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Abstract

Climate warming and demographic change pose interconnected challenges to urban sus-
tainability, particularly for older adults and children who may face limited access to urban
parks and elevated summer land surface temperatures. However, existing studies often
examine park accessibility and thermal conditions separately, providing limited under-
standing of the fine-scale spatial mismatches among park accessibility, population distri-
bution, and surface temperature across these two age groups. From a climate justice and
urban sustainability perspective, this study develops a three-dimensional spatial screen-
ing framework integrating these dimensions, using the main urban area of Hefei, China,
as a case study. Based on road-network data, WorldPop gridded population data, and
MODIS/Terra MOD11A2 land surface temperature (LST) data for July 2024, park accessi-
bility for older adults and children was assessed using the two-step floating catchment area
(2SFCA) method. Bivariate local indicators of spatial association (Bi-LISA) were employed
to identify local accessibility—population associations, which were subsequently overlaid
with high-LST hotspots to delineate dual-vulnerability zones. The results indicate that:
(1) pronounced inequality exists in modeled park accessibility, with population-weighted
Gini coefficients based on normalized accessibility scores of 0.988 for children and 0.875
for older adults; (2) LH-type clusters, characterized by low accessibility at focal grid cells
associated with high population density in neighboring cells, are concentrated in the old
city core for both groups; and (3) dual-vulnerability zones account for 7.5% of the study
area’s mapped area for older adults and 6.6% for children. These percentages represent
area-based shares rather than population-based heat-exposure rates. Shared-risk areas
are concentrated in the urban core, whereas age-specific risk areas are more fragmented
along the periphery. By linking intergenerational equity in green-infrastructure accessibility
with the spatial targeting of heat-adaptation interventions, this framework provides em-
pirical evidence to support equitable green-infrastructure provision, age-inclusive climate
adaptation, and more inclusive, climate-resilient, and sustainable urban development.
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temperature; heat vulnerability; intergenerational equity; vulnerable populations; two-step
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1. Introduction

Against the backdrop of global warming, the frequency and intensity of heatwaves
continue to increase, while the urban heat island (UHI) effect further exacerbates heat
exposure risks for residents in high-density built environments [1,2]. Simultaneously, China
is experiencing rapid population aging, with the phenomenon of “aging in place” becoming
particularly prominent in older urban districts [3,4]. Furthermore, the development of
“child-friendly cities” has emerged as a core agenda in new urbanization strategies [5,6].
The physical spatial convergence of these triple challenges—extreme heatwaves, population
aging, and child-friendly urban development—increasingly highlights the critical role of
urban parks as local “cool islands” and daily recreational spaces [7,8]. However, under
the dual pressures of climate change and demographic transitions, there remains a lack of
systematic empirical research on whether a differentiated spatial mismatch exists between
park supply and heat exposure among older adults and children [9].

Spatial equity in park accessibility is a fundamental topic in urban geography and
environmental justice research [10,11]. Early studies primarily focused on the spatial equi-
librium of park supply, later gradually shifting toward analyzing differentiated deprivation
among various socioeconomic groups [12,13]. Recently, the equity of green space access
for vulnerable groups, such as older adults and children, has garnered increasing atten-
tion [14-16]. Nevertheless, most studies focus solely on a single demographic, lacking a
simultaneous comparison between the two core intergenerational groups of older adults
and children [17,18]. Additionally, existing research predominantly relies on global mea-
surements based on homogeneous population assumptions, failing to profoundly reveal
the structural differences in accessing public resources caused by the physiological patterns
and mobility limitations of different age groups [19-21].

From another perspective, thermal environmental justice research reveals the social
differentiation of urban heat exposure [22-24]. Extensive empirical evidence indicates
that older adults and children are more vulnerable to heat stress due to higher physiolog-
ical thermal sensitivity, and they frequently reside in areas with elevated heat exposure
risks [25,26]. Previous studies have examined urban park accessibility, green-space cooling
services, and the equity implications of their spatial distribution, providing important foun-
dations for understanding the relationship between green infrastructure and environmental
justice [9,27-29]. However, a key question remains: whether and where insufficient park
accessibility and elevated summer heat coincide spatially for different age groups, and how
such compound risks differ between older adults and children. Rather than examining
accessibility equity and thermal conditions as separate dimensions, this study adopts a
staged spatial diagnostic approach that links three dimensions: park accessibility, the spatial
distribution of the target populations, and heat exposure represented by land surface tem-
perature (LST). Specifically, the two-step floating catchment area (2SFCA) method measures
park accessibility, bivariate local indicators of spatial association (Bi-LISA) identify local
mismatches between accessibility and population density, and the overlay of LST-derived
heat hotspots with these mismatch areas identifies locations where accessibility deprivation
and elevated surface temperatures coincide. This approach extends the analysis from
assessing accessibility inequalities or cooling-related spatial disparities individually to
identifying compound spatial vulnerability and examining its intergenerational similarities
and differences. Accordingly, two research gaps motivate this study. First, further spatially
explicit analysis is needed to connect population-sensitive park accessibility with LST-based
heat conditions within a unified diagnostic framework. Second, comparative evidence
remains needed on the spatial overlap and divergence of compound vulnerability between
older adults and children, particularly in relation to the joint pressures of park-accessibility
deprivation and elevated surface temperatures.
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Addressing these research gaps and adopting a climate justice perspective, this study
uses the main urban area of Hefei—a typical high-density city—as a case study to propose
three core research questions: (i) What are the similarities and differences in the targeted
spatial mismatch patterns between urban park accessibility and the older adult/child
populations in Hefei? (ii) When these accessibility—population mismatch patterns are
overlaid with LST-derived summer heat hotspots, which areas are identified as dual
vulnerability zones requiring priority intervention? (iii) What intergenerational divergences
emerge between older adults and children concerning global and local spatial equity
(measured by Gini coefficients and mismatch clustering)?

To answer these questions, this study integrates multi-source spatial data, including
high-resolution age- and sex-structured gridded population data from WorldPop [30],
MODIS/Terra MOD11A2 V061 land surface temperature (LST) data for July 2024 [31],
real-world road networks (OpenStreetMap, OSM) [32], and park points of interest (POI).
Intergenerational park accessibility is precisely measured using the two-step floating catch-
ment area (2SFCA) method [33]. Subsequently, bivariate local spatial autocorrelation
(Bi-LISA) is employed to diagnose micro-spatial mismatches, followed by the overlay of
July 2024 LST-derived high-temperature hotspots to identify compound dual vulnerability
zones [34,35].

The core contributions of this study are as follows: Theoretically, it integrates intergen-
erational equity and thermal environmental justice into a unified framework, revealing the
“trap of average equity” in urban resource allocation. Methodologically, its contribution
lies in the staged integration of three complementary analytical dimensions rather than
in proposing a new standalone algorithm: (1) 2SFCA-based assessment of park accessi-
bility, (2) Bi-LISA-based identification of local accessibility-population mismatches, and
(8) LST-based heat-hotspot identification and spatial overlay to delineate compound vul-
nerability zones. This framework distinguishes areas where park-accessibility deprivation
coincides with elevated surface temperatures from areas characterized by accessibility
mismatch or heat hotspots alone. By applying the same diagnostic procedure to older
adults and children, the study further examines the spatial overlap and divergence of
compound vulnerability between the two age groups. Practically, it provides a scientific,
empirical targeting basis for implementing precise resource allocation and differentiated
climate-adaptive planning within the dual contexts of age-friendly and child-friendly
urban development.

From a broader urban sustainability perspective, the framework links equitable access
to urban green infrastructure with spatially targeted heat adaptation. By identifying where
park-accessibility deprivation coincides with relatively high surface temperatures among
different age groups, this study provides empirical evidence to support more inclusive and
climate-resilient urban development.

2. Study Area and Data
2.1. Study Area Overview

Hefei is the capital of Anhui Province and a sub-center of the Yangtze River Delta urban
agglomeration [36]. This study focuses on the main urban area (built-up area) of Hefei, a
region concentrating the city’s densest built environments and population activities [37].
Hefei features a subtropical monsoon climate characterized by hot and humid summers.
Driven by the frequent occurrence of extreme heatwaves in recent years, the urban heat
island (UHI) effect and associated thermal environmental risks have become increasingly
prominent [38].
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Regarding demographic evolution, the urban development of Hefei has entered a
phase of quality-oriented enhancement [39]. On the one hand, the old city core exhibits a
significant trend of “aging in place”; on the other hand, driven by the influx of young labor
into new urban districts, the demand for public spaces among school-aged children has
surged in localized areas. The supply—demand conflicts exacerbated by the dual pressures
of climate change and demographic transitions render Hefei an ideal empirical case for
investigating intergenerational environmental justice and climate-adaptive planning in
high-density cities (Figure 1).
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Figure 1. Location of the study area. (a) Location of Hefei in China. The color gradient from blue
to orange represents elevation, and the red dot indicates the location of the study area. (b) Built-up
area of Hefei. The yellow area represents the urban built-up area, and the green areas indicate green
spaces and parks within the study area.

2.2. Data Sources and Preprocessing

This study integrates multi-source geospatial data to construct the evaluation model.
All spatial data were uniformly reprojected to the WGS_1984_UTM_Zone_50N coordinate
system to eliminate analytical errors caused by projection distortion. The specific data
sources and preprocessing procedures are detailed as follows (Table 1):

Table 1. Overview of data sources and preprocessing.

Data Type Year Resolution/Format Source Application
Park accessibility analysis using POI
Urban park POI/AOI 2024 Vector Amap API destination points and AOI-derived
park areas
Road network 2024 Vector OpenStreetMap Calculating pedestrian accessibility
MODIS/Terra 1 km; HDF-EOS2 Estimation of July LST and
MOD11A2 V061 2024 converted to GeoTIFF NASA LP DAAC identification of high-LST hotspots
Population age Extracting population densities of
structure 2024 100 m WorldPop children (0-14) and older adults (>65)
Administrative National Geomatics
tistra 2024 Vector Center of China Delineating the study area boundary
boundaries (NGCC)
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(i) Park and road network data: Urban park data, including points of interest (POI)
and area of interest (AOI) data, were obtained from the Amap API in 2024. Park POI
data were used to identify park locations and served as destination points in the 2SFCA
analysis, while AOI polygons were used to delineate park boundaries and derive park areas.
Restricted-access green spaces (e.g., golf courses) were excluded from the analysis [40].
Pedestrian road network data were sourced from OpenStreetMap (OSM) in 2024. A refined
pedestrian network dataset for 2SFCA measurement was constructed following topological
checks, dangling-node repairs, and the removal of highways and restricted road segments
within a geographic information system (GIS) platform. Park POI locations were used as
proxies for park destinations rather than verified physical entrances. Park area was used as
a proxy for potential park supply; however, this indicator does not directly capture usable
recreational space, facility provision, or actual visitor capacity. These data and indicator
limitations should be considered when interpreting the resulting accessibility estimates.

(if) Land surface temperature data: Daytime land surface temperature (LST) data were
obtained from the MODIS/Terra MOD11A2 V061 product distributed by the NASA Land
Processes Distributed Active Archive Center (LP DAAC) [31]. MOD11A2 provides 8-day
composite LST observations at a nominal spatial resolution of 1 km. Four 8-day composite
products with nominal start dates in July 2024 were used to estimate July LST. The original
HDEF-EOS2 data were converted to GeoTIFF format and reprojected to the WGS 1984 UTM
Zone 50N coordinate system. The resulting LST data were integrated with the 500-m
analytical grid for spatial analysis. Because the native spatial resolution of MOD11A2
is 1 km, the 500-m analytical grid does not increase the intrinsic spatial resolution of the
satellite observations.

(iii) Targeted population and administrative data: High-resolution (100-m) age- and
sex-structured gridded population estimates for 2024 were obtained from the WorldPop
dataset. The population estimates for children (0-14 years) and older adults (>65 years)
were extracted and aggregated to the 500-m analytical grids using Zonal Statistics.

3. Methods

This study constructs a three-dimensional spatial risk diagnostic framework com-
prising four progressive stages (Figure 2). First (Step 1), multi-source data integration
and preprocessing are conducted to construct a unified 500-m resolution grid database,
extract targeted population distributions for older adults and children, and retrieve sum-
mer land surface temperatures (LST) to delineate high heat exposure risk zones. Second
(Step 2), based on actual pedestrian road networks, the two-step floating catchment area
(2SFCA) method is employed to independently measure the spatial park accessibility for
older adults and children. Third (Step 3), the Lorenz curve, Gini coefficient, and bivariate
local spatial autocorrelation (Bi-LISA) are used to assess global accessibility inequality and
local accessibility—-population associations, identifying LH-type clusters defined as low
accessibility at focal grid cells associated with high population density in neighboring cells.
Finally (Step 4), a three-dimensional spatial overlay of the LH-type mismatch zones and
high heat risk zones is performed to delineate compound dual vulnerability zones. This
facilitates an in-depth analysis of the risk overlap and divergence characteristics between
the two demographic groups, while multi-scale calculations (250 m, 500 m, and 1000 m) are
conducted to ensure the robustness of the findings.
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Figure 2. Overall analytical framework of the study, including four stages: (Step 1) data collection and
preprocessing; (Step 2) park accessibility measurement using the two-step floating catchment area
(25FCA) method; (Step 3) spatial mismatch diagnosis using the Lorenz curve, Gini coefficient, and
bivariate local indicators of spatial association (Bi-LISA); and (Step 4) dual-vulnerability identification
and multi-scale robustness checks.

3.1. Delineation of Analytical Units and Multi-Source Data Fusion

To precisely characterize the spatial heterogeneity of urban park supply-demand
dynamics and environmental risks at a micro scale, this study delineates the built-up area
of Hefei using a 500 m x 500 m regular grid as the fundamental spatial analytical unit.
Subsequently, multi-source spatial data were uniformly resampled and reprojected into
this grid framework. To determine targeted population exposure, Zonal Statistics was
employed to extract the total number of older adults (aged > 65, denoted as Pop_Eld) and
children (aged 0-14, denoted as Pop_Chd) within each grid from the WorldPop dataset,
followed by the calculation of grid-level population densities. Grid-level population density
indicators were normalized to the range of 0 to 1 using min-max normalization. Before
the Bi-LISA analysis, the population-density and accessibility variables were subsequently
z-standardized, as described in Section 3.4.2.

3.2. Accessibility Measurement Based on the Two-Step Floating Catchment Area (2SFCA) Method

This study employs the two-step floating catchment area (2SFCA) method to measure
the pedestrian accessibility of urban parks for older adults and children, integrating park
supply, spatial population demand, and pedestrian-network impedance. With grid cen-
troids designated as demand origins (O) and park POI locations designated as destination
points (D), the walking speed is set at 5 km/h, and a 15-min walking-time threshold is
adopted for both groups. The uniform walking speed and time threshold provide a com-
mon baseline for comparing accessibility patterns between the two age groups. At 5 km/h,
a 15-min walking period corresponds to a nominal distance of 1.25 km under uninterrupted
walking conditions. In this study, however, accessibility is determined by walking time
along the pedestrian network rather than by a fixed straight-line distance.

The use of a uniform walking speed does not imply that children and older adults
have identical mobility capabilities. Actual walking speeds may vary with age, physical
condition, and individual circumstances. Consequently, this assumption may overestimate
accessibility for some individuals with lower mobility and may affect the estimated ac-
cessibility scores and the spatial extent of identified mismatch zones. The results should

https://doi.org/10.3390/su182111309


https://doi.org/10.3390/su182111309

Sustainability 2026, 18, 11309

7 of 24

therefore be interpreted as a standardized spatial comparison under common walking
assumptions rather than as individualized estimates of actual mobility.

Park POl locations were used as proxies for park destinations because the analysis did
not separately model verified physical entrances. For parks with large areas or entrances
located far from their mapped POI locations, the use of POI points may introduce errors in
estimated network travel times and accessibility. The 2SFCA calculation is conducted in
two steps.

First, the supply-to-demand ratio (R;) for each park (j) is calculated within its service
threshold (set as a 15-min walking isochrone, i.e., dy = 15),

5
Ri= ———— (1)

! Y. P
ke{dyj<do}

where §; is the area of park j (representing supply capacity), Py is the targeted population
within grid k, and dj; is the shortest network walking time from grid k to park j. Second,
for each grid (i), the supply-to-demand ratios (R;) of all accessible parks within the 15-min
walking threshold are summed to derive the park accessibility score (A;) for that grid.

Ai= ) R 2)

je{di=<do}

A higher A; value indicates a greater capacity for the grid to access the cooling and
recreational services provided by urban parks.

The area-based supply indicator reflects potential spatial provision relative to popu-
lation demand but does not directly measure usable recreational space, facility provision,
service quality, or actual visitor capacity. Accordingly, the calculated accessibility scores
should be interpreted as estimates of potential park accessibility rather than realized park
service capacity.

To facilitate comparison and visualization, the raw 2SFCA accessibility scores were normal-
ized separately for each target group using min-max normalization: A;* = (A; — Ay)/ (Amax
— Ayin), Where A; is the raw accessibility score of grid cell i, and A,;;, and A4 are the mini-
mum and maximum scores for the corresponding target group. The normalized accessibility
scores range from 0 to 1 and were used for accessibility mapping and the population-weighted
Gini calculations. Before Bi-LISA analysis, accessibility and population-density variables were
subsequently z-standardized.

3.3. Land Surface Temperature Processing and Identification of High-LST Hotspots

Daytime LST representing the July-focused summer observation period was estimated
using four MODIS/Terra MOD11A2 V061 8-day composite products with nominal start
dates of 3, 11, 19, and 27 July 2024. The LST_Day_1km band was converted to Kelvin using
the scale factor of 0.02 and then to degrees Celsius by subtracting 273.15. Pixels for which
the two mandatory quality-assurance bits (bits 0-1) of the QC_Day layer were not equal
to 00 were excluded. The valid LST values from the four composites were averaged to
obtain a July LST estimate. The resulting data were integrated with the 500-m analytical
grid to derive grid-level mean LST values (LST_mean). Given the native 1-km resolution
of MOD11A2, the 500-m grid represents the analytical unit rather than an increase in the
intrinsic resolution of the thermal data.

To identify areas with relatively high summer surface temperatures, the mean-plus-
one-standard-deviation method was applied to the July 2024 grid-level LST values. The
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hotspot threshold was defined as the spatial mean LST across the study area plus one
standard deviation, as expressed in Equation (3):

LSThotspot >u+o 3)

where p represents the mean of the July 2024 grid-level LST values across the study area,
and ¢ denotes their standard deviation. Grid cells with LST_mean exceeding the threshold
of 36.96 °C were classified as high-LST hotspots (Heat_Flag = 1); otherwise, they were
classified as non-hotspots (Heat_Flag = 0).

The mean-plus-one-standard-deviation criterion was adopted as a relative, distribution-
based rule to identify grid cells with substantially higher LST than the study-area mean.
Accordingly, 36.96 °C is a study-area-specific hotspot threshold derived from the July 2024
LST distribution, rather than an absolute physiological, meteorological, or public-health
threshold for dangerous heat.

MODIS-derived LST represents radiometric land surface temperature, not near-surface
air temperature or the full thermal conditions experienced by individuals. It does not
directly capture the combined effects of humidity, wind, shading, individual activity, or
indoor cooling conditions. Therefore, high-LST hotspots are interpreted as spatial indicators
of relatively high summer surface temperatures for the subsequent overlay analysis, rather
than as direct measurements of individual human heat exposure.

3.4. Targeted Spatial Equity Measurement and Mismatch Diagnosis
3.4.1. Global Equity: Gini Coefficient
To quantify the distributional equity of park accessibility among older adults and

children at the macro level, this study introduces the Lorenz curve and the Gini coefficient.
The Gini coefficient is calculated as follows:

BN

G=1-) (P,—Pi1)(Ci+Ci_1) (4)
-1

The Gini coefficient is used to assess inequality in the distribution of urban park
accessibility between the target populations of older adults and children. In constructing
the Lorenz curve, grid cells are ranked in ascending order of normalized accessibility.
The cumulative population share is calculated from the cumulative population of the
corresponding target group, while the cumulative accessibility share is calculated from
cumulative population-weighted normalized accessibility, defined as the product of the
target population and the normalized grid-level accessibility score. Here, n denotes the
number of intervals used in the numerical approximation of the Lorenz curve, P; represents
the cumulative proportion of the target population, and C; represents the corresponding
cumulative proportion of population-weighted normalized accessibility. The cumulative
shares are expressed relative to their respective totals. In the computational implementation,
the Lorenz curve was interpolated to 500 points, and the Gini coefficient was estimated
from the area under the curve using the trapezoidal integration method.

Grid cells with zero accessibility are retained in the calculation. For grid cells contain-
ing a nonzero target population, zero accessibility contributes to the cumulative population
share but not to the cumulative accessibility share. Grid cells with zero target population
have zero population weight and do not contribute to the population-weighted distribution.

The min—max normalization of accessibility scores used for the Gini calculation is
distinct from the subsequent z-standardization of accessibility and population-density vari-
ables for Bi-LISA analysis. In the Gini calculation, cumulative population and population-
weighted normalized accessibility are expressed as proportions of their respective totals.
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Higher Gini coefficients indicate greater inequality in the distribution of modeled park
accessibility among the target population.

3.4.2. Local Spatial Mismatch: Bivariate Local Moran’s I (Bi-LISA)

To diagnose the spatial mismatch patterns between park accessibility and targeted
population density at the micro-grid scale, the bivariate local spatial autocorrelation (Bi-
LISA) model is employed:

n
I,‘ = Z?Z w,-]-z]’? (5)
j=1

where z7 denotes the standardized park accessibility value of focal grid cell i, z}g denotes the
standardized population density of the corresponding target group in neighboring grid cell
j, and wj; represents the spatial weight between grid cells i and j. The spatial weights matrix
was constructed using the k-nearest neighbors (KNN) method based on grid coordinates,
with (k = 8). The weights were row-standardized so that the weights associated with the
neighbors of each grid cell sum to one.

The local bivariate Moran’s I statistic was calculated in Python (version 3.10.18) using
the Moran_Local_BV function from the esda library (version 2.7.0), with spatial weights
constructed using libpysal (version 4.13.0). Statistical significance was assessed using 999
random permutations and the resulting permutation-based pseudo-p-values pgim. A signifi-
cance threshold of psjm < 0.05 was adopted. Grid cells satisfying this criterion were classified
into four spatial association categories according to the signs of the focal-grid accessibility
value and the spatially lagged population density: high accessibility—high neighboring
population density (HH), low accessibility-high neighboring population density (LH),
low accessibility—-low neighboring population density (LL), and high accessibility—low
neighboring population density (HL).

In this bivariate analysis, population density is an explicit component of the spatial
association rather than an independent background characteristic. The LH category iden-
tifies focal grid cells with low park accessibility that are spatially associated with high
population density in their neighboring grids, as defined by the KNN weights matrix.
Accordingly, LH clusters indicate potential spatial mismatches between accessibility and
surrounding population demand. These clusters represent statistically significant local
spatial associations and should not be interpreted as direct evidence of individual park use
or as proof of a causal relationship between population distribution and park accessibility.

3.5. Identification and Typological Definition of Dual Vulnerability Zones

Building upon the identified LH-type spatial deprivation zones, this study introduces
a three-dimensional risk diagnostic framework by spatially overlaying them with the high
heat risk zones (hotspots) identified via LST to delineate four climate-spatial intersection
types (Table 2).

Table 2. Typological definition of dual vulnerability zones.

Zone Type Spatial Criteria Implication for Planning
LH-type accessibility—population mismatch overlaps with a July 2024
Dual . high-LST hotspot. Prioritize combined park-accessibility and
vulnerability LH mismatch 1 Hotspot heat-adaptation interventions. This is a spatial screening category, not a
direct measurement of individual heat exposure.
Accessibility . LH mismatch without a high-LST hotspot under the July 2024 criterion.
deprivation LH mismatch (1 Non-hotspot Prioritize park-accessibility improvements.
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Table 2. Cont.

Zone Type Spatial Criteria Implication for Planning
LH-type accessibility—population mismatch overlaps with a July
Dual vulnerability LH mismatch N Hotspot 2024 high-LST hotspot. Prioritize combined park-accessibility

and heat-adaptation interventions. This is a spatial screening
category, not a direct measurement of individual heat exposure.

Heat exposure risk

Non-LH mismatch N Hotspot

A high-LST hotspot is identified without an LH mismatch.
Consider shading, vegetation, and other cooling measures. LST
indicates relatively high surface temperature, not individual
thermal exposure.

Relatively safe

Neither an LH mismatch nor a high-LST hotspot is identified

Non-LH mismatch N Non-hotspot under the study criteria. This classification does not imply the

absence of heat risk for every individual.

3.6. Robustness Check of the Dual Vulnerability Identification Framework

In spatial analysis, variations in the scale of delineated grid units often exert poten-
tial impacts on statistical outcomes, a phenomenon known as the Modifiable Areal Unit
Problem (MAUP). To assess the sensitivity of the results to the choice of analytical grid
size, the 500-m grid-based workflow was repeated using 250-m and 1000-m grids. The
Gini coefficients and the areal proportions of the vulnerability zones were compared across
the three grid resolutions. This analysis evaluates the consistency of the results across the
tested grid sizes but does not establish that the findings are independent of spatial scale.
Moreover, the native spatial resolution of the MODIS/Terra LST data is 1 km, and finer
analytical grids do not provide additional thermal information beyond that resolution.

4. Results and Analysis
4.1. Spatial Patterns of Park Accessibility and Heat Exposure

Urban park pedestrian accessibility and summer land surface temperature (LST) in
Hefei exhibit strong spatial inequality and significant spatial heterogeneity. As shown in
Figure 3, the park accessibility results calculated using the 2SFCA method at a 500-m grid
scale indicate that highly accessible resources are spatially concentrated, whereas areas
of low accessibility are extensively widespread. Specifically, high-accessibility grids with
accessibility scores approaching 1 are sparsely clustered in the mid-eastern urban core,
while scores in the vast western, southwestern, and peripheral areas generally approach
0, indicating comparatively low modeled park accessibility. A comparison of Figure 3a,b
reveals that despite minor differences in accessibility benefits at the local grid level between
children and older adults, the overall spatial deprivation patterns facing both groups are
highly consistent. This indicates that the structural shortage of urban public green spaces
universally constrains different vulnerable populations.

Regarding summer surface temperature, Figure 4 illustrates the spatial distribution
and statistical characteristics of July 2024 LST in Hefei. The spatial pattern map (Figure 4a)
shows that relatively high-LST hotspots are concentrated predominantly in the high-density
built-up areas in the eastern and mid-southern parts of the study area, whereas the western
region exhibits relatively lower surface temperatures. The statistical distribution shown in
Figure 4b further characterizes the spatial variation in LST. The hotspot threshold is 36.96
°C, defined as the study-area mean LST plus one standard deviation.
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Figure 3. Spatial patterns of urban park accessibility for children and older adults in Hefei.
(a) Children; (b) Older adults. Accessibility scores are calculated using the Two-Step Floating Catch-
ment Area (2SFCA) method at a 500 m grid scale. A higher score indicates better walking accessibility
to urban parks.

(b) Distribution of summer LST
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Figure 4. Spatial pattern and statistical distribution of July 2024 land surface temperature (LST) in
Hefei. (a) Spatial distribution of LST across the study area; (b) Raincloud plot showing the distribution
of LST across all grid cells. The red dashed line indicates the relative high-LST hotspot threshold
(36.96 °C), defined as the July 2024 study-area mean plus one standard deviation. Grid cells above this
threshold are classified as high-LST hotspots; the threshold is not an absolute health-based criterion
for human heat exposure.

This threshold identifies grid cells with relatively high surface temperatures under
the July 2024 conditions and should not be interpreted as a universal danger level or a
health-based threshold for heat exposure. The spatial heterogeneity of park accessibility
and LST reflects differences in the urban physical environment [41]. The spatial overlap
between high-LST hotspots and LH-type accessibility—population mismatch zones indicates
that some areas combine low park accessibility relative to surrounding population demand
with relatively high surface temperatures. These areas are classified as dual-vulnerability
zones for spatial screening and planning. This overlap identifies potential priority locations
for combined green-space and heat-adaptation interventions, but does not establish the
actual thermal dose or physiological heat stress experienced by individual older adults
or children.

4.2. Global Equity: Intergenerational Disparities in Urban Park Accessibility

At the level of global spatial equity, urban park accessibility in Hefei exhibits sub-
stantial distributional inequality among both older adults and children. As shown in
Figure 5a, the Lorenz curves for both groups deviate markedly from the line of equality,
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indicating an uneven distribution of modeled park accessibility. As illustrated in Figure 6,
the reported Gini coefficients are 0.988 for children and 0.875 for older adults, suggesting
a higher estimated level of accessibility inequality among children under the adopted
analytical framework.

(a) Lorenz curves of park accessibility (b) Accessibility difference along the Lorenz curve

=~ Line of equality .
== Elderly (Gini = 0.875) 0.0000

==== Children (Gini = 0.988)

Cumulative share of park accessibility
Difference in cumulative share
(Children - Elderly)

Children advantage
s Elderly advantage

umTET T T

- T T
00 02 04 06 08 10 0.0 0.2 04 0.6 .08 1.0
Cumulative share of population Cumulative share of population

Figure 5. Lorenz curves and accessibility difference for park accessibility among older adults and
children in Hefei. (a) Lorenz curves of park accessibility for older adults (orange dashed line) and
children (blue dashed line). The grey dashed line represents the line of equality. (b) Difference in
cumulative share of park accessibility between children and older adults along the Lorenz curve.
Blue shading indicates children’s advantage, while orange shading indicates older adults” advantage.

Gini coefficients of park accessibility
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Figure 6. Comparison of Gini coefficients of park accessibility between older adults and children in
Hefei. Higher Gini coefficients indicate greater inequality in park accessibility distribution.

These coefficients should be interpreted in conjunction with the population-weighting
procedure and the treatment of zero-accessibility grid cells. Under the population-weighted
approach, grid cells containing larger target populations contribute more to the cumulative
population distribution. Grid cells with zero accessibility but a nonzero target popu-
lation remain in the analysis, contributing to the cumulative population share without
contributing to the cumulative accessibility share. Consequently, the presence and popula-
tion distribution of zero-accessibility cells can influence the magnitude of the estimated
Gini coefficient.

The reported coefficients describe inequality in the distribution of modeled park
accessibility under the adopted 25FCA framework. They should not be interpreted in-
dependently as a direct measure of the overall adequacy of park supply or as definitive
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evidence of the causes of inequality. The observed difference between children and older
adults should also be interpreted in light of the population-weighting procedure, the spatial
distribution of accessibility scores, and the treatment of zero-accessibility cells.

These global inequality results provide an overall assessment of accessibility distribu-
tion and should be considered alongside the subsequent local spatial mismatch analysis.
The local analysis helps identify where the spatial distribution of park accessibility is
poorly aligned with the distribution of the target populations, thereby providing more
geographically specific evidence for differentiated urban planning interventions.

4.3. Local Spatial Mismatch: Targeted Spatial Deprivation Among Older Adults and Children

To identify local spatial associations between park accessibility and the distribution of
the two target populations, this study employed the Bi-LISA model. As shown in Figure 7, the
spatial pattern for older adults exhibits a clear core—periphery contrast. LH clusters, defined as
focal grid cells with low accessibility associated with high population density in neighboring
cells, are concentrated in the mid-eastern urban core, whereas LL clusters are more extensive in
the western and peripheral areas. Figure 8 shows a broadly similar pattern for children, with
LH clusters forming contiguous patches in the mid-eastern urban core. At a significance level
of p <0.05, LH and LL categories dominate the spatial associations for both groups, while HH
clusters are rare. These results indicate that low-accessibility grid cells in the urban core tend
to be spatially associated with higher population density in surrounding grid cells, suggesting
localized accessibility—population mismatches. Because LH represents a bivariate local spatial
association, it should not be interpreted as a direct measurement of demand within the focal
grid cell, a quantified supply—-demand deficit, or a causal relationship. Nevertheless, the
identified clusters provide a spatial basis for prioritizing further investigation and targeted
park-accessibility interventions.
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Figure 7. Bi-LISA clustering of park accessibility and older-adult population density in Hefei. The
map shows statistically significant local bivariate spatial associations (p < 0.05). HH: high accessibility—
high neighboring population density; LH: low accessibility—high neighboring population density
(key mismatch); LL: low accessibility—low neighboring population density; HL: high accessibility—low
neighboring population density. Gray indicates non-significant clusters.
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Figure 8. Bi-LISA clustering of park accessibility and child population density in Hefei. The map
shows statistically significant local bivariate spatial associations (p < 0.05). HH: high accessibility—
high neighboring population density; LH: low accessibility—high neighboring population density
(key mismatch); LL: low accessibility—low neighboring population density; HL: high accessibility—low

neighboring population density. Gray indicates non-significant clusters.

4.4. Spatial Delineation of Dual Vulnerability: Overlaying Park Deprivation and Heat Exposure

Following the spatial overlay of LH-type mismatches and July 2024 high-LST hotspots,
the distribution of dual-vulnerability zones differs between older adults and children,
although both groups show a high concentration of these zones in the central urban core
(Figures 9 and 10). For older adults, dual-vulnerability zones are primarily concentrated
in the mid-eastern part of the central urban core, forming a continuous block-like pattern.
Heat-exposure-risk zones, defined as high-LST hotspots without LH-type mismatch, are
mainly located in the mid-northern area, whereas accessibility-deprivation zones, defined
as LH-type mismatches without high-LST hotspots, are located in the mid-eastern area.
Relatively safe zones under the adopted criteria are widespread in the western, south-
ern, and peripheral areas (Figure 9a). Similarly, children’s dual-vulnerability zones form
contiguous clusters in the central urban core, with additional smaller patches along the
southern and eastern peripheries. Heat-exposure-risk zones are predominantly located in
the east, accessibility-deprivation zones form a belt-like distribution along the mid-western
axis, and relatively safe zones occupy much of the periphery (Figure 9b).

In terms of areal proportions, the composition of the four zones varies between the two
demographic groups (Figure 10). For older adults, the proportions of dual vulnerability,
accessibility deprivation, heat exposure risk, and relatively safe zones are 7.5%, 14.1%,
13.2%, and 65.2%, respectively; the corresponding proportions for children are 6.6%, 13.1%,
12.3%, and 68.1%.
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Figure 9. Spatial distribution of the four vulnerability-related zones for older adults (a) and children
(b) in Hefei. The zones are identified by overlaying LH-type accessibility—population mismatch
with July 2024 high-LST hotspots: Dual Vulnerability (LH N hotspot), Accessibility Deprivation
(LH N non-hotspot), Heat Exposure Risk (non-LH N hotspot), and Relatively Safe (non-LH N non-
hotspot). The same color scheme is used for corresponding categories in both panels. These categories
represent spatial screening outcomes rather than direct measurements of individual human heat
exposure.

Composition of four zones for older adults and children

Older Adults 65.2% - 13.2% .
Children 68.1% - 12.3% .
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Share of study area (%)

mmm  Dual vulnerability W Accessibility deprivation Heat exposure risk Relatively safe

Figure 10. Composition of the four spatial zones for older adults and children in Hefei. Percentages
represent the shares of the study area’s mapped area assigned to each category, rather than the
proportions of the corresponding populations. Values are independently rounded to one decimal
place; totals may differ slightly from 100% because of rounding.

These percentages represent the shares of the study area’s mapped area assigned
to each spatial category, rather than the proportions of older adults or children living in
those zones. In particular, the values of 7.5% and 6.6% indicate the areal extent of the
dual-vulnerability zones identified for older adults and children, respectively, and should
not be interpreted as population-based heat-exposure rates.

The slightly larger area share of dual-vulnerability zones for older adults indicates
that a larger spatial area meets both the LH-type accessibility—population mismatch and
high-LST hotspot criteria for this group. However, this difference does not establish that a
larger number or proportion of older adults is exposed to heat, nor does it demonstrate
greater physiological heat stress among older adults.

A population-based exposure rate would require aggregating the age-specific popula-
tion counts within the classified dual-vulnerability grids and comparing these counts with
the total population of the corresponding age group. This additional population-weighted
indicator was not estimated in the present study. Accordingly, the comparison here is re-
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stricted to the spatial extent and location of the identified zones, rather than the proportion
of each demographic group potentially located within them.

These findings identify priority locations where park-accessibility deprivation and
relatively high surface temperatures coincide. Such areas warrant further attention in green-
space planning and heat-adaptation strategies, while individual heat exposure should not
be inferred directly from satellite-derived LST alone.

4.5. Spatial Overlap and Divergence of Dual Vulnerability Between Older Adults and Children

The spatial overlap analysis of dual-vulnerability zones for older adults and children
reveals substantial spatial overlap in the urban core and local divergence along the urban
periphery. As shown in Figure 11, the targeted grids are classified into four categories:
“shared risk,” “children-only risk,” “older-adults-only risk,” and “no dual vulnerability.”
The shared-risk zones represent grid cells in which both demographic groups are classified
as having dual vulnerability because LH-type accessibility—population mismatch coincides
with a July 2024 high-LST hotspot. These zones exhibit a strong centripetal clustering
pattern, forming large contiguous areas over the high-density old city core in the mid-
eastern part of Hefei. In contrast, the children-only and older-adults-only zones are more
fragmented and are distributed mainly along the peripheral edges of the shared-risk areas
and at localized nodes within western expansion areas.
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Figure 11. Spatial overlap of dual-vulnerability zones between older adults and children. Red
grids indicate shared-risk areas where both demographic groups meet the study’s dual-vulnerability
criteria. Yellow and green grids represent children-only risk and older-adults-only risk, respectively.
The remaining grids are classified as no dual-vulnerability zones under the adopted criteria. These
categories are based on the spatial overlap of LH-type accessibility—population mismatch and July
2024 high-LST hotspots and do not directly measure individual heat exposure.

This pattern of extensive overlap in the urban core and divergence at the periphery
provides a spatial basis for prioritizing intergenerationally inclusive park planning and heat-
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adaptation interventions. Because the heat-related classification is based on satellite-derived
LST, the identified zones should be interpreted as areas where accessibility deprivation
and relatively high surface temperatures co-occur, rather than as direct evidence that all
residents in these cells experienced severe physiological heat stress.

4.6. Multi-Scale Robustness Check of Spatial Equity and Vulnerability Patterns

To verify the reliability of the research conclusions against the Modifiable Areal Unit
Problem (MAUP), this study conducted a robustness check on the global equity mea-
sures and the areal proportions of each risk zone across three spatial scales: 250 m, 500 m,
and 1000 m. As shown in Figure 12, the statistical results across different grid resolu-
tions demonstrate extremely high internal consistency. Regarding global spatial equity
(Figure 12a), the Gini coefficient of park accessibility for children remains stable between
0.964 and 0.988 across the three scales, consistently higher than that of older adults (which
is maintained between 0.86 and 0.88). Regarding the areal proportions of the vulnerability
zones (Figure 12b), although the proportion values fluctuate slightly at the 1000-m scale,
the overall pattern remains unchanged: the dual vulnerability zones consistently account
for the lowest proportion (6-8%), while the relatively safe zones consistently account for
the highest proportion (65-70%). These results suggest that the broad spatial patterns
are reasonably consistent across the three tested grid resolutions. However, the analysis
does not establish independence from spatial scale, and further tests using additional
grid resolutions and alternative zoning schemes are needed to assess the sensitivity of

the findings.
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Figure 12. Robustness checks of global accessibility inequality and areal proportions of vulnerability
zones across three analytical grid resolutions (250 m, 500 m, and 1000 m). (a) Population-weighted
Gini coefficients of park accessibility for older adults and children across the three grid resolutions.
(b) Proportions of grid cells classified into four vulnerability-related categories (relatively safe, heat
exposure risk, accessibility deprivation, and dual vulnerability) for older adults and children across
the three grid resolutions. Note: Percentages are rounded to one decimal place and may not sum to
exactly 100.0%.

5. Discussion
5.1. The “Trap of Average Equity” and the Spatial Mechanisms of Structural Mismatch

This study reveals that the mismatch pattern between park accessibility and heat expo-
sure in Hefei exhibits a significant “core-periphery” divergence, profoundly corroborating
the “trap of average equity” in urban spatial allocation [42,43]. Although the citywide
average accessibility metrics appear acceptable, the global Gini coefficients (0.875 for older
adults and 0.988 for children) are substantially higher than the average levels reported in
similar studies of Beijing and Shanghai [44,45]. These extreme values indicate that the vast
majority of the population shares only a minuscule proportion of accessible park resources.
The large-scale, contiguous distribution of LH-type clusters—defined as low accessibility
at focal grid cells associated with high population density in neighboring cells—in the
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old city core, including Luyang and Yaohai districts, further indicates a spatial mismatch
between park accessibility and the surrounding population distribution. This finding
echoes the dialectical relationship between “distributional equity” and “procedural equity”
in environmental justice research: even with an overall increase in resource supply (such as
the construction of large comprehensive parks in urban peripheries), the actual benefits to
disadvantaged groups remain highly limited if spatial allocation fails to align with actual
demographic demands. The uniqueness of Hefei lies in its old city core being constrained
by exceptionally high building density, which limits the provision of new green spaces;
concurrently, the persistent aging trend and the agglomeration of school-aged children
generate a dual “population—green space” squeeze that is significantly more pronounced
than in other cities [46—48].

5.2. Driving Factors of Intergenerational Climate Vulnerability Divergence

The dual-vulnerability zones for older adults and children exhibit a pattern of “core
overlap and peripheral divergence.” This pattern may reflect differences in population
distribution, urban form, park accessibility, and summer surface temperatures. Previous
studies have examined older adults” thermal perceptions in urban parks and compound
heat-humidity exposure among vulnerable populations [49,50]. Research on residents’
preferences for new and old parks in Hefei and the influence of microclimate on older
adults” outdoor activities provides additional context [51,52], although these studies do
not establish the demographic mechanisms underlying the spatial patterns identified in
Hefei. Under the adopted classification criteria, dual-vulnerability zones account for 7.5%
of the study area’s mapped area for older adults and 6.6% for children. These percentages
represent area-based shares rather than the proportions of either population experiencing
heat exposure. Shared-risk areas are concentrated in the urban core, whereas group-
specific risk areas are more fragmented along the periphery. Although this pattern is
consistent with the spatial distribution of the two demographic groups, the present analysis
is descriptive and does not establish that aging in place or population redistribution caused
the observed patterns.

Mobility constraints may further influence the practical accessibility of urban parks.
However, because the 2SFCA model applies the same walking speed of 5 km/h and the
same 15-min walking-time threshold to both groups, the modeled results do not directly
quantify age-specific differences in walking ability or actual travel behavior. Older adults
with limited mobility may therefore experience greater access barriers than those captured
by the standardized model. Nevertheless, the present study does not measure actual
mobility behavior or individual health outcomes. The “last-mile” gap should therefore
be understood as a potential planning concern that may constrain access to green space
during hot conditions, rather than as direct evidence of a fatal health threat.

5.3. Theoretical Contributions and Identification Advantages of the Three-Dimensional
Risk Diagnosis

The core methodological contribution of this study lies in extending the traditional
two-dimensional “accessibility—population” mismatch analysis into a three-dimensional
spatial screening framework integrating accessibility, population distribution, and surface
temperature. A two-dimensional mismatch analysis can identify LH-type clusters but
cannot distinguish between areas where low accessibility is spatially associated with
high neighboring population density and relatively high surface temperatures and areas
where this spatial association occurs without a high-LST hotspot. By overlaying LH-type
clusters with July 2024 high-LST hotspots, this study further distinguishes locations where
accessibility—population mismatch coincides with relatively high surface temperatures.
This approach provides a practical basis for prioritizing spatially differentiated planning
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interventions. Importantly, the identified zones are spatial screening outcomes rather than
direct measurements of individual heat exposure or physiological risk. For LH-type areas
outside high-LST hotspots, improving park accessibility may be a primary intervention
priority. For dual-vulnerability zones where LH-type clusters overlap with high-LST
hotspots, accessibility improvements may need to be complemented by heat-adaptation
measures, such as shading systems, cooling pavements, and ventilation corridors [53-55].

5.4. Planning Implications and Differentiated Governance Strategies

Urban green space planning should transition comprehensively from “total volume
growth” to “demand-responsive precise allocation,” prioritizing the investment of limited
public resources into dual vulnerability zones [56-58]. Based on the spatial overlap analysis
and intergenerational demand differences, this paper proposes a differentiated governance
framework targeting the three core risk zones (Table 3). Overall, the spatial distributions of
these three risk zones are not isolated from one another; rather, they form a continuous risk
gradient along the “old city core-transition zone—urban-rural fringe” axis. This implies that
planning interventions should not be confined to patching single isolated patches. Instead,
a three-tier network comprising “cooling corridors—community green spaces—pocket parks”
should be constructed at the urban macro-scale. Coordinating cooling corridors, community
green spaces, and pocket parks may help connect peripheral cooling resources with central
mismatch zones while preserving green infrastructure in transition zones and urban-rural
fringes. The strategic prioritization of urban green infrastructure for heat mitigation is
supported by previous planning research [59]. The effectiveness of these interventions
in Hefei should nevertheless be evaluated under future land-use and population-change
scenarios.

Table 3. Differentiated climate adaptation governance strategies for dual vulnerability zones.

Vulnerability Zone Type

Typical Spatial Context Strategic Orientation Specific Interventions

Pocket parks, shaded pedestrian

Older adult.s .dual High-density old city core Spatial Ir}lcro-ren.e wal & corridors, community-based
vulnerability physical cooling . . .
indoor cooling stations.
Central urban core with Tree-lined school perimeters,
Children’s dual .. Facility provision & shaded mandated green spaces in new
o additional southern and . .
vulnerability green networks developments, child-friendly

eastern peripheral patches ool islands.

Shared dual vulnerability
(Older adults & Children)

High-density central urban Age-inclusive composite parks,
core where the two groups’ Intergenerational inclusion  intergenerational shared cooling
dual-vulnerability & spatial sharing spaces, multi-use recreational
zones overlap facilities.

From an urban sustainability perspective, these differentiated interventions connect
the social dimension of sustainability, represented by equitable access to public green
spaces, with the environmental dimension of climate adaptation. This spatially targeted
approach provides planning evidence for promoting more inclusive and climate-resilient
urban development.

5.5. Research Limitations and Future Directions

This study has several limitations that highlight directions for future research. First, the
thermal dimension is represented by daytime MODIS/Terra LST observations for July 2024,
with high-LST hotspots identified using a mean-plus-one-standard-deviation criterion.
This threshold is a relative spatial classification rule rather than a health-based threshold.
Satellite-derived LST measures radiometric surface temperature and does not directly
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quantify the actual thermal exposure experienced by older adults or children. It also does
not fully account for air temperature, humidity, wind, shading, individual activity patterns,
or indoor cooling conditions. Moreover, daytime observations from a single summer month
cannot fully capture diurnal or interannual variability, particularly nighttime surface urban
heat island conditions. Future research could combine multi-temporal thermal data with
meteorological observations and human thermal-comfort indicators to develop a more
comprehensive assessment of heat exposure.

Second, although the WorldPop gridded dataset offers high spatial resolution, it pro-
vides a static representation of the population and therefore does not fully capture residents’
spatiotemporal mobility, particularly that of commuters and school-aged children. Future
studies could integrate dynamic trajectory data, such as location-based services (LBS), to
evaluate temporal variations in population distribution and potential heat exposure.

Third, the 25FCA model applies a common walking speed of 5 km/h and a 15-min
walking-time threshold to both older adults and children. Although these uniform assump-
tions provide a standardized basis for comparing park accessibility between the two groups,
they do not fully capture age-related differences in walking ability or individual variations
associated with physical condition and mobility. Consequently, the estimated accessibility
scores and mismatch zones may differ from those derived using age-specific or individually
measured walking speeds, and accessibility may be overestimated for some individuals
with limited mobility. Future research should evaluate age-specific walking parameters
and conduct sensitivity analyses using alternative walking speeds and time thresholds.

Fourth, the proposed framework focuses on macro-level measurements of the outdoor
physical environment without fully incorporating the moderating effects of indoor cooling
capacity, such as air-conditioning availability and housing insulation, or socioeconomic sta-
tus (SES) on actual thermal vulnerability. Future investigations should combine micro-level
household surveys with environmental observations to construct a more multidimensional
socio-spatial climate-equity evaluation model.

In addition, the reported percentages of dual-vulnerability zones are area-based shares
rather than estimates of the proportions of older adults or children located within these
zones. Because a population-based exposure rate was not calculated, the present results
should be interpreted as spatial screening indicators rather than direct estimates of popu-
lation exposure. Future research should overlay age-specific population counts with the
classified risk grids to estimate the number and proportion of each demographic group
located in areas where park-accessibility deprivation and high LST co-occur.

Finally, the robustness analysis examined only three grid resolutions (250 m, 500 m,
and 1000 m). Although the broad spatial patterns were reasonably consistent across these
tested scales, this agreement does not demonstrate that the findings are independent of
spatial scale. Future studies should examine additional spatial resolutions and alternative
zoning schemes to further assess the sensitivity of the results to the choice of analytical
units.

6. Conclusions

Grounded in a climate justice perspective, this study integrates the two-step floating
catchment area (2SFCA) method, land surface temperature (LST) retrieval, and the bivariate
local spatial autocorrelation (Bi-LISA) model to examine the spatial mismatch between
urban park accessibility and potential heat vulnerability among older adults and children
in Hefei. The main conclusions are as follows:

First, park-accessibility inequality is pronounced, with children experiencing greater
spatial deprivation than older adults. The Gini coefficient for park accessibility is 0.988
for children, compared with 0.875 for older adults. Bi-LISA analysis further identifies
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extensive LH-type (low accessibility-high neighboring population density) clusters in the
high-density old city core, indicating spatial associations between low-accessibility cells
and higher population density in neighboring cells for both demographic groups.

Second, overlaying LH-type mismatch zones with July 2024 high-LST hotspots identi-
fies potential dual-vulnerability areas concentrated in the central urban core. These zones
account for 7.5% of the study area’s mapped area for older adults and 6.6% for children;
these figures represent spatial area shares rather than the proportions of the respective
populations exposed. The results therefore identify locations where accessibility depriva-
tion and relatively high surface temperatures coincide, rather than directly quantifying the
number or proportion of people experiencing heat exposure.

Third, dual-vulnerability zones exhibit a pattern of “core overlap and peripheral
divergence.” Figure 11 shows that shared-risk areas are concentrated in the urban core,
whereas children-only and older-adults-only risk areas are more fragmented along the
urban periphery. This pattern supports prioritizing intergenerationally inclusive green-
space renewal and cooling interventions in shared-risk areas while tailoring interventions
to the distinct needs of each demographic group in peripheral areas.

These findings should be interpreted in light of the limitations of static population
data, uniform walking assumptions, and daytime LST observations. Although the broad
spatial patterns were reasonably consistent across the three grid resolutions examined
(250 m, 500 m, and 1000 m), the results cannot be considered independent of spatial scale.
Overall, this study provides a spatial screening framework for identifying priority areas
for equitable park provision and heat-adaptation planning, offering empirical support for
socially inclusive, climate-resilient, and sustainable urban development.
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