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Abstract
Landscape–cooling relationships identified from individual thermal observations are often interpreted as
planning evidence, yet their consistency across observations and cooling dimensions remains unclear.
Rather than identifying influential factors within individual observations, this study evaluates how
consistently landscape–cooling associations recur across heterogeneous observations and cooling
dimensions. Using 126 urban green spaces (UGS) in the Beijing–Tianjin–Hebei region, we integrated four
ECOSTRESS observations with landscape and urban variables. A Gaussian surface model quantified
cooling intensity, distance, and efficiency, while random forest, SHAP, and partial dependence analyses
evaluated their recurrence, nonlinearity, and conditionality. Cooling magnitude and heterogeneity varied
substantially across observations, with the lowest values at 00:31 and the highest at 10:50 across all
three cooling dimensions. Green-space area showed the most recurring and predominantly positive
association, whereas vegetation condition, spatial cohesion, and morphological and contextual factors
were more observation- or dimension dependent. Even recurring associations were nonlinear and
conditional; area showed diminishing marginal gains around 20 ha in several models, while vegetation
responses varied across structural and contextual combinations. These findings show that cross-
observation consistency is a matter of degree and support distinguishing recurring from context-
dependent evidence for differentiated UGS planning.

1 Introduction
Urban warming has become an increasingly important challenge for climate-resilient urban development
as climate change and continued urbanization intensify thermal stress in cities [1]. Persistent urban heat
can increase human exposure to thermal stress and associated health risks, particularly for populations
with limited physiological or adaptive capacity [2, 3]. Urban green spaces (UGS) provide an important
nature-based response by modifying surface energy exchange through vegetation shading and
evapotranspiration [4]. Their capacity to mitigate local heat has therefore become an important
consideration in urban climate adaptation and landscape planning [5]. However, the cooling performance
observed for a green space is not necessarily a fixed property. It may vary with thermal background
conditions and the timing of observation, raising an important question for planning: how robust is the
cooling-related evidence derived from any single thermal observation?

Previous studies show substantial temporal and environmental variation in UGS cooling. Cooling
intensity, distance, and efficiency vary with seasonal radiation, vegetation activity, and surrounding
thermal conditions [6], while vegetation-related cooling also depends on background temperature and
humidity [7]. Urban form–temperature relationships can differ between daytime and nighttime
observations [8], and ECOSTRESS-based studies likewise report variation in park cooling among
observation times [9]. Thus, individual thermal scenes should not be treated as fixed representations of
cooling performance. Cooling performance also varies with green-space characteristics and surrounding
urban context. Green-space size is widely reported as important, but its cooling relationship is often
nonlinear and scale-dependent [10, 11]. Spatial configuration also matters, although the direction and
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strength of individual landscape-metric relationships vary among studies [12], with area, vegetation
condition, shape, and aggregation contributing differently [13]. Surrounding building density, floor-area
ratio, and other urban-form characteristics can further affect cooling magnitude and propagation [14],
while the effects associated with UGS characteristics may vary with urban context [15]. Together, these
findings suggest that landscape–cooling relationships are unlikely to remain uniform across
observational, structural, and contextual settings.

Machine-learning approaches increasingly characterize nonlinear and multivariable relationships
between green-space or urban morphology and thermal outcomes [16, 17]. Interpretable methods further
reveal the direction, nonlinearity, and conditionality of individual relationships: RF–SHAP analyses show
that variable contributions can depend on other urban and meteorological factors [18]. Despite these
methodological advances, most existing studies still identify influential landscape attributes within
particular observation conditions, cities, seasons, or cooling metrics. Consequently, considerably less is
known about whether the resulting landscape–cooling relationships recur when cooling is evaluated
across heterogeneous observations and multiple cooling dimensions. Moreover, even comparatively
recurring associations may not be uniformly expressed: their magnitude may be nonlinear, and their
contribution may depend on other aspects of landscape structure or surrounding urban context. Thus,
the key issue is not simply which landscape attributes are associated with UGS cooling, but how
consistently these associations are expressed across observations and cooling dimensions, and under
what conditions they change.

Against this background, taking the Beijing–Tianjin–Hebei (BTH) urban agglomeration as the study area,
this study shifts the analytical focus from identifying influential factors under individual observations to
evaluating the consistency and conditionality of multidimensional landscape–cooling relationships
across multiple ECOSTRESS observations. Specifically, the study addresses three related questions: (1)
How does multidimensional UGS cooling performance, in terms of cooling intensity, cooling distance,
and cooling efficiency, vary across ECOSTRESS observations? (2) Which landscape–cooling
associations remain relatively consistent across observations and cooling dimensions, and which vary
with observation conditions or the dimension of cooling being evaluated? (3) How do nonlinear
responses and conditional relationships shape the associations between key landscape attributes and
UGS cooling performance, and what do these patterns imply for context-sensitive green-space planning?

2 Study area and dataset

2.1 Study area
This study focuses on the Beijing–Tianjin–Hebei (BTH) urban agglomeration (Fig. 1), a rapidly urbanizing
region experiencing substantial summer heat stress. Between 2000 and 2020, the region experienced, on
average, more than ten heat-wave days per year, with the duration of high-temperature events increasing
by approximately 30% compared with the early 2000s [19]. The four representative cities included in this
study—Beijing, Tianjin, Shijiazhuang, and Baoding—differ in their urban and geographical settings. Beijing
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lies at the transition between mountains and plains, Tianjin is influenced by coastal conditions,
Shijiazhuang represents a high-density inland city, and Baoding is a rapidly urbanizing plain city [20].
These contrasting settings provide a suitable regional context for comparing UGS cooling and
landscape–cooling associations across heterogeneous observations.

A total of 126 UGS samples were selected across the four cities. Their boundaries were delineated
through visual interpretation of GLC_FCS10 land-cover data [21] and Google Earth high-resolution
imagery and were subsequently validated using local government planning datasets. To reduce potential
interference from scale, water bodies, external cooling sources, and land-cover change, each UGS was
required to meet four criteria: (1) area > 1 ha, avoiding unstable cooling estimates associated with very
small green spaces [11, 22]; (2) internal water coverage < 5%, limiting cooling effects dominated by water
bodies [23, 24]; (3) sufficient separation from major water bodies and mountainous terrain to reduce
interference from external cooling sources [25]; and (4) stable land-cover conditions throughout the
study period, verified using multi-temporal historical imagery [26].

2.2 Data collection
Land surface temperature (LST) data were obtained from the NASA ECOSTRESS ECO_L2_LSTE product
at a spatial resolution of 70 m, which is generated using the temperature and emissivity separation
algorithm [27]. Given the irregular overpass schedule and data availability of ECOSTRESS, observations
were screened according to data quality and spatial coverage. Four observations providing adequate
coverage of the study area and meeting the quality-control requirements were retained: 00:31 on
September 20, 2022; 07:37 and 10:50 on August 22, 2024; and 16:37 on July 23, 2023. Because these
observations were acquired on different dates and in different years, they were treated as independent
observation windows under heterogeneous conditions rather than as a continuous temporal or diurnal
sequence. The retained scenes showed no obvious cloud contamination or precipitation-related
disturbance based on the applied quality-control screening [28], and no spatial interpolation or data
imputation was performed. After quality control, all LST data were reprojected to WGS 84/UTM Zone
50N and extracted for subsequent UGS cooling analysis. Previous validation studies have reported an
RMSE of approximately 1–3 K for ECOSTRESS LST products [29]. The ECOSTRESS data were obtained
through NASA JPL AppEEARS, with all data sources summarized in Table 1.
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Table 1
Data sources

Data type Data feature Data source

ECOSTRESS LST Raster, 70 m, with QC
flags

NASA JPL AppEEARS

(https://appeears.earthdatacloud.nasa.gov/)

Landsat-8 OLI
surface reflectance

Raster, 30 m, 2023 Google Earth Engine

(Landsat Collection 2 Surface Reflectance)

GLC_FCS10 land-
cover dataset

Raster, 10 m, 2023 Aerospace Information Research Institute, CAS
(GLC_FCS10 dataset)

Building footprint
and height data

Vector, building
geometry and height,
2023

Gaode Map (AMap)

(https://www.amap.com/)

Population density Raster, population
counts, 2023

WorldPop (China 2023 Population Counts)

Explanatory variables were organized into four categories: blue-green factors, internal geometry,
morphological ventilation, and external urban context (Table 2). To characterize both UGS properties and
the surrounding conditions potentially associated with cooling propagation, variables were derived for
two spatial domains: the internal green space and the surrounding influence zone. This distinction
reduces potential spatial mismatch associated with representing internal and external landscape
conditions within a single fixed spatial unit [30, 31]. To maintain a consistent temporal reference across
the explanatory dataset, 2023 was used as the common reference year. As this year falls within the
2022–2024 ECOSTRESS observation period, the approach reduces, although does not eliminate,
temporal mismatch between cooling observations and explanatory variables. NDVI, albedo, and water
proportion were derived from Landsat-8 OLI surface reflectance data; landscape metrics were calculated
from the GLC_FCS10 land-cover dataset using FRAGSTATS; building height and floor-area ratio were
derived from building footprint and height data; and population density was obtained from WorldPop.
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Table 2
Explanatory variables for UGS cooling analysis

Categories Variables Formula Description

Blue-green
factors

Normalized
difference
vegetation index
(NDVI_in)

Mean NDVI within
UGS, spectral
indicator of
vegetation
greenness. Range:
−1–1.

Water proportion
(PW_in)

Proportion of water-
body area within
UGS. Range: 0–1.

Albedo

(Albedo_in)

Mean surface albedo
within UGS, ratio of
reflected to incoming
shortwave radiation.
Range: 0–1.

Internal
geometry

Area

(Area_in)

- Total area of UGS
patch. Unit: ha.

Patch density

(PD_in)

Patch density within
UGS, number of
patches per unit
area. Unit: n/ha.

Landscape
shape index
(LSI_in)

Landscape shape
index, standardized
edge length adjusted
for total area. Range:
≥1.

Cohesion
(Cohesion_in)

Patch cohesion
index, measuring
physical aggregation
of patches. Range:
0–100.

Morphological
ventilation

Sky view factor
(SVF_in)

Mean sky view factor
within UGS,
proportion of sky
hemisphere visible
from surface. Range:
0–1.

Edge density
(ED_out)

Edge density in
buffer zone, total
edge length per unit
area. Unit: m/ha.

Building height
(BH_out)

Mean building height
in buffer zone. Unit:
m.

NDVI_in = NIR−REDNIR+RED

PW_in = AwaterAUGS

Albedo_in =∑ (Reflected\:Radiation)
∑ (Incoming\:Radiation)

PD_in = npatchAUGS

LSI_in = ∑
n

i=1
Ei

2×√π×∑
n

i=1Ai

Cohesion_in =

[1 − ] × [1 − ] × 100ΣpijΣpij×√aij
1√Z

SVF_in = ∑
m

j=1SVFjz

ED_out = ∑
n

i=1EiAbuffer\:zone

BH_out = ∑
n

i=1HiAbuffer\:zone
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Categories Variables Formula Description

External urban
context

Floor area ratio
(FAR_out)

Floor area ratio in
buffer zone, total
gross floor area
relative to land area.

Albedo

(Albedo_out)

- Mean surface albedo
in buffer zone,
representing solar
radiation reflectivity.
Range: 0–1.

Normalized
difference
vegetation index
(NDVI_out)

- Mean NDVI in buffer
zone, spectral
indicator of
vegetation
greenness. Range:
-1–1.

Population
density
(POP_out)

Population density in
buffer zone. Unit:
persons/km².

3 Methods

3.1 Research framework
To examine multidimensional UGS cooling and the consistency and conditionality of its landscape
associations across ECOSTRESS observations, this study developed a five-step analytical framework
(Supplementary Fig. S1). First, multi-source remote-sensing and geospatial data were integrated to
characterize thermal conditions, UGS attributes, and surrounding urban context. Second, GSCI, GSCD,
and GSCE were quantified using a Gaussian surface model. Third, explanatory variables were organized
into four categories: blue-green factors, internal geometry, morphological ventilation, and external urban
context. Fourth, RF, SHAP, and partial dependence analyses were used to evaluate variable contributions,
association directions, nonlinear responses, and conditional relationships. Finally, results were
compared across observations and cooling dimensions to distinguish relatively recurring landscape–
cooling associations from observation- and dimension-dependent patterns and to interpret their
implications for context-sensitive UGS planning.

3.2 Cooling effect index calculation
This study employed a Gaussian surface model (GSM) to characterize the magnitude and spatial
attenuation of UGS cooling. Originally developed to represent urban heat islands as two-dimensional
Gaussian surfaces superimposed on a planar background [32], the GSM has subsequently been applied
to characterize the intensity, spatial extent, and morphology of urban thermal anomalies [33, 34] and,
more recently, UGS cooling effects [35]. Here, an anisotropic GSM was used to provide a continuous

FAR_out = × ∑
n

i=1 (Ci × Fi)1Abuffer\:zone

POP_out = POPAbuffer\:zone

Page 7/27



representation of spatial temperature contrasts and derive GSCI, GSCD, and GSCE within a common
modeling framework.

First, a spatial temperature-contrast field was constructed from the LST data. Let  denote the
pixel-wise LST at location , and  the mean LST of the surrounding reference area outside the
UGS. The reference area was defined as a ring-shaped buffer outside the UGS boundary using a
consistent rule for all samples, with the mean LST of valid pixels representing the local thermal
background. Pixels affected by cloud contamination or precipitation-related disturbance were excluded
during quality control. The temperature-contrast field was defined as:

1

Positive values therefore indicate cooler surface conditions relative to the surrounding reference
background. To enable comparison among UGS of different sizes, an effective diameter was used to
represent the characteristic spatial scale, calculated as the diameter of a circle with an area equivalent
to that of the UGS.

Second, an elliptical Gaussian surface was fitted to the temperature-contrast field. Let  denote
the fitted center, a and b the scale parameters along the two principal axes,  the rotation angle, and 
the fitted cooling amplitude. The anisotropic Gaussian surface was expressed as:

2

An elliptical normalized radius  was then introduced so that equal radius values corresponded to equal-
valued elliptical isolines. The equivalent UGS boundary radius  was determined using an area-
preserving condition:

3

Third, a minimum detectable cooling threshold  was introduced to distinguish meaningful modeled
cooling from near-zero fluctuations after Gaussian smoothing. In this study,  was used as a
conservative analytical threshold for consistently delineating the outer detectable cooling extent across
all samples, rather than as a universal physical threshold. Setting the fitted Gaussian surface equal to
this threshold yielded the corresponding normalized radius:

T(x,y)
(x,y) Tref

C (x,y) =\:Tref−T (x,y)

(x0,y0)
φ I0

Ĉ (x,y) =I0exp(− Q (x,y))
1

2

ρ

ρb

ρ2
b=

A

πab

τ

τ=0.1\:k
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4

(1) Green-space cooling intensity (GSCI): representing the modeled cooling magnitude at the equivalent
UGS boundary and characterizes the temperature contrast between the UGS boundary and surrounding
reference background.

5

(2) Green-space cooling distance (GSCD): representing the modeled radial distance from the equivalent
UGS boundary to the cooling-threshold isoline, characterizing the spatial extent of detectable cooling
beyond the UGS boundary.

6

(3) Green-space cooling efficiency (GSCE): representing the cumulative modeled cooling signal within
the effective cooling extent normalized by UGS area, characterizing cooling contribution per unit green-
space area. Using the elliptical polar-coordinate area element, GSCE was calculated as:

7

Note

equations (5)–(7) provide a unified formulation of the three cooling metrics based on the fitted Gaussian
surface and the cooling threshold .

To evaluate the performance of the anisotropic GSM, representative fitted spatial patterns and fitting
accuracy assessments are provided in Supplementary Figs. S2–S3. The goodness of fit was evaluated
using the Pearson correlation coefficient (r) and root mean square error (RMSE, K), with their
distributions summarized across the four ECOSTRESS observations. Most r values exceeded 0.7, while
RMSE values were concentrated within 1–3 K, indicating generally acceptable agreement between the
observed temperature-contrast fields and the fitted GSM surfaces.

3.3 Statistical analysis

ρ2
τ=2ln( )

I0

τ

GSCI=Ĉ∣
∣ρ=ρb

=I0exp(− ρ2
b)

1

2

GSCD=r̄max [√ρ2
τ−√ρ2

b,0] ,\:\:\:\:\:\:r̄= (a+b) /2

GSCE= ∫
ρτ

ρb

Ĉ\hspace{0.33em}dA= [exp(− ρ2
b)−exp(− ρ2

τ)]
1

A

2I0

ρ2
b

1

2

1

2

τ
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To examine associations between explanatory variables and multidimensional UGS cooling, statistical
analysis comprised variable screening, RF modeling, and model interpretation. Candidate variables were
first examined for completeness and variability, and those with high missing rates or insufficient variance
were excluded. Multicollinearity was assessed using variance inflation factors (VIF), with variables
exceeding a VIF of 10 excluded [36]. Pearson correlation analysis was then used to identify variables
showing significant bivariate associations (p < 0.05) with GSCI, GSCD, and GSCE, while physical
interpretability was also considered during variable selection. To further reduce predictor redundancy,
strongly intercorrelated variables or variables derived from the same source were consolidated, with
representative variables retained for subsequent modeling [36].

RF models were fitted separately for each combination of ECOSTRESS observation and cooling metric.
This design was adopted because the four observations represented heterogeneous observation
windows rather than a continuous temporal sequence, allowing landscape–cooling associations to be
compared across both observations and cooling dimensions. Model hyperparameters were optimized
using grid search with 10-fold cross-validation. The final models used n_estimators = 500, max_depth = 
20, max_features = "sqrt", min_samples_split = 2, and min_samples_leaf = 1, with the random seed fixed
at 42 for reproducibility [37]. Model performance was evaluated using the coefficient of determination
(R²), root mean square error (RMSE), and mean absolute error (MAE).

SHAP values were calculated for each fitted RF model to quantify the contribution of explanatory
variables to model predictions. Overall feature importance was summarized using mean absolute SHAP
values, enabling comparison of variable contributions across observations and cooling dimensions.
SHAP beeswarm plots were used to examine the direction and distribution of feature contributions in
relation to feature values [38]. For variables with relatively high contributions, partial dependence plots
(PDPs) were used to characterize nonlinear marginal responses across their observed ranges [39]. SHAP
dependence plots were further used to examine conditional patterns between key variables, with a
secondary variable represented by the color gradient to assess how the contribution of the focal variable
varied across different structural or contextual conditions [40]. All statistical analyses and machine-
learning models were implemented in Python 3.11 using scikit-learn, statsmodels, and SHAP.

4 Results

4.1 Variation in multidimensional UGS cooling and
bivariate associations
GSM-derived cooling metrics showed substantial variation in multidimensional UGS cooling across the
four ECOSTRESS observations (Fig. 2). The lowest cooling levels were observed at 00:31, with median
GSCI, GSCD, and GSCE values of 0.5 K, 130 m, and 1.2 K, respectively; some UGS also exhibited negative
GSCI values. Cooling levels were higher at 07:37, with corresponding medians of 1.5 K, 180 m, and 2.2 K.
The highest median values occurred at 10:50, reaching 5.5 K for GSCI, 270 m for GSCD, and 6.5 K for
GSCE. The distributions at 10:50 were also broader and more right-skewed than those at the other
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observations, showing greater heterogeneity among UGS. At 16:37, median GSCI, GSCD, and GSCE
values were 3.5 K, 230 m, and approximately 4.0 K, respectively, with narrower distributions than at
10:50. Overall, the three cooling dimensions showed clear differences in both magnitude and distribution
across observations.

Pearson correlation analysis showed that the strength, direction, and significance of bivariate
associations between explanatory variables and cooling metrics also varied across ECOSTRESS
observations (Supplementary Fig. S4). Area_in was significantly and positively correlated with all three
cooling metrics across the four observations, representing the most consistently recurring bivariate
association. NDVI_in showed stronger correlations at 07:37 and 10:50 and weaker correlations at 00:31
and 16:37. Among internal geometry variables, LSI_in and Cohesion_in showed significant positive
correlations with GSCD and GSCE mainly at 07:37 and 10:50. Associations involving morphological
variables were more observation-specific: BH_out and FAR_out were significantly negatively correlated
with cooling metrics at 07:37, whereas SVF_in and ED_out showed positive correlations. External
contextual variables also varied among observations. Albedo_out was negatively correlated with cooling
metrics at 10:50 and 16:37 but showed weak positive correlations at 00:31 and 07:37, while NDVI_out
was positively correlated with GSCI at 00:31 and showed stronger correlations with GSCD in other
observations. Overall, the bivariate results distinguished the recurring positive association of Area_in
from the more observation-dependent associations of other internal, morphological, and external
contextual variables.

4.2 Consistent and observation-dependent landscape–
cooling associations
RF models showed R² values above 0.68 across the four ECOSTRESS observations. Mean absolute
SHAP values revealed clear differences in the relative contributions of explanatory variables across both
cooling dimensions and observations (Fig. 3). Area_in consistently ranked among the most important
variables for GSCI, GSCD, and GSCE across all four observations, showing the most recurring
contribution among the evaluated variables. NDVI_in also contributed substantially in several models,
particularly at 07:37, 10:50, and 16:37 and for GSCE, but its contribution was considerably weaker at
00:31. Among internal geometry variables, Cohesion_in showed relatively high importance at 07:37,
whereas the contributions of other geometry-related variables varied across observations and cooling
dimensions. Morphological ventilation and external urban-context variables generally showed less
recurring importance, with their relative contributions concentrated in particular observations or cooling
dimensions. Overall, the SHAP importance patterns distinguished the comparatively recurring
contribution of Area_in from the more observation- and dimension-dependent contributions of the
remaining explanatory variables.

SHAP value distributions provided additional information on the direction and variability of these
contributions (Fig. 4). Area_in was predominantly associated with positive SHAP values across cooling
metrics and observations, indicating that its recurring importance was accompanied by a largely
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consistent positive contribution to model-predicted cooling. NDVI_in showed stronger positive
contributions at 07:37, 10:50, and 16:37, particularly for GSCE at 10:50 and 16:37, while its SHAP values
remained closer to zero at 00:31. Cohesion_in was mainly associated with positive contributions at
07:37 and 10:50, whereas PD_in and LSI_in showed more variable or bidirectional contribution patterns
in specific observations. Morphological variables also varied in contribution direction across
observations; BH_out and FAR_out were predominantly associated with negative SHAP values at 07:37,
10:50, and 16:37, while SVF_in showed a more positive distribution at 00:31. External contextual
variables similarly displayed observation-dependent contribution patterns. Together, the SHAP
importance and contribution distributions showed that landscape–cooling associations differed in their
degree of recurrence across observations and cooling dimensions, with Area_in exhibiting the clearest
recurring positive pattern.

4.3 Nonlinear responses and conditional relationships
among explanatory variables
PDP analysis revealed widespread nonlinear and observation-dependent marginal responses across
cooling dimensions (Fig. 5). Area_in showed a recurring positive association with cooling, but the
magnitude of marginal gains generally decreased as green-space area increased. Changes in the
marginal response occurred around 20 ha in several models, including GSCI at 10:50 and 16:37, although
the subsequent response differed across observations and cooling dimensions. NDVI_in also showed
nonlinear responses, with marked changes occurring mainly within the range of approximately 0.4–0.5.
At 00:31, its marginal response changed around 0.4, while at 10:50 GSCD increased markedly as NDVI_in
rose from approximately 0.4 to 0.5; at 16:37, GSCI and GSCE showed weaker marginal changes above
approximately 0.5. Configuration-related variables showed more observation- and metric-specific
patterns. LSI_in was positively associated with GSCD under particular observations, Cohesion_in showed
a strong positive marginal response for GSCE at 10:50 before leveling off, and PD_in showed negative
marginal associations with GSCD and GSCE at 16:37. Overall, nonlinear responses were common, but
the location and magnitude of marginal changes varied across variables, cooling dimensions, and
observations.

SHAP dependence analysis further showed that the contribution of key landscape attributes varied
across combinations of internal structure and surrounding context (Fig. 6). Conditional patterns
involving Area_in recurred across several observations, but their magnitude and shape differed with
vegetation, spatial configuration, and morphological conditions. At 00:31, Area_in showed stronger
positive contributions at larger green-space sizes when combined with higher NDVI_in, while the
response gradually leveled off at larger areas. At 07:37, Area_in-related changes in GSCD were
concentrated mainly within approximately 20–30 ha, after which marginal changes became smaller. At
10:50, GSCE showed smaller changes when Area_in exceeded approximately 50 ha, whereas at 16:37
the contribution of Area_in to GSCI leveled off beyond approximately 20 ha. Conditional patterns were
also evident for vegetation and spatial configuration: higher NDVI_in combined with higher Cohesion_in
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was associated with stronger cooling contributions in several models, although the corresponding
ranges and magnitudes varied among observations. Associations involving surrounding morphology
were less uniform; patterns involving Area_in or NDVI_out varied with SVF_in, and the contribution
associated with BH_out differed across levels of SVF_in. Overall, the SHAP dependence patterns showed
that landscape–cooling associations were conditional on combinations of explanatory variables rather
than being uniformly expressed across their observed ranges.

5 Discussion

5.1 Observation-dependent differences in
multidimensional UGS cooling
The four ECOSTRESS observations revealed substantial differences in multidimensional UGS cooling,
which should be interpreted as observation-dependent contrasts rather than as a continuous diurnal
pattern. Cooling was weakest at 00:31, with some green spaces even exhibiting negative values.
Although a single nighttime observation cannot establish a general nocturnal mechanism, the weak
cooling at 00:31 is consistent with studies showing that nighttime cooling varies with thermal contrasts
between green spaces and surrounding built surfaces and heat release from urban materials [41, 42]. By
contrast, stronger daytime cooling is consistent with evidence that radiative forcing, evapotranspiration,
and shading enhance surface-temperature contrasts associated with green spaces [43].

Differences among observations also involved the heterogeneity of UGS cooling. The greater spread of
all three cooling metrics at 10:50 is consistent with evidence of greater cooling heterogeneity under
stronger daytime thermal contrasts [44, 45]. Multi-layered vegetation and favorable ventilation have been
associated with longer-distance cooling propagation [22, 46], potentially contributing to the broader
GSCD distribution at 10:50; however, these physical processes were not directly examined here. These
results indicate that single-window assessments may not fully capture the magnitude or heterogeneity
of UGS cooling [47, 48].

5.2 Consistent and observation-dependent landscape
associations
The relative contributions of explanatory variables varied across cooling dimensions and ECOSTRESS
observations. Blue-green factors and internal geometry generally showed stronger associations with
cooling performance, whereas morphological ventilation and external urban context became more
relevant under particular dimensions and observations, suggesting more conditional associations [15].
This contrast indicates differing degrees of consistency in landscape–cooling associations: internal
landscape attributes were comparatively recurring, whereas morphological and contextual associations
were more dependent on observation conditions and cooling dimensions.
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At the variable level, key landscape–cooling associations were predominantly nonlinear. Area_in showed
diminishing marginal gains with increasing green-space size, consistent with previous evidence of scale
dependence in UGS cooling [10, 49]. A change in marginal response around 20 ha recurred in several
models, although its magnitude and subsequent response differed across cooling metrics and
observations. NDVI_in also showed nonlinear responses, with stronger cooling gains concentrated within
intermediate-to-high vegetation ranges, consistent with evidence that vegetation-related cooling may
level off at high vegetation levels [50, 51]. Higher Cohesion_in was associated with stronger cooling
efficiency and propagation under particular conditions, consistent with evidence that landscape
continuity and aggregation can support UGS cooling [12, 52].

SHAP dependence patterns further indicated that landscape–cooling associations varied across
combinations of internal structure and surrounding context. In particular, higher NDVI_in combined with
higher Cohesion_in was associated with stronger cooling in several models, suggesting that vegetation-
related cooling associations may depend partly on spatial continuity [53, 54]. This recurrence supports
jointly considering vegetation condition and spatial continuity, while another recurring pattern involved
green-space size in combination with surrounding openness and urban context. Associations of Area_in
varied with SVF_in and NDVI_out, indicating dependence on the structural and contextual conditions in
which green spaces were embedded [15, 55]. These conditional patterns help explain why similar green-
space sizes or vegetation conditions may correspond to different cooling outcomes under different
structural and contextual settings [56, 57].

5.3 Implications and insights for UGS design
From a planning perspective, landscape attributes showing relatively consistent cooling associations
across observations may provide more transferable planning priorities, whereas observation- and
context-dependent associations require greater adaptation to local conditions. Green-space size and
vegetation condition therefore warrant particular attention. In this study, stronger cooling was generally
associated with moderate-to-large green spaces and relatively high vegetation condition within the
observed range, consistent with previous evidence on the importance of green-space scale and
vegetation characteristics [51, 57]. Maintaining internal spatial continuity may also support cooling, while
highly fragmented configurations should be considered cautiously given their potential association with
weaker cooling continuity [12]. The repeated nonlinear and conditional patterns further suggest that
planning should emphasize coordinated configurations of area, vegetation condition, and spatial
cohesion rather than simply maximizing any single attribute.

At a broader spatial scale, the observation-dependent associations of morphological variables indicate
that the urban context surrounding UGS should be considered when interpreting cooling propagation.
Previous studies suggest that green corridors can support urban heat mitigation through landscape
connectivity and cooling propagation [58]. Although this study did not directly simulate airflow,
associations involving BH_out, FAR_out, and SVF_in suggest that surrounding urban morphology may
condition the expression and spatial extent of UGS cooling [59]. Building height and density around
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green-space connections should therefore be considered alongside vegetation continuity and openness
rather than translated into a universal configuration.

The interface between UGS and surrounding land uses also warrants attention because adjacent
landscape conditions may influence cooling beyond green-space boundaries. Previous research
suggests that peripheral vegetation can support cooling continuity and spatial extent [51]. UGS design
may therefore benefit from maintaining vegetation continuity between core and peripheral green spaces
and limiting extensive impervious surfaces that may interrupt it. Buffer integration should therefore
emphasize landscape continuity and reduced abrupt contrasts at the green space–built environment
interface rather than a fixed-width prescription. Building form and peripheral green space should be
adapted to local morphology and site conditions, with gradual landscape transitions potentially
supporting cooling continuity [60].

5.4 Limitations and future prospects
This study provides insights into multidimensional UGS cooling and the consistency and conditionality of
its landscape associations across multiple ECOSTRESS observations, but several limitations remain. The
study focuses on the BTH urban agglomeration, which is characterized by a warm temperate monsoon
climate and relatively concentrated urban patterns and surface properties. The applicability of our
conclusions in other climate zones, urban morphologies, and socioeconomic contexts requires further
validation. Due to the 70 m spatial resolution and irregular overpass frequency of ECOSTRESS,
uncertainties remain in characterizing small-scale UGS and local thermal processes. Moreover, the four
ECOSTRESS observations were acquired on different dates and in different years rather than forming a
continuous diurnal sequence. Therefore, differences among observations may also reflect variations in
background meteorological and surface conditions, and should not be interpreted solely as time-of-day
effects. Some explanatory variables still rely on landscape indices or statistical grid data, making it
difficult to fully capture fine-scale differences in vegetation structure, micrometeorological disturbances,
and energy exchange. Additionally, the interpretation of cooling patterns is primarily based on remote-
sensing observations and statistical modeling, which characterize associations and conditional patterns
but do not directly resolve process-level energy transfer or microclimatic feedbacks. Future research
could test the consistency and transferability of key landscape–cooling relationships and nonlinear
response patterns across different climate zones and urban types, improve model accuracy using
ground-based or unmanned aerial vehicle thermal infrared observations, and further strengthen
understanding of UGS cooling associations through multi-source data fusion.

6 Conclusions
Taking the BTH urban agglomeration as a case study, this study examined how multidimensional UGS
cooling performance and its landscape associations varied across multiple ECOSTRESS observations
using Gaussian surface modeling and interpretable machine-learning approaches. The results showed
that GSCI, GSCD, and GSCE captured complementary dimensions of cooling intensity, extent, and
efficiency, with substantial differences in both cooling magnitude and heterogeneity across the four
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observations. The lowest cooling values occurred in the 00:31 observation and the highest in the 10:50
observation, while the distributions of the three metrics also differed across observations. These
findings indicate that UGS cooling performance should not be treated as a fixed property captured by a
single observation window.

Landscape–cooling associations differed in their degree of consistency across ECOSTRESS
observations and cooling dimensions. Area_in exhibited the most recurring SHAP importance across the
three cooling metrics and four observations, while the contributions of NDVI_in and Cohesion_in varied
more across cooling dimensions and observations. Morphological and external contextual factors
showed greater observation dependence. This distinction suggests that landscape attributes identified
as important under individual observations should not automatically be assumed to provide equally
consistent cooling-related evidence across different observational settings.

The relationships between key landscape attributes and UGS cooling were predominantly nonlinear and
conditional. Area_in repeatedly showed diminishing marginal gains, with changes in marginal response
occurring around 20 ha in several models, while NDVI_in showed marked response changes mainly
around 0.4–0.5 rather than a uniform increase across its full range. SHAP dependence patterns further
showed that associations involving vegetation condition, spatial cohesion, green-space size, and
surrounding morphology varied across structural and contextual combinations. These findings support a
differentiated planning approach: comparatively recurring associations, particularly those involving
green-space scale, may inform broader planning priorities, while vegetation condition, spatial continuity,
and surrounding morphology should be considered in coordinated and context-sensitive configurations
rather than translated into uniform design prescriptions.
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Figure 1

Location of the study area and distribution of UGS samples.

Figure 2
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GSCI, GSCD, and GSCE across the four ECOSTRESS observations.

Figure 3

SHAP-based feature importance across three cooling metrics and four ECOSTRESS observations.
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Figure 4

SHAP beeswarm plots showing feature contribution distributions across three cooling metrics and four
ECOSTRESS observations. Each point represents a UGS sample, with color indicating the feature value
(blue: low, red: high) and horizontal position indicating its SHAP contribution to the model output.
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Figure 5

Partial dependence plots showing nonlinear marginal responses of key variables across three cooling
metrics and four ECOSTRESS observations. Lines indicate averaged marginal responses, and
histograms show the distributions of the corresponding variables.
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Figure 6

SHAP dependence plots illustrating conditional relationships among key variables across four
ECOSTRESS observations. Each panel shows how the SHAP contribution of a focal variable varies
across its observed values, with color representing a secondary variable. Nonlinear and joint patterns
illustrate how landscape–cooling associations vary under different structural and contextual conditions.
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