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Abstract

Coastal human settlements concentrate buildings, infrastructure, and populations in
climate-sensitive land—sea transition zones, yet maritime proximity does not ensure lower
nighttime surface temperatures. Daytime- or hotspot-bassed assessments may therefore
miss changes in day-night land surface temperature (LST) contrasts and persistent popu-
lation co-exposure. This study integrates day—night thermal reorganization, population-
weighted LST exceedance, and co-exposure transitions across seven coastal cities in Zhe-
jlang, China. Annual mean daytime and nighttime LST, population, and natural and
built-environment covariates were harmonized on 1 km grids for 2012, 2015, 2018, 2021,
and 2024. Region-wide associations were evaluated using CatBoost models with SHapley
Additive exPlanations (SHAP) and spatial-block validation.. The combined share of rel-
atively high and high nighttime-LST grids was 2.3% in 2012 and 58.2% in 2024, whereas
the corresponding daytime share varied across epochs and was 13.8% in 2024. The night-
time contribution to population-weighted LST exceedance was 3.5% in 2012 and 78.2%
in 2024. Between 2012 and 2024, 6753 grids entered the high-LST-high-population state,
accounting for 54.7% of initially high-population-only grids with valid endpoint data;
1872 grids remained co-exposed in all five epochs. Spatially validated models identified
outcome-specific environmental associations. These findings frame coastal urban heat as
a reorganization of day—night LST contrasts, population overlap, and state persistence,
informing spatial screening for retrofit and preventive planning.

Keywords: coastal human settlements; built environment; nighttime land surface temperature;
LST-population co-exposure; urban thermal resilience; climate-responsive planning

1. Introduction

Climate change and rapid urbanization are transforming extreme heat from a sea-
sonal meteorological hazard into a systemic challenge for urban health and sustainable
development. This coupled climate—urban challenge is also emphasized in the latest global
synthesis [1]. In 2025, global mean near-surface temperature was approximately 1.43 °C
above the 1850-1900 baseline, and 2015-2025 constituted the warmest 11-year period on
record [2]. The 2025 Lancet Countdown further estimated that heat-related mortality had
increased by 23% relative to the 1990s, reaching approximately 546,000 deaths annually [3].
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The challenge is especially salient for China, where the urban population reached 953.8 mil-
lion and people aged 60 years or older accounted for 23.0% of the population in 2025; the
national annual mean temperature was also the highest since 1961 [4,5]. Identifying when
and where urban heat intensifies, and how it overlaps with population concentration, is
therefore fundamental to climate-responsive planning and equitable adaptation.

China’s coastal zone concentrates the population, economic activity, buildings, and
climate-sensitive infrastructure within a limited land area. Along the humid eastern
seaboard, monsoonal moisture, prolonged summer heat, and intensive development alter
surface energy exchange and can delay nighttime heat release from urbanized surfaces.
Zhejiang exemplifies this convergence: its annual mean temperature reached 19.3 °C in
2025, while the province experienced approximately 53 high-temperature days—28 more
than the climatological average—and a hot season extending from June to mid-October [6].
The close spatial coupling of climatic exposure, dense settlement, and extensive built-up
land makes coastal built environments a critical setting for climate-adaptive planning and
retrofit prioritization.

Daytime and nighttime surface temperatures can change differently, altering their spa-
tial contrast and overlap with population. Recent evidence indicates earlier compound-heat
onset, expanding the exposure duration, and weakening urban-rural contrasts in nighttime
humid heat across China and the Yangtze River Delta [7-9]. Epidemiological studies further
show that compound daytime-nighttime heatwaves produce larger mortality effects than
daytime- or nighttime-only events, with older adults and women showing greater vulnera-
bility [10-13]. Here, thermal reorganization denotes changes in annual mean daytime and
nighttime land surface temperature (LST), their spatial distributions, and their contrast.
This regional perspective complements event-based heat assessments.

Recent research on coastal built environments indicates that proximity to the sea does
not generate a spatially uniform cooling effect. Hong et al. [14] revealed marked spatial
heterogeneity in marine cooling across Xiamen; Bian et al. [15] integrated satellite-derived
LST with microclimatic and building-performance indicators in a high-density coastal
setting; and Li and Wang [16] showed that the thermal associations of urban form differ
among Chinese coastal cities. Further evidence suggests that marine cooling is modulated
by prevailing wind conditions, local climate zones, shoreline geometry, and the diurnal
cycle, while ocean warming may weaken sea—land-breeze circulation [17-19]. Collectively,
these studies indicate that coastal thermal patterns reflect the combined influences of marine
processes and urban morphology rather than a simple, spatially uniform cooling gradient.
Nevertheless, most existing studies examine individual cities, cross-sectional conditions, or
specific circulation mechanisms, leaving the multi-epoch reorganization of daytime and
nighttime thermal conditions across a multi-city coastal region insufficiently understood.

Research has increasingly moved beyond mapping thermal conditions toward assess-
ing population exposure. Population-weighted and spatially explicit exposure assessments
integrate remotely sensed thermal metrics with human-settlement patterns, although their
results remain sensitive to spatial scale, exposure definitions, and spatial-linkage meth-
ods [20-22]. Evidence from China indicates that nighttime heat exposure has increased
more rapidly than daytime exposure in many cities [23], while regional assessments iden-
tify the Shanghai-Hangzhou Bay corridor as a major concentration of thermal hazard
and population exposure [24]. Urban land use may also exert a stronger influence on
nighttime than daytime warming and may alter the spatial distribution of heat-related mor-
bidity [25], underscoring the need to link urban thermal evidence with coordinated health
and climate action [26]. However, most existing studies quantify the exposure magnitude
or map its spatial distribution at individual time points; few track grid-level transitions
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across multiple epochs to distinguish persistent co-exposure from newly emerging or
reduced-LST states.

The associations between coastal thermal conditions and natural and built-environment
factors are often nonlinear, scale-dependent, and spatially heterogeneous [27-30]. Explain-
able machine learning methods have therefore been increasingly used to characterize
complex response patterns and interactions involving topography, ecological infrastructure,
development intensity, and urban form. Recent studies further emphasize the importance
of spatial lags and geographical variation in these relationships [31,32]. Nevertheless, con-
ventional random training-validation splits may place neighboring observations in both
subsets, allowing spatial dependence to inflate apparent predictive performance [33,34].
Spatial-block cross-validation is therefore needed to reduce spatial dependence between
training and validation samples and provide a more realistic assessment of regional pre-
dictive performance. Moreover, explanatory modeling typically focuses on cross-sectional
or individual thermal outcomes and is rarely integrated with multi-epoch exposure-state
transitions, leaving the relationships between these transitions and natural and built-
environment conditions insufficiently understood.

Taken together, previous studies have provided important evidence on coastal ther-
mal processes, population exposure, and the associated natural and built-environment
conditions. However, these three lines of inquiry remain weakly integrated, limiting a
process-based understanding of how day-night thermal reorganization reshapes pop-
ulation co-exposure across multiple observation epochs and how the resulting spatial
transitions relate to environmental context. Accordingly, this study examines Hangzhou,
Jiaxing, Shaoxing, Ningbo, Zhoushan, Taizhou, and Wenzhou—the seven coastal prefecture-
level cities of Zhejiang—using a harmonized 1 km grid for 2012, 2015, 2018, 2021, and 2024.
Specifically, the analysis investigates (1) the stagewise changes and spatial reorganization
of daytime LST, nighttime LST, and their day—night difference; (2) the redistribution of
the population-weighted surface overheating index (PSOI) and co-occurrence of relatively
high annual mean LST and high population (HH + HP), including persistent, emerging,
and reduced-LST transitions; and (3) the nonlinear and interactive associations of the four
LST and PSOI outcomes with natural and built-environment conditions under spatially
structured validation.

The principal contribution of this study lies not in any individual metric or modeling
technique, but in integrating three analytical components within a common regional frame-
work: multi-epoch comparison of daytime and nighttime thermal conditions and coastal
PSOI gradients, grid-based tracking of co-exposure transitions, and spatially validated
explainable modeling of outcome-specific environmental associations. This integration
moves beyond single-period hotspot mapping by distinguishing persistent co-exposure
cores, emerging co-exposure areas, and reduced-LST transitions across a multi-city coastal
region. The analysis reveals a stagewise, nighttime-dominated thermal reorganization,
a pronounced shift in population-weighted LST exceedance toward nighttime, and the
coexistence of persistent and emerging co-exposure areas. These findings provide a process-
oriented basis for differentiating persistent and emerging co-exposure areas for further
assessment and planning. The remainder of the paper is organized as follows: Section 2 de-
scribes the study area, data, and analytical methods; Section 3 presents the results; Section 4
discusses the principal findings and planning implications; and Section 5 summarizes the
conclusions, limitations, and future research.
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2. Materials and Methods
2.1. Research Framework

This study follows a progressive logic of thermal characterization, population-
weighted LST redistribution, co-exposure transition and explanatory modeling (Figure 1).
It connects changes in the physical thermal environment with their implications for estab-
lished urban settlements, their spatial evolution, and the natural and built-environment
conditions associated with those changes.
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Figure 1. Research design, data integration, and analytical workflow. Abbreviations: LST, land
surface temperature; SHAP, SHapley Additive exPlanations.

First, daytime LST, nighttime LST and the day-night LST difference characterize stage-
wise changes in annual mean surface temperature, day-night contrast and spatial coverage
across the seven-city coastal region. Second, daytime and nighttime LST exceedances are
combined with population distribution to construct PSOI, while coastal-distance groups
reveal the redistribution of population-weighted LST exceedance across the settlement
system. Third, relatively high annual mean LST and high-population conditions are cross-
classified, and adjacent-period transitions, endpoint transitions and five-epoch persistence
distinguish established co-exposure cores, emerging co-exposure areas and reduced-LST
areas. Fourth, region-wide CatBoost models and SHapley Additive exPlanations (SHAP)
importance, dependence and interaction analyses identify nonlinear predictive associations
between natural and built-environment factors and the LST and PSOI outcomes.

All analytical stages use a common 1 km spatial unit, fixed classification thresholds and
consistent processing rules to ensure comparability across epochs and indicators. Spatial-
pattern and state-transition analyses identify where coastal settlements remain exposed,
newly cross the co-exposure threshold or fall below the relative LST thresholds, whereas
explainable machine learning differentiates the associated natural and built-environment
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conditions. The five observational snapshots provide the temporal basis for comparing
these stagewise patterns.

2.2. Study Area

Zhejiang Province lies on China’s southeastern coast and forms the southern wing of
the Yangtze River Delta (Figure 2), one of the country’s most urbanized regions. In 2025,
the provincial annual mean temperature reached 19.3 °C and the average number of high-
temperature days was approximately 53, both markedly above climatological levels [6].
Zhejiang has approximately 6633 km of coastline, including about 1840 km of mainland
coastline. Its indented shores, bays and islands create strong land—sea transition conditions
around densely developed coastal human settlements [35].
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Figure 2. Regional context of Zhejiang’s coastal human-settlement system. (a) Zhejiang in the
national context; (b) Zhejiang in East China; and (c) the seven coastal study cities—Hangzhou, Jiaxing,
Shaoxing, Ningbo, Zhoushan, Taizhou and Wenzhou—within the provincial prefecture system.

The study covers the full administrative extents of Hangzhou, Jiaxing, Shaoxing,
Ningbo, Zhoushan, Taizhou and Wenzhou, including mountainous and sparsely populated
areas as well as built-up land. From north to south, they continuously cover Hangzhou Bay
and the Qiantang River estuary, the Ningbo-Shaoxing coast, the Zhoushan archipelago and
the southeastern Zhejiang coast, encompassing the province’s principal coastal concentra-
tions of residents, buildings, infrastructure, industry and built-up land. In 2025, the seven
cities had a combined permanent population of approximately 51.43 million and a gross
regional product of RMB 7.82 trillion, accounting for 76.8% and 82.7% of the provincial
totals, respectively [36]. This concentration makes the seven-city system an appropriate
regional laboratory for examining surface thermal patterns in rapidly urbanizing coastal
human settlements.

Across the seven cities, densely developed coastal plains and estuarine areas adjoin
inland mountains, river valleys and islands. This variation in terrain, coastal position and
settlement distribution provides a regional basis for comparing day—night thermal patterns
and their overlap with population. Examining the cities within a common framework
allows persistent and emerging co-exposure areas to be identified across contrasting natural
and built environments.
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2.3. Data Sources and Preprocessing
2.3.1. Land Surface Temperature Data

Annual daytime and nighttime LST rasters were downloaded from the China Annual
1 km Land Surface Temperature Dataset [37]. The dataset was derived from Moderate
Resolution Imaging Spectroradiometer (MODIS) MOD11A2 eight-day composites [38]
through monthly averaging followed by annual aggregation. Annual mean LST was
selected to compare year-round regional thermal patterns across observation years rather
than warm-season extremes. The parent 8-day product provides quality-control (QC)
flags, QC_Day and QC_Night for retrieval status, data quality, emissivity error, and LST
error [39]. Collection 6 MODIS LST has been evaluated against in situ measurements [40].
Five observation years (2012, 2015, 2018, 2021, and 2024) at three-year intervals supported
adjacent-period transition and five-epoch persistence analyses. Annual means represent
between-epoch differences, which may reflect interannual meteorological variability, rather
than annual trends, continuous warming, or acceleration. Fill and NoData values in the
annual rasters were excluded from the analysis. Digital numbers (DN) were converted
using the 0.02 K scale factor [39]:

LST (°C) = 0.02 x DN — 273.15 (1)

All LST rasters were harmonized to a common coordinate reference system, spatial
extent, and 1 km analytical grid, and daytime and nighttime values were extracted at
grid centroids. LST summaries used valid observations in each epoch. State summaries
used the 59,927-grid classification panel; spatial-extent model sensitivity analyses used a
separate complete-case sample (Table Al). LST represents surface radiometric temperature
and is not equivalent to near-surface air temperature or human thermal comfort [41]. A
supplementary analysis examined Terra observation times and compared the direction of
nighttime LST change in independently processed MOD11A2 and Aqua MYD11A2 series
(Table A2).

A QC-filtered MOD11A2 Collection 6.1 series was constructed for the five observation
years, retaining good-quality retrievals with estimated LST errors < 1 K [38,39]. Annual
means were calculated as equal-weight averages of monthly means, requiring valid ob-
servations in all twelve months without gap filling. Comparisons used grids with valid
annual values in both datasets (Table A3).

2.3.2. Population and Natural-Built-Environment Variables

Population data were obtained from the constrained WorldPop 2020 population-
count raster at an approximate resolution of 100 m and aggregated to the total population
within each 1 km grid [42,43]. The 2020 population surface was held fixed across all
five epochs. Co-exposure transitions therefore describe thermal changes over a common
population baseline. Population was used only to construct PSOI and co-exposure states
and was not included as an explanatory variable in the machine learning models. The 2025
population statistics were used only to describe the study-area context and did not enter the
grid-level analysis.

Natural and built-environment variables included elevation, normalized difference
vegetation index (NDVI), built-up fraction, water fraction, distance to the coast and distance
to the city center. Elevation was obtained from the Shuttle Radar Topography Mission
Global 1 arc-second (SRTMGL1) dataset, version 003 [44]; annual mean NDVI for 2020
from MODIS MOD13Q1 Collection 6.1 [45]; built-up and water fractions from European
Space Agency (ESA) WorldCover 2021 [46]; and coastline geometry from the Global Self-
consistent, Hierarchical, High-resolution Geography Database (GSHHG), version 2.3.7 [47].
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Only NDVI observations with SummaryQA = 0 were retained, and fill and invalid values
were excluded. Valid 16-day composites were averaged over 2020 and aggregated to the
1 km grid using area-weighted averaging. Elevation, NDVI and WorldCover 2021 land
cover were fixed across epochs; NDVI therefore represents spatial vegetation context. Built-
up and water data were converted to area fractions within each 1 km grid. These variables
characterize the regional settlement context.

Distance from each grid centroid to the nearest coastline represented the land-sea
positional gradient, while the distance to the city center was calculated as the great-circle
distance between each grid centroid and the geometric center of valid grids in the cor-
responding city. A compound variable, built-up fraction x low NDVI, was further con-
structed, where low NDVI was defined as 1 — NDVI, to represent the concurrence of a
higher development intensity and insufficient vegetation. All datasets were harmonized
to the 1 km grid and checked for coordinate reference, spatial extent, missing values, and
units, producing a grid-year panel dataset. Table 1 summarizes the data sources, spatial
resolutions, preprocessing procedures, and analytical roles.

Table 1. Data sources, spatial resolution and analytical uses.

Variable Source/Resolution Processing Analytical Role
China Annual 1 km LST Monfchl}./—to—annual .
Day/night LST Dataset [37] derived from aggregation; common 1 km Outcomes, relative LST
MOD11A2 grid; QC comparison thresholds
(Table A3)
2020 annual mean;
MODIS MOD13Q1 V061, SummaryQA = 0; . ..
NDVI 250 m, 16-day area-weighted aggregation to Vegetation condition
1 km; fixed across epochs
Elevation SRTMGL1 v003, ~30 m Aggregated to 1 km grids Topographic background
Built-up/water ESA WorldCover 2021 Class fraction per grid, fixed Land-cover composition
v200, 10 m across epochs

Population

WorldPop 2020 constrained =~ Summed to persons per 1 km PSOI, co-exposure states

count, ~100 m grid; fixed across epochs
Coastal distance GSHHG v2.3.7 shoreline Geodesic Cfentrmd—to—shore Coastal gradient, predictor
distance
City-center distance Geometrllc cenFer of valid Haversine distance Intra-urban positional
city grids control

Abbreviations: PSOI, population-weighted surface overheating index; NDVI, normalized difference
vegetation index; MODIS, Moderate Resolution Imaging Spectroradiometer; QC, quality control; ESA,
European Space Agency; GSHHG, Global Self-consistent, Hierarchical, High-resolution Geography
Database; SRTMGL1, Shuttle Radar Topography Mission Global 1 arc-second. SummaryQA denotes
the quality-assurance flag used to screen NDVI observations.

2.4. Analytical Methods
2.4.1. Thermal Metrics and Spatial Classes

To characterize the coastal thermal environment in terms of annual mean surface
temperature and day-night contrast, daytime LST, nighttime LST and their difference were
calculated separately. The day-night LST difference (DNTD) for grid i in observation epoch
t was defined as

DNTD;,¢ = LST gay,i,t — LSThighti,t 2)
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To compare landscape composition across the five epochs, daytime LST, nighttime
LST and DNTD were standardized separately using their pooled five-epoch samples:

Zit = (Xit — px)/0x 3)

Using fixed z-score boundaries of —1.5, —0.75, —0.25, 0.25, 0.75 and 1.5, each indicator
was divided into seven classes: strong low, moderate low, slight low, neutral, slight high,
moderate high and strong high. The same pooled mean, standard deviation and class
boundaries were applied to all epochs, making changes in class area directly comparable.

2.4.2. Relative LST Thresholds, PSOI, and Co-Exposure States

Relative LST thresholds were determined from the pooled annual means of all valid
grids across the five epochs. The primary analysis used the 90th percentiles (P90) of
daytime and nighttime LST, equal to 24.063 °C and 14.880 °C, respectively. These thresholds
identify relatively high annual mean surface temperatures, not heatwaves, hot nights, or
physiological heat stress. The corresponding exceedance magnitudes were defined as

Hday,i,i = max(LSTday,,-,t — 24063, 0) (4)

Hnight,i,t = maX(LSTnight,i,t — 14.880, 0) (5)

The population-weighted surface overheating index (PSOI) quantifies population-
weighted annual mean LST exceedance above these relative thresholds:

PSOI;,¢ = Pop; X (Hgay,i,t + Hnight,it) (6)

Here, Pop; denotes the population count in a 1 km grid and PSOI is expressed in
person-°C. A logio(PSOI+1) transformation was used for mapping to compress the long
right tail, whereas modeling retained PSOI in its original unit. PSOI combines relative LST
exceedance with population concentration to support regional thermal screening.

A grid was classified as relatively high LST (HH) when either annual mean daytime
or nighttime LST reached its corresponding pooled P90 threshold. A high population
(HP) was defined by the regional 75th percentile of the fixed population-grid distribution
(466.055 persons per grid). For grids with valid LST and population data, four mutually
exclusive states were identified: HH + HP (high LST and high population), HH only
(high LST only), HP only (high population only), and lower co-exposure. HH + HP was
further divided into daytime-only, nighttime-only and combined high-LST states using
unchanged thresholds. Grids lacking daytime LST, nighttime LST or population were
marked unavailable rather than assigned a co-exposure state (Table A4).

2.4.3. Thermal Reorganization and Coastal Redistribution of Settlement Exposure

The spatial distributions and class compositions of all indicators were first compared
across the five epochs. Grid-level net changes in daytime LST, nighttime LST, DNTD and
log19(PSOI+1) were calculated as 2024 minus 2012. At the city level, medians and means
represented central tendencies, while interquartile ranges and 5th-95th percentile ranges
described within-city heterogeneity.

To characterize exposure redistribution along the coastal-distance gradient, unique
grids were ranked by coastal distance and assigned to ten fixed equal-count groups (deciles;
distance ranges and medians in Table A5). Only Q1-Q8 were displayed; Q9-Q10 together
contributed less than 1% of regional PSOI in each epoch and were omitted only from the
visualization. Total PSOI, its daytime and nighttime components, and the nighttime share
of total PSOI were aggregated within each group.
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2.4.4. Co-Exposure State Transitions and Persistent Cores

Adjacent-period transition maps were constructed for 20122015, 2015-2018, 2018-2021
and 2021-2024, together with a row-normalized four-state transition matrix for 2012-2024.
The probability of transition from state a to state b was defined as

Py = Ngp/ZpNap )

where N, is the number of grids moving from state a to state b. For each interval, persistent
HH + HP denotes HH + HP at both endpoints; emerging HH + HP denotes entry into this
state; reduced LST denotes HH to non-HH, irrespective of population; and other transitions
comprise the remaining valid cases. Five-epoch persistent cores require HH + HP in all
five epochs. Missing endpoint LST or population is classified as unavailable; the transition
matrix uses only valid paired observations.

2.4.5. Region-Wide CatBoost Models

Within the integrated coastal settlement system, four CatBoost regression models were
fitted separately for daytime LST, nighttime LST, DNTD and raw PSOI [48]:

yi=f(Xi) +¢ (8)

Explanatory variables included elevation, distance to the coast, NDVI, water fraction,
built-up fraction, distance to the city center, and built-up fraction x low NDVI. Longitude,
latitude, normalized year and city dummy variables controlled for broad spatial position,
observation epoch and administrative-unit differences. The models characterize spatial
associations across the five epochs, with the year accounting for between-epoch differences.
Population was excluded to avoid a mechanical association with its role in constructing
PSOI, although built-up predictors may still capture population concentration. All models
used 900 iterations, a learning rate of 0.035, a tree depth of 6, an L2 regularization coefficient
of 5 and random seed 42; training was capped at 50,000 complete grid—epoch observations
to limit computational cost. Observations were sampled without replacement using fixed
random seeds, without equal quotas by city or year. In cross-validation, sampling was
restricted to the training pool; all held-out observations were retained for evaluation.

To assess population-weighting sensitivity, PSOI was compared with unweighted LST
exceedance, defined as the sum of positive daytime and nighttime deviations from their
respective P90 thresholds. Both models used matched observations, predictors, training
samples and spatial-block and leave-one-city-out splits (Table A6). Model fitting and vali-
dation were performed in Python 3.11.2 using CatBoost 1.2.10 and scikit-learn 1.9.0. SHAP
values and interaction values were computed using CatBoost’s built-in implementation.

2.4.6. SHAP Attribution, Interactions, and Candidate Change Points

SHAP was used to decompose the contribution of each explanatory variable to model
predictions [49]:
f(Xi) = @0 + Zpj )

Variable importance was measured by the mean absolute SHAP value, and only the
seven mechanism variables were interpreted in the main text. Dependence relationships
were plotted for the five leading mechanism variables of each outcome, and the strongest
interaction counterpart was identified from SHAP interaction values for 2500 observations.
Dependence curves were estimated over the 1st-99th percentile feature range using equal-
count bins and smoothing splines. Candidate change points were screened with weighted
continuous segmented-linear models and the Bayesian information criterion, and their

https:/ /doi.org/10.3390/buildings16204122


https://doi.org/10.3390/buildings16204122

Buildings 2026, 16, 4122

10 of 28

uncertainty was estimated using 80 bootstrap resamples of feature-SHAP pairs. The 95%
percentile intervals were conditional on the fitted model and selected number of change
points (Table A7). The retained T values locate changes in regional predictive associations
and identify response ranges for further investigation.

2.4.7. Spatial Validation, Sensitivity Analysis, and Quality Control

The primary generalization assessment used five-fold spatial-block cross-validation.
Non-overlapping 25 km x 25 km blocks were constructed from grid coordinates, and
observations for the same 1 km grid across all five epochs were assigned to the same fold
to reduce information leakage from spatial proximity and repeated observations [33,34].
The 25 km scale was a pragmatic compromise between spatial grouping beyond individual
1 km grids and retaining multiple blocks for five-fold validation. Model performance was
evaluated using the coefficient of determination (R?), root mean square error (RMSE) and
mean absolute error (MAE). Threshold sensitivity combined relative LST thresholds of
P85, P90 and P95 with population thresholds of P70, P75 and P80 to test the stability of
HH + HP and the principal transition classes. All cross-epoch analyses used a common grid,
fixed thresholds and fixed spatial covariates, with checks of coordinates, units, missing
values and grid-year uniqueness. Table A8 reports threshold definitions and 2024 HH + HP
occurrence. Table A9 uses all 59,927 study grids as a common denominator and separates
mutually exclusive verified endpoint transitions from grids with missing endpoint LST
or population. Spatial-extent sensitivity analyses compared the full complete-case sample
with built-up subsets using fixed regional thresholds and the same spatial-block validation
scheme (Table A1).

3. Results
3.1. Nighttime-Dominated Thermal Reorganization

Annual mean daytime and nighttime LST showed divergent patterns across the five
observation years. The combined share of grids in the moderate-high and strong-high
daytime classes was 11.0% in 2012, 29.1% in 2015, 25.8% in 2018, 32.7% in 2021 and 13.8%
in 2024 (Figure 3b). By contrast, the corresponding nighttime share was 2.3% in 2012 and
58.2% in 2024 (Figure 3b), and higher nighttime-LST areas were more spatially extensive
in 2024, forming connected settlement belts around Hangzhou Bay, the Ningbo-Shaoxing
coast and southeastern Zhejiang (Figure 3a). The five observation years therefore indicate a
nighttime-dominated reorganization of the coastal built environment rather than uniform
day-night change.

The day—night LST difference was markedly smaller in 2024 than in 2012. The com-
bined share of the strong-low and moderate-low classes was 9.2% in 2012 and 60.2% in
2024, whereas the corresponding share of the moderate-high and strong-high classes was
28.0% and 1.9%, respectively (Figure 3b). The largest between-epoch difference occurred
during 2021-2024 (Figure 3a,b), indicating pronounced late-period reorganization. The
supplementary Terra and Aqua series also showed higher nighttime LST in 2024 than in
2021 (Table A2). Among common valid grids with complete monthly coverage in both
years, the 2021-2024 nighttime LST difference was 0.68 °C in the main dataset and 0.48 °C
in the QC-filtered series, indicating a consistent direction of nighttime increase within
this subset but sensitivity of its magnitude to quality filtering (Table A3b). Meanwhile,
the share of grids with nonzero PSOI was 4.3% in 2012 and 29.3% in 2024 (Figure 3b),
with higher PSOI concentrated around Hangzhou Bay, Ningbo and the Wenzhou-Taizhou
coastal corridor in 2024 (Figure 3a). By 2024, this redistribution intersected established
urban settlements, and many grids previously classified as HP only were classified as areas
of high-LST-high-population co-occurrence (Figure 3a).
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Figure 3. Multi-epoch patterns of surface thermal conditions and LST-population co-exposure across
Zhejiang’s coastal human settlements. (a) Spatial distributions of daytime LST, nighttime LST, the
day-—night LST difference, PSOI, and co-exposure states; (b) indicator-wise landscape composition
across five observation years. Abbreviations: HH, relatively high LST; HP, high population; HH + HP,
co-occurrence of relatively high LST and high population.

3.2. Coastal Redistribution of Thermal Change and Nighttime Population-Weighted
LST Exceedance

Net-change maps show that nighttime LST was higher in 2024 than in 2012 across
most of the study area, whereas daytime differences were spatially mixed and the day-
night difference was lower across extensive areas (Figure 4a). Total PSOI was 10.0 million
person-°C in 2012, 41.1 million in 2015, reached its highest observed value of 52.2 million
in 2021, and was 37.7 million in 2024. Although the total was lower in 2024 than in 2021,
the nighttime share was 78.2% in 2024 compared with 3.5% in 2012, indicating a marked
difference in the day-night composition of PSOI between the endpoint years.
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PSOI was spatially concentrated but compositionally differentiated along the coastal
gradient. In 2024, Q1-Q4, extending to 19.34 km from the coast (Table A5), accounted for
84.2% of regional PSOI, and nighttime contributions within these groups ranged from
71.8% to 88.2% (Figure 4b). More inland groups had still higher nighttime fractions
(88.9-96.0% in Q6-Q8) but much lower absolute PSOL Hence, a high nighttime fraction does
not necessarily imply a large population-weighted LST exceedance; magnitude, day-night
composition and spatial coverage must be interpreted jointly.

City-level distributions further reveal heterogeneous reorganization (Figure 4c). All
cities showed positive median nighttime-LST differences between 2012 and 2024, with the
largest values in Shaoxing, Jiaxing and Hangzhou. Median daytime-LST differences were
negative in Wenzhou and positive in Ningbo and Zhoushan, while the day-night difference
was lower in 2024 than in 2012 in every city. PSOI differences were strongly right-skewed,
especially in Jiaxing, Shaoxing and Wenzhou, indicating that regional redistribution was
shaped by localized PSOI increases rather than uniform citywide change. The full city-by-
epoch statistics are provided in Table A10.
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Figure 4. Thermal reorganization and redistribution of population-weighted LST exceedance,
2012-2024. (a) Grid-level net changes; (b) PSOI magnitude and day-night composition across the
first eight fixed coastal-distance deciles (Q1-Q8; Table A5); (c) city-level distributions of grid change.

3.3. Persistence and Expansion of LST-Population Co-Exposure

The trajectories show non-monotonic changes in co-exposure extent. HH + HP grids
accounted for 3.4% of study grids in 2012, 11.8% in 2015, 10.3% in 2018, 15.0% in 2021 and
14.6% in 2024 (Figure 5a). Adjacent-period maps locate co-exposure expansion around
Hangzhou Bay, the Ningbo metropolitan area and the Wenzhou coast, while also revealing
localized transitions below the relative LST thresholds (Figure 5b).
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Figure 5. LST-population co-exposure transitions: (a) state trajectories; (b) adjacent-period transi-
tions; (c) five-epoch persistent cores and 2012-2024 emerging/reduced-LST transitions; (d) endpoint
transition matrix, with red outlines indicating HH + HP persistence and transitions from HP only to
HH + HP, and an orange outline indicating transitions from Lower to HH only; and (e) city shares
corresponding to (c). Donut centers sum persistent, emerging and reduced-LST shares.

The 2012-2024 transition matrix indicates strong endpoint persistence and a dominant
conversion pathway (Figure 5d). Among grids with valid endpoint LST and population
data, 93.0% of those classified as HH + HP in 2012 remained HH + HP in 2024, while 54.7%
of initially HP-only grids transitioned to HH + HP.

A total of 1872 grids remained HH + HP in all five epochs, representing 3.1% of
study grids and defining five-epoch persistent co-exposure cores (Figure 5c). Between
2012 and 2024, 6753 grids entered HH + HP (11.3% of study grids), while 175 shifted
from HH to non-HH (0.3%; Tables A4 and A9). Emerging shares were highest in Jiaxing,
followed by Shaoxing and Hangzhou, whereas five-epoch persistent shares were highest in
Wenzhou and Ningbo (Figure 5e). Distinguishing persistent from emerging co-exposure
areas provides a temporal basis for spatial screening and planning that a single-year hotspot
map cannot provide. Across all nine threshold combinations, emerging HH + HP remained
more extensive than endpoint-persistent HH + HP, although their absolute shares varied
(Tables A8 and A9).

Among the 6753 verified emerging HH + HP grids between 2012 and 2024, 85.9%
were nighttime-only, 9.3% exceeded both thresholds and 4.7% were daytime-only in 2024
(Table A4). All 1746 new HH + HP grids between 2021 and 2024 were nighttime-only,
whereas daytime-only states predominated among new entries in the earlier intervals.
Thus, the nighttime predominance is clearest in the endpoint comparison and the latest
interval, rather than across every interval.
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3.4. Spatially Validated Natural and Built-Environment Associations

Spatial-block validation produced median R? values of 0.840 for daytime LST, 0.830
for nighttime LST, 0.777 for the day-night difference and 0.419 for PSOI (Table 2). Thus, the
temperature models retained good within-region predictive performance after spatially
neighboring and repeated observations were separated between training and validation
sets, whereas PSOI was more difficult to predict. In the paired comparison, PSOI per-
formance was weak under city-holdout validation (median R? = 0.173), with substantial
overprediction in Zhoushan (Table A6). Random-holdout and city-holdout diagnostics for
the main models are reported in Table A11.

Table 2. Five-fold 25 km spatial-block cross-validation.

Outcome Folds Median R? (Range) = Median RMSE Median MAE Unit
Daytime LST 5 0.840 (0.812-0.868) 0.81 0.62 °C
Nighttime LST 5 0.830 (0.813-0.857) 0.54 0.42 °C
Day-night difference 5 0.777 (0.711-0.790) 0.92 0.71 °C
PSOI 5 0.419 (0.327-0.455) 3031.678 527.101 person-°C

Abbreviations: R2, coefficient of determination; RMSE, root mean square error; MAE, mean
absolute error.

The SHAP rankings differed markedly among outcomes (Figure 6). In the full regional
models, elevation dominated daytime LST (52.2%; mean |SHAP| = 0.91 °C), nighttime
LST (43.9%; 0.37 °C) and the day—night difference (32.3%; 0.46 °C). Daytime LST was
additionally associated with built-up x low NDVI and NDVI, whereas nighttime LST
showed a stronger contribution from coastal distance and NDVI. For PSO], the built-up x
low NDVI (39.4%) and built-up fraction (24.9%) together accounted for 64.3% of displayed
importance. Sensitivity analysis showed that elevation importance declined within built-up
areas, particularly for nighttime LST, suggesting that its regional dominance partly reflects
mountain—plain contrasts (Table Al). In the paired comparison, the combined held-out
SHAP share of built-up fraction and built-up x low NDVI decreased from 59.5% for PSOI
to 27.3% for unweighted LST exceedance (Table A6). Removing the constructed interaction
had little effect on thermal-model performance but altered the relative SHAP contributions
of built-up fraction and NDVI in the PSOI model (Table A12).

3.5. Regional Nonlinear Associations and Key Interactions

Full-region SHAP dependence curves revealed outcome-specific changes in pre-
dictive response (Figure 7). Daytime LST responses changed near 160 m elevation,
0.196 built-up x low NDVI, 0.667 NDVI, 0.141 water fraction and 27.4 km from the coast.
Nighttime LST showed elevation changes near 71 and 430 m and a coastal-distance change
near 51.0 km; NDVI and water-fraction changes occurred near 0.511 and 0.141, respectively,
but with opposing directions. The recurring water-fraction point highlights day-night
asymmetry rather than a universal cooling effect.

Exploratory PSOI responses changed near 0.268 built-up x low NDVI, 0.426 built-up
fraction, 0.141 water fraction and 25.1 km coastal distance. Candidate changes for the
day—night difference occurred near 237 m elevation, 0.667 NDVI, 0.141 water fraction,
0.196 built-up x low NDVI and 59.1 km coastal distance. Conditional 95% intervals for
the reported change points are provided in Table A7. These regional associations do not
establish causal thresholds, but provide reference ranges for local thermal assessment and
planning-oriented investigation.

https:/ /doi.org/10.3390/buildings16204122


https://doi.org/10.3390/buildings16204122

Buildings 2026, 16, 4122 15 of 28

(a)
uElevation 52.2% Elevation 0.91 R L High
-gtrl)ﬂ\t/;ll;ngy')‘/l 15.1% u Built x low NDVI jlll0.26 : ]
. 5% NDVI|m0.20 - K]
Water frac. 6.7% ' Water frac.| 0.12 - ;
Dist. to coast 6.3% i —af> E
«Builiup frac. 5 4% B m.g (}9I - 2
uDist. to center 2.8% D 0.0
. 070 Dist. to center[0.05 — L
00 04 08 2 B 0 i o
(b) Mean [SHAP| SHAP value
(0 ©C) .
uElevation 43.9% Elevation| High
:ggc\_/;olzo;s/t 22.0% I Dist. to coast 3
5% NDVI S
Water frac. 8.6% Water frac. ;
Dist. to center 5.4% Dist. to center! E
=Built x low NDVI 22% Built x low NDVI}[0.02 i
uBuilt-up frac. 1.3% Built-up frac.]0.01 L
00 02 04 -5 -0 05 00 05 o
© Mea?c\g;-lAP\
wBuilt x low NDVI 39.4% Built % low NDVI 0.54 High
mBuilt-up frac. 24.9% ilt- I ]
u Water frac. 9.5% o B“watu;: Ezz 3
Dist. to coast 9.2% Dist. to coast ;
Elevation 7.1% ! 2
Elevation| s
uDist. to cc:ncr 6.1% ‘ Dist. to center! E
aNDVI 3.8% NDVI L
. 0
0.00 025 050 6 v
(d) Mean [SHAP| SHAP value
. (10 person-°C) (10 person-°C) High
. El][e)‘(/al“;; 2'3/-3% Elevation 0.46 . W‘?m
[} 6% NDVI WD 3
= Water frac. 14.6% “ Water frac. e s i E
Built * low NDVI 11.0% Built x low NDVI S s
Dist. to coast 9.8% i 2
Dist. to coast - g s
#Built-up frac. 5.6% " Buili-up fac. . 8
mDist. to center 4.1% Dist. to center! et aemm e L
00 02 04 -1.0 -0.5 0.0 0.5 1.0 o

Mean [SHAP| SHAP value
0 ©C)

Figure 6. Global SHAP importance and effect direction for the four outcome models: (a) daytime LST;
(b) nighttime LST; (c) PSOI; and (d) day—night LST difference. Donut and bar charts show relative and
absolute mean |SHAP | values; beeswarm plots show effect direction, with color indicating feature
value. PSOI is expressed in 10% person-°C. SHAP values indicate predictive associations rather than
causal effects. Abbreviations: Dist., distance; frac., fraction.
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Figure 7. Nonlinear SHAP dependence, retained candidate change points and primary interactions
for the four outcomes. Curves show smoothed dependence for the five leading predictors; point color
denotes the strongest interacting feature. Red dashed lines mark retained change points.
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4. Discussion
4.1. Nighttime Thermal Reorganization in Coastal Built Environments

The principal finding is a stagewise divergence between annual mean daytime and
nighttime LST, with the observed reorganization dominated by higher nighttime LST. City-
level annual mean nighttime LST was 1.86-2.98 °C higher in 2024 than in 2012 (Table A10).
Huo and Sun [50] likewise identified diurnal asymmetry in Yunnan during 2001-2020,
reporting a nighttime LST trend of 0.43 °C per decade compared with —0.08 °C per decade
during the day. Despite differences in observation periods, climatic settings and temporal
sampling, both studies identify contrasting daytime and nighttime changes. Here, the
smaller day—night LST difference in 2024 captures a shift in annual surface-temperature
contrast; its magnitude represents a between-epoch difference rather than an annual trend.
Hurduc et al. [51] also demonstrated that surface urban heat-island estimates depend on
the season, time of day, and the rural reference, emphasizing the need to distinguish annual
LST differences from event-scale or urban-rural thermal metrics.

The non-monotonic coastal-distance responses also differ from a simple coast-to-
inland cooling gradient. Hong et al. [14] estimated an average marine influence range
of 7.94 km in Xiamen using Landsat-derived LST and 500 m grids. By comparison, our
regional SHAP curves identified candidate coastal-distance changes near 27.4 km for
daytime LST and 51.0 km for nighttime LST. These values describe changes in conditional
predictive associations, not marine cooling limits or sea-breeze penetration distances. The
broader spatial support, annual averaging and inclusion of mountain—plain transitions
across seven cities help explain the larger response distances. The regional patterns thus
highlight the joint relevance of the coastal position, terrain and land-cover configuration
for thermal assessment.

4.2. Nighttime PSOI Redistribution and Planning Implications

Thermal reorganization altered both PSOI magnitude and its day—night composition.
Total PSOI was highest in 2021 and lower in 2024, whereas nighttime remained the dom-
inant contribution in 2024. The lower 2024 total did not restore the earlier composition;
instead, the nighttime component of annual mean LST exceedance remained dominant.
For coastal human settlements, this distinction is important because the daytime hotspot
extent or mean temperature alone cannot represent the spatial overlap between relative
LST exceedance and population concentrations [52-54].

Coastal-distance groups further separate PSOI magnitude from composition. Nearer
groups contained most of the total PSOI, whereas several inland groups had very high
nighttime fractions but small totals. Built-environment screening should therefore com-
bine magnitude, nighttime share and spatial coverage rather than prioritize areas from
a single indicator. Because one population surface was held fixed, PSOI changes mainly
represent thermal redistribution over an established settlement pattern. PSOI complements
assessments of physiologically relevant heat stress by locating surface-temperature and
population overlap, which may have different spatial patterns and drivers [55].

4.3. Persistent Co-Exposure Cores and Emerging Planning Priorities

State transitions show that co-exposure expansion combined the persistence of estab-
lished settlement cores with relative annual mean LST threshold crossing in areas exceeding
the regional population threshold. The conversion of HP-only grids to HH + HP provides
stronger process evidence than a single-year hotspot map: the population surface was held
fixed while the annual mean LST classification changed. These transitions identify changes
in thermal conditions within established population concentrations and help prioritize
local assessment.
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Persistent and emerging grids identify different priorities for further thermal assess-
ment. Persistent cores warrant assessment of existing settlement environments, whereas
emerging co-exposure areas warrant preventive assessment where the relative LST thresh-
old has newly been exceeded. Co-exposure expansion around Hangzhou Bay and the
coexistence of persistence and emergence in Ningbo and Wenzhou support differentiated
regional priorities rather than uniform citywide targets. Linking these spatial priorities
with meteorological conditions, vulnerability and adaptive capacity can support subse-
quent health-oriented assessment [56]. Literature-supported options for these priority areas
include external shading and ventilation optimization [57], and reflective or vegetated
roofs [58]. These literature-supported measures can be evaluated in the identified priority
areas according to local climate and building conditions.

4.4. Built-Environment Associations and Climate-Adaptive Planning Implications

The regional models reveal distinct predictive structures for thermal conditions and
population-weighted LST exceedance. Elevation dominated the full-region temperature
models, while its reduced importance in built-up subsets highlights the influence of spatial
context (Table Al). The built-up x low NDVI and built-up fraction remained the leading
PSOI predictors, but their importance was sensitive to population weighting (Table A6).
Mo et al. [59] found stronger summer associations between building-land morphology
and LST at the block level than at the grid level in Ziyang, with weaker associations in
winter. Their season-specific 2D /3D analysis describes the local spatial configuration,
complementing the broader context represented by our annual 1 km analysis. Differences
in spatial aggregation, predictor definition, and the inclusion of mountainous land therefore
help explain why regional elevation dominance can coexist with strong urban-morphology
associations in local studies. The present results place local urban-morphology relationships
within this wider regional environmental context.

Vegetation associations likewise require attention to the temporal definition and
method. Cheng et al. [60] estimated stronger daytime than nighttime cooling from vege-
tation greening across China during 2000-2018 (—0.36 versus —0.07 K), using a space-for-
time approach. Our distinct day—night NDVI responses likewise indicate that vegetation—
temperature associations vary over the diurnal cycle. The fixed NDVI layer describes
the spatial vegetation context, so the results complement, rather than quantify, the effects
of greening over time. Together, the spatially validated temperature models and their
nonlinear response ranges help identify environmental conditions for local investigation.
In Zhoushan, widespread overprediction of predominantly zero PSOI values produced an
extreme negative R?; the unweighted model also performed poorly. These results support
using the PSOI model to explore associations within the study region, rather than to pre-
dict conditions in cities not represented in training. This regional evidence can guide the
selection of priority areas for finer-scale assessment and locally appropriate interventions.

5. Conclusions

This study shows that differences among the five observation years across Zhejiang’s
coastal human settlements were characterized primarily by nighttime-dominated thermal
reorganization rather than uniform day—night change. Higher nighttime-LST classes oc-
cupied a larger spatial share in later observation years, the day—night LST difference was
smaller in 2024 than in 2012, and the nighttime contribution to population-weighted LST ex-
ceedance was markedly larger in 2024. Co-exposure patterns combined persistent HH + HP
grid cores with the transition of baseline high-population grids into relatively high annual
mean LST states, identifying persistent and emerging areas for further thermal assessment.
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The findings support spatial screening for climate-adaptive planning in coastal built
environments. Persistent and emerging co-exposure areas provide priorities for local
assessment of retrofit and preventive options, respectively. Spatially validated models
identify the environmental context of LST and PSOI patterns, providing a basis for targeted
warm-season and site-specific assessment.

This study has several limitations. The five annual LST snapshots and fixed popula-
tion, land-cover and NDVI layers do not resolve annual trends or changes in settlement and
vegetation. Annual averaging also prevents the separation of summer nighttime warming
from winter and transitional-season contributions. Meteorological variability and Terra
observation-time shifts introduce uncertainty in temporal interpretation, while preprocess-
ing differences limit quantitative comparison between the main annual LST dataset and the
independently processed Terra and Aqua LST series reported in Appendix A (Table A2).
Without meteorological controls, the models characterize spatial associations rather than
causes of thermal change. The 1 km annual-mean framework represents regional surface-
temperature and population overlap, not building-scale thermal processes or event-based
and physiological heat exposure. Future research should integrate warm-season and upper-
tail temperatures, time-varying settlement data, and meteorological and health indicators.
Neighborhood simulations and building-level measurements could then evaluate locally
appropriate interventions in the priority areas identified here.
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Abbreviations

The following abbreviations are used in this manuscript:

DN Digital number

DNTD Day—night land surface temperature difference

ESA European Space Agency

GAUL Global Administrative Unit Layers

GSHHG Global Self-consistent, Hierarchical, High-resolution Geography
Database

HH Relatively high land surface temperature

HP High population

HH + HP Relatively high LST and high population co-occurrence
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LOCO Leave-one-city-out validation

LST Land surface temperature

MAE Mean absolute error

MODIS Moderate Resolution Imaging Spectroradiometer

NDVI Normalized difference vegetation index

PSOI Population-weighted surface overheating index

QC Quality control

R? Coeftficient of determination

RMSE Root mean square error

SHAP SHapley Additive exPlanations

SRTMGL1 Shuttle Radar Topography Mission Global 1 arc-second

P70/P75/P80/P85/P90/P95 70th/75th/80th/85th/90th/95th percentile

Appendix A. Supplementary Analyses and City-Level Statistics

Table Al. Spatial-extent sensitivity under fixed regional thresholds.

(a) Sample coverage and thermal differences
. Population Mean o A Night LST Night PSOI
Scope Grids M) Coverage (%)  Elevation (m) °PWLSTCO °0) 2024 (%)
Full complete-case 57,844 100.0 230.5 +0.26 +2.51 78.0
Built-up >10% 15,763 82.6 24.8 +0.37 +2.61 77.3
Built-up >20% 10,968 74.2 171 +0.37 +2.67 76.8
Built-up >30% 8168 66.7 13.9 +0.34 +2.73 76.3
Population > 300 18,954 914 41.0 +0.33 +2.57 77.8

(b) Spatial validation and elevation importance for the full and built-up >20% samples

Built-Up Elevation SHAP

Outcome Full R2 Built-Up R? Full Elevation SHAP (%)/Rank (%)/Rank
Daytime LST 0.842 0.668 52.1/1 25.5/1
Nighttime LST 0.829 0.788 45.2/1 10.2/6
E?e‘rre‘;gc};t 0.772 0.611 32.6/1 208/1
PSOI 0.378 0.402 8.7/4 8.8/6

Notes: All subsets use the 57,844-grid complete-case baseline and fixed regional thresholds; built-up
subsets additionally require population > 0, and A denotes 2024-2012. Panel (b) reports median R?
from five shared 25 km folds and fold-weighted held-out SHAP shares normalized across seven
environmental predictors; models were refitted.

Table A2. Supplementary MODIS processing: regional mean observation times and nighttime LST.

Year Terra Daytime Terra Aqua Daytime Aqua Terra Nighttime  Aqua Nighttime
(h) Nighttime (h) (h) Nighttime (h) LST (°C) LST (°C)

2012 10.84 2217 13.21 1.89 11.87 11.43

2015 10.88 22.20 13.23 1.89 12.71 11.73

2018 10.88 22.17 13.24 191 13.58 12.66

2021 10.81 22.14 13.25 1.93 12.72 11.89

2024 10.18 21.46 13.83 2.55 14.02 12.87

Notes: Local solar times and annual LST were independently derived from nonzero
MOD11A2/MYD11A2 values without additional QC-bit filtering, using 0.02 x DN — 273.15 and the
seven-city GAUL 2015 boundary at 1 km. These supplementary estimates are not directly comparable
with the main annual-raster statistics in Table A10. Abbreviations: DN, digital number; GAUL, Global
Administrative Unit Layers.
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Table A3. QC-filtered MOD11A2 comparison with the main annual LST dataset.

(a) Annual daytime and nighttime LST on matched valid grids

Year Period Grids Main Mean QC Mean Bias RMSE ,
(n) Q) ()] (@) O
2012 Day 13,217 20.10 20.47 0.37 0.67 0.931
2012 Night 25,355 11.75 12.09 0.34 0.53 0.913
2015 Day 26,223 21.28 21.27 —0.02 0.58 0.944
2015 Night 12,525 13.23 13.22 —0.01 0.45 0.851
2018 Day 25,214 21.11 21.50 0.39 0.70 0.952
2018 Night 35,584 12.96 13.45 0.49 0.67 0.896
2021 Day 24,905 21.59 21.86 0.27 0.52 0.965
2021 Night 27,519 13.64 13.76 0.12 0.42 0.930
2024 Day 11,628 20.16 20.42 0.27 0.59 0.957
2024 Night 27,280 14.28 14.31 0.03 0.44 0.900
(b) Between-epoch LST differences on grids valid at both endpoints
Interval Period Grids (n) Main ALST (°C) QC ALST (°Q)
2012-2024 Day 4027 0.39 0.35
2012-2024 Night 14,991 2.77 2.48
2021-2024 Day 7379 —-1.27 —-1.29
2021-2024 Night 16,351 0.68 0.48
Notes: QC retained observations with QC_Day/QC_Night bits 0-1, 2-3 and 6-7 equal to 00; monthly
means used composites assigned by their start dates, and annual means required all twelve months
without gap filling. All comparisons use matched valid grids; n varies by year, period and interval,
bias = QC — main, r denotes Pearson correlation, and ALST = end year — start year.
Table A4. Daytime and nighttime composition of HH + HP and verified new entries.
(a) HH + HP composition in each observation year, n (%)
Year Daytime Only Nighttime Only Both Total
2012 1968 (96.1) 39 (1.9) 41 (2.0) 2048
2015 5542 (78.5) 292 (4.1) 1222 (17.3) 7056
2018 4595 (74.6) 320 (5.2) 1244 (20.2) 6159
2021 5007 (55.6) 905 (10.0) 3098 (34.4) 9010
2024 480 (5.5) 6508 (74.4) 1765 (20.2) 8753
(b) Newly classified HH + HP grids with valid paired LST at both interval endpoints,
n (%)

Interval Daytime Only Nighttime Only Both Total
2012-2024 320 (4.7) 5804 (85.9) 629 (9.3) 6753
2012-2015 4235 (84.3) 270 (5.4) 517 (10.3) 5022
2015-2018 342 (68.3) 139 (27.7) 20 (4.0) 501
2018-2021 2195 (68.6) 585 (18.3) 421 (13.2) 3201
2021-2024 0 (0.0 1746 (100.0) 0 (0.0 1746

Notes: Categories indicate daytime and/or nighttime P90 exceedance, with percentages based on
row totals. Panel (b) classifies verified entries by end-year state and excludes missing endpoint LST
(102 grids in 2012-2024 and 85 in 2018-2021); overlapping intervals must not be summed.
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Table A5. Observed distances to the coast within the fixed regional deciles.

Group Grid Count Minimum (km) Median (km) Maximum (km)
Q1 5993 <0.001 1.075 2.550
Q2 5993 2.550 4.438 6.678
Q3 5992 6.679 9.446 12.460
Q4 5993 12.462 15.712 19.339
Q5 5993 19.341 23.312 27.603
Q6 5992 27.603 32.208 37.106
Q7 5993 37.109 42.167 47.912
Q8 5992 47918 55.033 64.133
Q9 5993 64.134 78.047 103.990
Q10 5993 103.998 131.845 192.887
Table A6. Paired comparison of PSOI and unweighted LST exceedance.
(a) Predictive performance
Validation Outcome Median R? (Range)
Spatial-block PSOI 0.405 (0.313 to 0.455)
Spatial-block Unweighted exceedance 0.638 (0.567 to 0.710)
Leave-one-city-out PSOI 0.173 (—174.217 t0 0.347)

Leave-one-city-out

Unweighted exceedance

0.346 (—4.390 to 0.476)

(b) Held-out environmental SHAP shares under spatial-block validation

Predictor PSOI SHAP (%) Unweighted SHAP (%)
Built-up fraction 30.6 14.1
Built-up x low NDVI 28.9 13.2
Elevation 7.9 27.7
NDVI 7.3 25.6
Distance to coast 11.0 10.4
Water fraction 7.2 3.5
Distance to city center 7.1 5.5
Two built-up predictors combined 59.5 27.3
(c) City-specific leave-one-city-out R?
Held-Out City PSOI R? Unweighted Exceedance R?
Hangzhou 0.171 0.284
Jiaxing —0.480 —1.596
Ningbo 0.196 0.457
Shaoxing 0.173 0.476
Taizhou 0.347 0.425
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(c) City-specific leave-one-city-out R?

Held-Out City PSOI R? Unweighted Exceedance R?
Wenzhou 0.316 0.346
Zhoushan —174.217 —4.390
Notes (a,b): PSOI and unweighted exceedance were refitted using matched data and validation splits,
so performance differs from the main models. SHAP shares are fold-size-weighted and normalized
across seven environmental predictors, excluding controls; city-holdout RZis negative for Jiaxing and
Zhoushan in both models. Notes (c): Each city was excluded from training and used only for testing.
In Zhoushan, 93.1% of observed PSOI values were zero; observed and predicted means were 27.05
and 2135.34 person-°C, while RMSE (4112.19 person-°C) greatly exceeded the observed standard
deviation (310.66 person-°C), yielding the extreme negative R?.
Table A7. Conditional uncertainty intervals for the change points reported in Section 3.5.
Outcome Predictor Estimate 95% Interval
Daytime LST Elevation (m) 160.0 132.8-171.7
Daytime LST Built-up x low NDVI 0.196 0.175-0.219
Daytime LST NDVI 0.667 0.666-0.689
Daytime LST Water fraction 0.141 0.138-0.228
Daytime LST Distance to coast (km) 27.4 25.4-29.8
Nighttime LST Elevation (m) 71.0 40.5-75.8
Nighttime LST Elevation (m) 429.9 396.2-463.3
Nighttime LST Distance to coast (km) 51.0 47.4-55.2
Nighttime LST NDVI 0.511 0.486-0.532
Nighttime LST Water fraction 0.141 0.138-0.143
PSOI Built-up x low NDVI 0.268 0.246-0.297
PSOI Built-up fraction 0.426 0.403-0.458
PSOI Water fraction 0.141 0.138-0.180
PSOI Distance to coast (km) 25.1 24.4-27.1
Day-night difference Elevation (m) 236.9 215.7-263.7
Day—night difference NDVI 0.667 0.666-0.688
Day-night difference Water fraction 0.141 0.138-0.223
Day-night difference Built-up x low NDVI 0.196 0.178-0.220
Day—night difference Distance to coast (km) 59.1 56.5-60.8

Notes: Intervals are conditional on the fitted model and selected number of change points.
They exclude model-refitting and spatial-resampling uncertainty and are not transferable

planning thresholds.

Table A8. Threshold definitions and 2024 HH + HP occurrence. LST thresholds are rounded for

display; calculations used full precision.

Daytime

Nighttime

Population

Th:ilil:ol d I;,‘;E:l;%i)g Threshold Threshold Threshold 2(5411, I({‘,/I—g * Study Grids
O O (Persons/Grid) ?
P85 P70 23.50 14.59 352.08 214 59,927
P85 P75 23.50 14.59 466.055 18.7 59,927
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LIST o Population  pBIOC meheld  Thesnod  RBEHE g,
O (@) (Persons/Grid)
P85 P80 23.50 14.59 630.643 15.7 59,927
P90 P70 24.06 14.88 352.08 16.4 59,927
P90 P75 24.06 14.88 466.055 14.6 59,927
P90 P80 24.06 14.88 630.643 12.6 59,927
P95 P70 24.94 15.35 352.08 9.9 59,927
P95 P75 24.94 15.35 466.055 9.1 59,927
P95 P80 24.94 15.35 630.643 8.2 59,927

Abbreviations: P70, 70th percentile; P75, 75th percentile; P80, 80th percentile; P85, 85th percentile;
P90, 90th percentile; P95, 95th percentile.

Table A9. Verified 2012-2024 endpoint transition composition under alternative thresholds (% of all

study grids).
LST Threshold I;(;E::;t;f; I;;Il;s ift;ﬁ,t f{ngiggg Reduced-LST Tragzlilt?:)ns Unavailable
P85 P70 5.64 15.51 0.22 75.15 3.48
P85 P75 541 13.03 0.22 77.86 3.48
P85 P80 5.08 10.43 0.22 80.79 3.48
P90 P70 3.26 12.90 0.29 80.07 3.48
P90 P75 3.17 11.27 0.29 81.80 3.48
P90 P80 3.03 9.44 0.29 83.76 3.48
P95 P70 1.12 8.62 0.20 86.59 3.48
P95 P75 1.10 7.90 0.20 87.32 3.48
P95 P80 1.07 7.00 0.20 88.26 3.48
Notes: Persistent HH + HP refers to both endpoints, not all five epochs; emerging denotes entry by
2024, Reduced-LST denotes HH to non-HH regardless of population, and Other covers remaining
valid transitions. Unavailable comprises 2083 grids lacking endpoint LST or population; mutually
exclusive categories may total 100.01% after rounding.
Table A10. Surface thermal conditions, PSOI, and HH + HP grid shares across seven cities and five
observation years. LST means are calculated from the main annual-raster dataset sampled to valid
study grids.
(a) Mean daytime LST (°C)
City 2012 2015 2018 2021 2024 2012-2024 Change
Hangzhou 19.56 20.86 20.44 21.35 19.74 +0.18
Jiaxing 21.60 23.15 22.93 23.75 21.88 +0.29
Ningbo 20.77 22.06 21.95 22.43 21.53 +0.76
Shaoxing 20.58 22.06 21.61 22.27 21.13 +0.55
Taizhou 20.39 21.89 21.93 21.92 20.86 +0.47
Wenzhou 21.42 22.09 22.25 21.99 21.01 —-0.41
Zhoushan 19.80 21.12 20.92 21.22 20.49 +0.69
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(b) Mean nighttime LST (°C)

City 2012 2015 2018 2021 2024 2012-2024 Change
Hangzhou 11.70 12.54 12.97 13.83 14.41 +2.72
Jiaxing 11.78 12.83 13.21 13.78 14.70 +2.91
Ningbo 11.73 12.85 13.08 13.43 14.19 +2.47
Shaoxing 11.53 13.08 13.19 13.59 14.52 +2.98
Taizhou 11.92 12.86 13.10 13.62 14.27 +2.35
Wenzhou 12.52 13.45 13.26 13.77 14.43 +1.91
Zhoushan 12.59 13.44 13.54 14.08 14.45 +1.86
(c) Mean day-night LST difference (°C)
City 2012 2015 2018 2021 2024 2012-2024 Change
Hangzhou 7.87 8.32 7.47 7.51 5.33 —2.54
Jiaxing 9.81 10.32 9.72 9.97 7.19 —2.62
Ningbo 9.04 9.21 8.87 9.00 7.33 -1.71
Shaoxing 9.04 8.99 8.42 8.68 6.61 —2.43
Taizhou 8.47 9.03 8.83 8.31 6.59 —1.88
Wenzhou 8.90 8.64 8.99 8.22 6.58 —2.32
Zhoushan 7.22 7.68 7.39 7.14 6.04 —1.18
(d) Mean PSOI [logyg(person-°C + 1)]
City 2012 2015 2018 2021 2024 2012-2024 Change
Hangzhou 0.045 0.263 0.219 0.454 0.609 +0.564
Jiaxing 0.024 0.370 0.307 0.807 0.806 +0.782
Ningbo 0.196 0.584 0.521 0.822 0.572 +0.376
Shaoxing 0.068 0.392 0.278 0.546 0.719 +0.651
Taizhou 0.113 0.514 0.505 0.557 0.445 +0.332
Wenzhou 0.263 0.595 0.545 0.637 0914 +0.651
Zhoushan 0.008 0.070 0.059 0.146 0.224 +0.215
(e) Share of HH + HP grids (%)
City 2012 2015 2018 2021 2024 2012-2024 Change
Hangzhou 1.0 7.2 5.6 10.9 12.4 +11.4
Jiaxing 0.9 12.0 9.8 23.6 23.3 +22.5
Ningbo 5.9 16.6 15.1 21.4 15.2 +9.2
Shaoxing 2.2 11.2 8.2 14.4 16.3 +14.1
Taizhou 33 13.8 13.8 14.7 10.7 +7.4
Wenzhou 7.2 14.6 13.1 15.3 17.6 +10.4
Zhoushan 0.1 1.5 1.2 2.0 4.1 +4.0
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Table A11. Secondary predictive-performance checks for the four CatBoost outcome models.

Outcome Validation Scheme R? RMSE MAE Error Unit
Daytime LST Random 75/25 holdout 0.88 0.70 0.54 °C
Daytime LST Median LOCO 0.647 1.12 0.89 °C

Nighttime LST Random 75/25 holdout 0.889 0.46 0.36 °C
Nighttime LST Median LOCO 0.698 0.72 0.57 °C
PSOI Random 75/25 holdout 0.508 2893.7 509.425 person-°C
PSOI Median LOCO 0.181 3710.27 915.366 person-°C
Day-night LST difference  Random 75/25 holdout 0.811 0.80 0.62 °C
Day—night LST difference Median LOCO 0.567 1.29 0.99 °C

Abbreviations: LOCO, leave-one-city-out validation.

Table A12. Sensitivity to removal of the built-up fraction x (1 — NDVI) interaction.

(a) Median spatial-block R?

Outcome With Interaction Without Interaction
Daytime LST 0.840 0.838
Nighttime LST 0.830 0.830
Day—night LST difference 0.777 0.774
PSOI 0.419 0.391
(b) Held-out SHAP contributions and ranks
Outcom Predictor SHAP (%) SHAP (%) Rank Rank
Hicome With Without With Without
Daytime LST Built-up fraction 6.9 19.0 5 2
Daytime LST NDVI 12.3 11.3 2 3
Nighttime LST Built-up fraction 1.5 3.0 6 6
Nighttime LST NDVI 16.9 16.2 3 3
Day—mght LST Built-up fraction 6.7 14.7 5 3
difference
Day-night LST NDVI 23.8 22,0 2 2
difference
PSOI Built-up fraction 38.4 54.9 1 1
PSOI NDVI 9.1 7.7 6 4
Notes: Both specifications used identical training and held-out samples, five 25 km spatial folds,
hyperparameters and SHAP samples. SHAP shares and ranks are calculated among the six shared
environmental predictors, excluding the interaction and controls from normalization; With/Without
denotes inclusion/removal of the constructed interaction.
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