.; Sharma, C. Spatial Variations of Intra-City Urban Heat Island in Megacity Delhi. Sustain. Cities Soc. 2018, 37, 298-306.
[CrossRef]

Osman, A.; Mensah, E.A.; Mensah, C.A.; Asamoah, Y.; Dauda, S.; Adu-Boahen, K.; Adongo, C.A. Spatial Analysis of Synergies
and Trade-Offs between the Sustainable Development Goals (SDGs) in Africa. Geogr. Sustain. 2022, 3, 220-231. [CrossRef]

Yin, X.; Li, P; Feng, Z.; Yang, Y.; You, Z.; Xiao, C. Which Gridded Population Data Product Is Better? Evidences from Mainland
Southeast Asia (MSEA). ISPRS Int. ]. Geoinf. 2021, 10, 681. [CrossRef]

Kunze, C.; Hecht, R. Semantic Enrichment of Building Data with Volunteered Geographic Information to Improve Mappings of
Dwelling Units and Population. Comput. Environ. Urban Syst. 2015, 53, 4-18. [CrossRef]

Pérez-Morales, A.; Gil-Guirado, S.; Martinez-Garcia, V. Dasymetry Dash Flood (DDF). A Method for Population Mapping and
Flood Exposure Assessment in Touristic Cities. Appl. Geogr. 2022, 142, 102683. [CrossRef]

Zeng, W.; Comber, A. Using Household Counts as Ancillary Information for Areal Interpolation of Population: Comparing
Formal and Informal, Online Data Sources. Comput. Environ. Urban Syst. 2020, 80, 101440. [CrossRef]

Lin, J.; Cromley, R.G. A Local Polycategorical Approach to Areal Interpolation. Comput. Environ. Urban Syst. 2015, 54, 23-31.
[CrossRef]

Olén, N.B.; Lehsten, V. High-Resolution Global Population Projections Dataset Developed with CMIP6 RCP and SSP Scenarios
for Year 2010-2100. Data Brief 2022, 40, 107804. [CrossRef]

Yuan, Y.; Smith, R.M.; Fredrick Limp, W. Remodeling census population with spatial information from LandSat TM imagery.
Comput. Environ. Urban Syst. 1997, 21, 245-258. [CrossRef]

Huang, X.; Wang, C.; Li, Z.; Ning, H. A 100 m Population Grid in the CONUS by Disaggregating Census Data with Open-Source
Microsoft Building Footprints. Big Earth Data 2021, 5, 112-133. [CrossRef]

Lin, J.; Cromley, R.G. Evaluating Geo-Located Twitter Data as a Control Layer for Areal Interpolation of Population. Appl. Geogr.
2015, 58, 41-47. [CrossRef]

Wan, H.; Yoon, J.; Srikrishnan, V.; Daniel, B.; Judi, D. Landscape Metrics Regularly Outperform Other Traditionally-Used Ancillary
Datasets in Dasymetric Mapping of Population. Comput. Environ. Urban Syst. 2023, 99, 101899. [CrossRef]

Wilson, T.; Grossman, I.; Temple, J. Local Area Population Projections Dataset for Australia. Data Brief 2022, 44, 108559. [CrossRef]
[PubMed]

Zoraghein, H.; O’'Neill, B.C. U.S. State-Level Projections of the Spatial Distribution of Population Consistent with Shared
Socioeconomic Pathways. Sustainability 2020, 12, 3374. [CrossRef]

Chi, G.; Wang, D.; Hagedorn, A.D.]. Future Interstate Highway System Demands: Predictions Based on Population Projections.
Case Stud. Transp. Policy 2019, 7, 384-394. [CrossRef]

Kooi, B.W,; Kooijman, S.A.L.M. A Cohort Projection Method to Follow DEB-Structured Populations with Periodic, Synchronized
and Iteroparous Reproduction. Ecol. Modell. 2020, 436, 109298. [CrossRef]

Li, J.; Li, J,; Liu, F; Liang, F; Huang, K; Yang, X,; Xiao, Q.; Chen, J.; Liu, X,; Cao, J.; et al. Long-Term Effects of High Exposure to
Ambient Fine Particulate Matter on Coronary Heart Disease Incidence: A Population-Based Chinese Cohort Study. Environ. Sci.
Technol. 2020, 54, 6812-6821. [CrossRef] [PubMed]


https://doi.org/10.1016/j.scs.2023.104699
https://doi.org/10.1016/j.scs.2023.104473
https://doi.org/10.1016/j.futures.2023.103156
https://doi.org/10.1038/s41558-020-00952-0
https://doi.org/10.1016/j.gloenvcha.2015.01.004
https://doi.org/10.1016/j.eja.2022.126599
https://doi.org/10.1016/j.scs.2016.07.002
https://doi.org/10.1016/j.ecolind.2022.108642
https://doi.org/10.1016/j.scs.2022.104295
https://doi.org/10.1016/j.cam.2018.11.022
https://doi.org/10.1016/0198-9715(95)00028-3
https://doi.org/10.1016/j.scs.2017.11.026
https://doi.org/10.1016/j.geosus.2022.07.003
https://doi.org/10.3390/ijgi10100681
https://doi.org/10.1016/j.compenvurbsys.2015.04.002
https://doi.org/10.1016/j.apgeog.2022.102683
https://doi.org/10.1016/j.compenvurbsys.2019.101440
https://doi.org/10.1016/j.compenvurbsys.2015.05.007
https://doi.org/10.1016/j.dib.2022.107804
https://doi.org/10.1016/S0198-9715(97)01003-X
https://doi.org/10.1080/20964471.2020.1776200
https://doi.org/10.1016/j.apgeog.2015.01.006
https://doi.org/10.1016/j.compenvurbsys.2022.101899
https://doi.org/10.1016/j.dib.2022.108559
https://www.ncbi.nlm.nih.gov/pubmed/36111281
https://doi.org/10.3390/su12083374
https://doi.org/10.1016/j.cstp.2019.03.001
https://doi.org/10.1016/j.ecolmodel.2020.109298
https://doi.org/10.1021/acs.est.9b06663
https://www.ncbi.nlm.nih.gov/pubmed/32384243

Sustainability 2024, 16, 5719 21 of 21

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

Renshaw, A.E.; Haberman, S. A Cohort-Based Extension to the Lee-Carter Model for Mortality Reduction Factors. Insur. Math.
Econ. 2006, 38, 556-570. [CrossRef]

Langford, M. Obtaining Population Estimates in Non-Census Reporting Zones: An Evaluation of the 3-Class Dasymetric Method.
Comput. Environ. Urban Syst. 2006, 30, 161-180. [CrossRef]

Flowerdew, R.; Green, M. Areal interpolation and types of data. In Spatial Analysis and GIS; Fotheringham, A.S., Rogerson, P, Eds.;
Taylor and Francis: London, UK, 1994; pp. 121-145.

Comber, A.; Zeng, W. Spatial Interpolation Using Areal Features: A Review of Methods and Opportunities Using New Forms of
Data with Coded Illustrations. Geogr. Compass 2019, 13, €12465. [CrossRef]

Goplerud, M. Crossing the boundaries: An implementation of two methods for projecting data across boundary changes.
Political Anal. 2016, 24, 121-129. [CrossRef]

Cromley, R.G.; Hanink, D.M.; Bentley, G.C. A Quantile Regression Approach to Areal Interpolation. Ann. Assoc. Am. Geogr. 2012,
102, 763-777. [CrossRef]

Liu, X.H.; Kyriakidis, P.C.; Goodchild, M.E. Population-Density Estimation Using Regression and Area-to-Point Residual Kriging.
Int. ]. Geogr. Inf. Sci. 2008, 22, 431-447. [CrossRef]

Langford, M. An Evaluation of Small Area Population Estimation Techniques Using Open Access Ancillary Data. Geogr. Anal.
2013, 45, 324-344. [CrossRef]

Eicher, C.L.; Brewer, C.A. Dasymetric mapping and areal interpolation: Implementation and evaluation. Cartogr. Geogr. Inf. Sci.
2001, 28, 125-138. [CrossRef]

Azar, D.; Engstrom, R.; Graesser, ].; Comenetz, J. Generation of Fine-Scale Population Layers Using Multi-Resolution Satellite
Imagery and Geospatial Data. Remote Sens. Environ. 2013, 130, 219-232. [CrossRef]

Pignatelli, M.; Torabi Moghadam, S.; Genta, C.; Lombardi, P. Spatial Decision Support System for Low-Carbon Sustainable Cities
Development: An Interactive Storytelling Dashboard for the City of Turin. Sustain. Cities Soc. 2023, 89, 104310. [CrossRef]
Reckien, D.; Salvia, M.; Heidrich, O.; Church, ].M.; Pietrapertosa, F.; De Gregorio-Hurtado, S.; D’Alonzo, V.; Foley, A.; Simoes,
S.G.; Krkoska Lorencova, E.; et al. How Are Cities Planning to Respond to Climate Change? Assessment of Local Climate Plans
from 885 Cities in the EU-28. J. Clean. Prod. 2018, 191, 207-219. [CrossRef]

Zandvoort, M.; Campos, 1.S.; Vizinho, A.; Penha-Lopes, G.; Lorencova, E.K.; van der Brugge, R.; van der Vlist, M.].; van den
Brink, A.; Jeuken, A.B.M. Adaptation Pathways in Planning for Uncertain Climate Change: Applications in Portugal, the Czech
Republic and the Netherlands. Environ. Sci. Policy 2017, 78, 18-26. [CrossRef]

Abbass, K.; Qasim, M.Z.; Song, H.; Murshed, M.; Mahmood, H.; Younis, I. A Review of the Global Climate Change Impacts,
Adaptation, and Sustainable Mitigation Measures. Environ. Sci. Pollut. Res. 2022, 29, 42539-42559. [CrossRef]

Wamsler, C.; Raggers, S. Principles for Supporting City—Citizen Commoning for Climate Adaptation: From Adaptation Gover-
nance to Sustainable Transformation. Environ. Sci. Policy 2018, 85, 81-89. [CrossRef]

Alizadeh, M.R.; Adamowski, J.; Inam, A. Integrated Assessment of Localized SSP-RCP Narratives for Climate Change Adaptation
in Coupled Human-Water Systems. Sci. Total Environ. 2022, 823, 153660. [CrossRef]

Liu, H.; Liu, Y.; Wang, C.; Zhao, W.; Liu, S. Landscape Pattern Change Simulations in Tibet Based on the Combination of the
SSP-RCP Scenarios. J. Environ. Manag. 2021, 292, 112783. [CrossRef] [PubMed]

Egidi, G.; Salvati, L.; Vinci, S. The Long Way to Tipperary: City Size and Worldwide Urban Population Trends, 1950-2030.
Sustain. Cities Soc. 2020, 60, 102148. [CrossRef]

Song, Y.H.; Chung, E.S.; Shahid, S. Differences in Extremes and Uncertainties in Future Runoff Simulations Using SWAT and
LSTM for SSP Scenarios. Sci. Total Environ. 2022, 838, 156162. [CrossRef]

Murakami, D.; Yoshida, T.; Yamagata, Y. Gridded GDP Projections Compatible with the Five SSPs (Shared Socioeconomic
Pathways). Front. Built Environ. 2021, 7, 760306. [CrossRef]

Song, X.; Feng, Q.; Xia, F,; Li, X.; Scheffran, ]. Impacts of Changing Urban Land-Use Structure on Sustainable City Growth in
China: A Population-Density Dynamics Perspective. Habitat Int. 2021, 107, 102296. [CrossRef]

Rubinyi, S.; Blankespoor, B.; Hall, ].W. The Utility of Built Environment Geospatial Data for High-Resolution Dasymetric Global
Population Modeling. Comput. Environ. Urban Syst. 2021, 86, 101594. [CrossRef]

Bagheri, B.; Soltani, A. The Spatio-Temporal Dynamics of Urban Growth and Population in Metropolitan Regions of Iran.
Habitat Int. 2023, 136, 102797. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1016/j.insmatheco.2005.12.001
https://doi.org/10.1016/j.compenvurbsys.2004.07.001
https://doi.org/10.1111/gec3.12465
https://doi.org/10.1093/pan/mpv029
https://doi.org/10.1080/00045608.2011.627054
https://doi.org/10.1080/13658810701492225
https://doi.org/10.1111/gean.12012
https://doi.org/10.1559/152304001782173727
https://doi.org/10.1016/j.rse.2012.11.022
https://doi.org/10.1016/j.scs.2022.104310
https://doi.org/10.1016/j.jclepro.2018.03.220
https://doi.org/10.1016/j.envsci.2017.08.017
https://doi.org/10.1007/s11356-022-19718-6
https://doi.org/10.1016/j.envsci.2018.03.021
https://doi.org/10.1016/j.scitotenv.2022.153660
https://doi.org/10.1016/j.jenvman.2021.112783
https://www.ncbi.nlm.nih.gov/pubmed/34015616
https://doi.org/10.1016/j.scs.2020.102148
https://doi.org/10.1016/j.scitotenv.2022.156162
https://doi.org/10.3389/fbuil.2021.760306
https://doi.org/10.1016/j.habitatint.2020.102296
https://doi.org/10.1016/j.compenvurbsys.2021.101594
https://doi.org/10.1016/j.habitatint.2023.102797

	Introduction 
	Literature Review 
	Shared Socioeconomic Pathway (SSP) Scenarios in the Population Sector 
	Advancements in High-Resolution Population Estimation Techniques 

	Materials and Methods 
	Study Area 
	Bridging Global and Local: From Global SSP Projections to Korea-Specific Estimates 
	Population Projection Methodology at the Subregional (Sigungu) Level 
	Spatiotemporal Population Interpolation Methodology 
	Assessing the Precision of Population Projections 

	Results 
	Projecting Seoul’s Population Dynamics: An Estimation from 2020 to 2100 
	High-Resolution Population Allocation 
	Regional Variations in Population Distribution 
	Temporal Changes and SSP Scenario Comparisons 


	Discussion 
	Leveraging SSP-Based Projections for Urban Sustainability 
	Innovations and Challenges in Population Projection 

	Conclusions 
	References

