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Abstract:

Rapid urbanization intensifies the urban heat island effect and undermines health for vulnerable
communities located beyond the effective cooling reach of large parks. This study introduced a
spatially supply-flow-demand framework to quantify the cooling service flow of urban park using
Beijing Olympic Park as a case study. Field measurements at representative land types in the park
were integrated with local parameter as inputs to model supply. To link supply with demand, we
designed a grid system with cells of approximately 500 m covering 8 km*10 km area around the
park, set a scenario of removing the park and compared it with the existing scenario to simulate
the effect of park, so that we can qualify building-level demand. The analysis produced
preliminary maps of cooling flow of Beijing Olympic Park. Results revealed that inside the park
the cooling supply varied significantly by land types and seasons. Outside the park service flow of
the park attenuated rapidly beyond 1 km and 1-2 km buffer zone from the park edge exhibited
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unmet needs of up to 7.5℃. To integrate supply and demand into a more comprehensive
evaluation map, we built adjustment gap priority map and found that the southern buffer area of
the park which is closer to the city center has the most urgent demand relatively. In summary, this
transferable framework offers urban planners a data-driven tool for more equitable and effective
green infrastructure investment.

Keywords: Ecosystem Service Flow, Urban Park, Urban Heat Island Mitigation, Spatial Mismatch
Analysis.

1. Introduction

Cities are central to global climate change mitigation, serving as home to over half of the world’s
population and accounting for approximately 75% of global energy consumption and greenhouse
gas emissions (Mi et al., 2019; Xiong et al., 2019). However, in the face of increasingly extreme
summer temperatures, dense built environments and impervious surfaces have intensified urban
heat island (UHI) effects, contributing to higher rates of mortality, morbidity, and psychological
distress (Ebi et al., 2021; Markevych et al., 2017; Mashhoodi, 2021). The growing reliance on air
conditioning to maintain indoor thermal comfort further compounds the problem, as waste heat
from cooling systems exacerbates ambient urban temperatures (Jay et al., 2021) . In contrast to
these unsustainable cooling strategies, large urban parks as key components of green infrastructure
offer a nature-based alternative (Li et al., 2021; Lin et al., 2021). Through the combined effects of
vegetation, water bodies, and heterogeneous landscape patches, such parks can lower surrounding
temperatures by 4 to 4.5 °C and significantly reduce building energy demand (Aflaki et al., 2017).
The extent and intensity of this cooling effect depend on factors such as park size, patch
composition and quality, and the permeability and structure of adjacent urban morphology (Aram
et al., 2019). Yet, it remains unclear how far these cooling services extend beyond park boundaries
and whether they effectively reach areas with the highest cooling needs. The knowledge gap limits
the ability of planners and policymakers to harness urban parks for equitable and efficient climate
adaptation (Xiao et al., 2023).

The cooling capacity of urban parks, as a key ecosystem service, has been extensively examined
through the lens of supply sources, flow processes, and human demand (Aram et al., 2019). One
group of research compares the cooling performance of multiple parks using various indicators,
linking observed differences to landscape configuration (Lai et al., 2024; Lan et al., 2025; Yang et
al., 2024). Zeng et al. (2024) used a three-step Huff model to evaluate population attractiveness
based on trip distance and cooling potential; Wang et al. (2024) developed spatial indices for
both cooling supply and demand to reveal mismatches, and Liyan et al. (2023) integrated thermal
exposure with population sensitivity, highlighting high stress in vulnerable communities and
unequal vegetation resource allocation. Most of these studies rely heavily on remote sensing data,
such as land surface temperature retrieval and NDVI, while only a limited number incorporate
field-based meteorological data to validate model outputs (Amani-Beni et al., 2018; Gao et al.,
2023; Wolff et al., 2015). A second group of studies adopts scenario-based simulations to evaluate
the thermal performance of green space–building configurations, with ENVI-met being the most



3

commonly used tool (Alves et al., 2022; Mosteiro-Romero et al., 2020) . However, its
computational limits restrict simulations to neighborhood scales within roughly 1 km². More
recently, computational fluid dynamics approaches have emerged, integrating satellite imagery,
in-situ measurements, and thermal imaging for validation (Buccolieri et al., 2018; Toparlar et al.,
2017; Yang et al., 2023) . Despite these advances, demand-side considerations remain
underexplored and most studies lack quantitative assessment of how much cooling is actually
needed in the service-receiving areas (Fang et al., 2024) . Existing demand analyses are often
limited to qualitative evaluations or single supply-demand balance indices (Fang and Zhao, 2024;
Li and Sun, 2023a) . Some recent efforts have employed quadrant-based frameworks to
characterize the spatial alignment or mismatch between supply and demand, but few have
successfully integrated supply, flow, and demand within a unified spatial framework (R. Wang et
al., 2024; Y. Wang et al., 2024).

To address the gaps identified above, this study proposes a unified framework for quantifying
cooling service flows across continuous urban space using a consistent spatial unit. Focusing on
Beijing Olympic Park as a case study, we integrated field-measured meteorological data with the
Urban Cooling Model from the Integrated Valuation of Ecosystem Services and Tradeoffs
(InVEST) toolset. This approach enabled us to assess not only the spatiotemporal heterogeneity of
cooling intensity across different land cover types within the park, but also the park’s overall role
as a cooling service source and its diffusion into surrounding urban areas. Crucially, we linked
modeled cooling supply with building-level thermal demand, incorporating height-based energy
sensitivity to reflect variation in air-conditioning needs. This coupling revealed spatial mismatches
between supply and demand that conventional greening metrics fail to capture. By introducing a
gridded spatial indicator Cooling Priority Score, we identified urban hotspots with the greatest
need for heat mitigation. This approach shifts the focus from the mere presence of green space to
its functional performance in heterogeneous urban environments, offering a transferable method
for diagnosing and addressing urban heat risks through more targeted and spatially equitable green
infrastructure planning.

2. Methods

2.1. Study Area

Beijing, in a warm temperate semi-humid monsoon zone, has hot, humid summers and cold, dry
winters. Rapid urbanization has intensified the urban heat island effect, reducing comfort and
increasing energy use. Covering roughly 680 hectares, Beijing Olympic Park is the city’s largest
urban green space and comprises northern and southern sections connected by a central corridor.
Its mixed land cover including arbor forest, grassland, shrubland, water, and wetland provides key
ecological buffering (Amani-Beni et al., 2018) . A 2,000 m buffer around Beijing Olympic Park
(Figure 1b), based on literature estimates of urban park cooling reach, defines the study area (N.
Zhang et al., 2024). To evaluate Beijing Olympic Park’s cooling effect of different land type inside,
19 fixed meteorological stations were selected (Figure 1c). Station IDs combining a number and
land cover label reflect iterative validation across four sampling months, with only stable
representative points retained, therefore not continuous (Table 1).
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Figure 1. Study area and monitoring layout. (a) Location of Beijing Olympic Park, China. (b)
2,000 m buffer zone representing the maximum green space cooling extent. (c) Fixed monitoring
sites across representative land cover types. (d) Land cover types corresponding to sample sites.
2.2. Field Monitoring Design

To evaluate Beijing Olympic Park’s cooling performance during peak thermal periods, field
measurements were conducted in August and September 2023, and June and August 2024.
Observations were made between 9:00–18:00 on clear, calm, rain-free days using Kestrel NK5500
Weather Meter at 1.5 m height. All data were collected by the same team members along a fixed
route to ensure consistency, the fixed points were deployed across major land cover types, as listed
in Figure 1 (d).

To capture thermal gradients around the park, two concentric transects were set up: the inner loop
along the park-facing road and the outer loop on the opposite side, representing urban background.
Walk-throughs in the morning (9:00-10:00), noon (12:00-13:00), and afternoon (17:00-18:00)
recorded temperature, humidity, and wind every minute, enabling continuous microclimate
profiling across distances from the park edge.

2.3. Data Analysis

2.3.1. Quantifying Park Inner Cooling Service Supply Difference

To assess localized cooling service from green and blue infrastructure, we first analyzed midday
fluctuations in Heat Index (HI), which combined air temperature and relative humidity to reflect
perceived thermal stress. For comparability, we used average HI values from 12:00 to 15:00 to
represent peak thermal exposure, which were visualized using boxplots. To further examine how
temperature varied over the course of the day, we conducted paired-point comparisons between
selected vegetated or aquatic sites and nearby bare-surface controls (<10 m apart).

2.3.2. Modeling Spatial Flow of Cooling Services

Point-based monitoring reveals localized cooling effect but cannot capture the full 2 km spatial
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extent of park’s thermal regulation. To overcome this, we used the InVEST Urban Cooling Model
to simulate heat mitigation based on land cover and biophysical properties (Table 1). Two land use
scenarios, derived from 2023-2024 satellite imagery, were compared: a bare land scenario, where
the park was replaced with barren land to represent pre-development conditions, and a green
infrastructure scenario, which retained actual green and blue area. Surrounding urban areas were
held constant, and other green spaces within the area were excluded, allowing for isolation of the
park’s cooling contribution (Figure 2).

Figure 2. Land cover classifications under two simulation scenarios for the InVEST Urban
Cooling Model. (a) Bare land scenario: the entire Beijing Olympic Park is replaced with barren
land.(b) Green infrastructure scenario: actual land cover types within the park. (c) Grid-based
spatial area for InVEST analysis, the red frame represents the park boundary.

Model Configuration and Input Data

The model was parameterized with local environmental data and field observations. Key inputs
included a reclassified land use raster, ET₀ was calculated via the FAO Penman-Monteith method,
and a biophysical table detailing Kc, albedo, shade fraction, and building intensity by land cover.
The area of interest was a 2,000 m buffer around Beijing Olympic Park, reflecting the typical
cooling reach of urban parks. The maximum urban heat island magnitude was based on the
observed urban–rural temperature difference on the hottest day, and reference air temperature was
set to the rural daytime average. Heat dispersion was modeled with a 200 m air blending distance
and a 2,000 m maximum cooling distance. Biophysical parameters were locally adapted from
existing InVEST studies (Table 1).

lucode Kc green_area shade albedo building_intensity Land Use/Land Cover

2 1 1 0.8 0.15 0 tree

3 0.8 1 0.1 0.2 0 shrub
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4 0.6 1 0 0.2 0 grass

6 0 0 0 0.2 0.9 building

1 0 0 0 0.1 0 traffic

7 0.2 0 0 0.25 0 barren

9 1.2 1 0 0.08 0 water

10 1 1 0.1 0.15 0 wetland

Table 1. Corresponding parameter Settings for various land cover types

For energy savings estimation, buildings were grouped into five height classes (3.5–100 m), each
assigned a cooling energy coefficient: 0.10 (Type 1: 3.5–10 m), 0.15 (Type 2: 10–18 m), 0.22
(Type 3: 18–24 m), 0.35 (Type 4: 24–54 m), and 0.55 (Type 5: 54–100 m). Relative humidity was
included for productivity valuation. Cooling capacity weights followed established defaults: 0.6
for shade, 0.2 for albedo, and 0.2 for evapotranspiration.

Cooling Index Calculation and Heat Diffusion Simulation

The InVEST Urban Cooling Model estimates grid-level cooling capacity (CC) based on land
surface characteristics. CC is computed as a weighted combination of three variables: vegetation
shade (canopy cover > 2 �2 ), surface albedo, and evapotranspiration potential. The
evapotranspiration index ��� is calculated as:

���� =
�� � ·��0(�)

�����

where �� is the crop coefficient for each land cover type (shown in Table 1), ��0 is the
reference evapotranspiration, and ����� is the maximum across the landscape. To localize ET₀
values, we applied the empirical equation by Droogers & Allen (2002) using field temperature
data from August and September 2023, and June and August 2024:

��0 = 0.0023·0.408�� ���� + 17.8 ·��0.5

where �� is extraterrestrial radiation, ���� is daily mean temperature, and �� is diurnal
temperature range. The three components are integrated into a composite index:

��� = 0.2·�ℎ���� + 0.2·������� + 0.6·����

To simulate spatial heat mitigation, the Heat Mitigation Index (HMI) is calculated. For pixels near
green infrastructure (>2 ha), ���� is a distance-weighted average of surrounding green-space
��� values; otherwise, ���� equals the local CC:

���� =
���, �� ��� ≥ ������ �� ��� < 2ℎ�

������, ��ℎ������
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The pixel-level air temperature without air mixing ����,�����, � is then estimated as:

����,�����, � = ����,��� + 1 − ��� ·������

This intermediate result is spatially smoothed using a Gaussian kernel function over the blending
distance r, producing the final modeled air temperature surface ����, �. The temperature anomaly is
subsequently calculated as:

�������� = ����,� − ����,���

If enabled, the model also estimates energy savings per building polygon as:

������. ������� = �����������. �������� � ·(����,��� − ����,�� �������������� )

where ����,��� is the maximum temperature in the area of interest and ����,� is the local air
temperature.

Model Outputs

The InVEST Urban Cooling Model produces spatial outputs that quantify urban cooling. Central
among these is the HMI, which reflects grid-level cooling based on land cover and green
infrastructure proximity. The model also generates urban temperature surfaces, allowing for the
identification of temperature anomalies relative to rural baselines. When valuation modules are
enabled, it estimates building-level energy savings and productivity gains using temperature
reductions. These outputs aid in assessing cccoling service flows and spatial mismatches between
thermal regulation supply and demand.

Spatial Gridding and Temperature Difference Mapping

To evaluate the spatial distribution of cooling services, we overlaid a 16*20 uniform grid (total
320 cells) across the 2,000 m buffer surrounding Beijing Olympic Park. Each grid cell served as a
consistent unit for temperature aggregation and comparison, balancing spatial resolution with
computational efficiency for urban-scale analysis.

Analyses focused on building land type (lucode = 6) to reflect human related thermal exposure.
For each grid cell, average temperatures were calculated under both vegetated (veg) and barren
(bare) scenarios, and the cooling effect was derived as:

∆� = ����� − ����

Where ����� and ���� denote the average building temperature in each grid cell under the
corresponding scenario. Grid cells without valid building data were retained as NaN. The results
were visualized as gridded maps, indicating spatial variability in temperature mitigation.

2.3.3. Identifying Cooling Demand and Gaps

To evaluate cooling service adequacy, we employed the same 16*20 grid to quantify supply,
demand, and regulation gaps using valid building pixels. Cooling demand represented the
exceedance of the comfort threshold (set as 26 °C, a commonly adopted benchmark for summer
outdoor comfort in northern China) under the vegetated scenario, while supply was the
temperature reduction from barren scenario to vegetated scenario. Their difference indicated
unmet cooling needs.
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Cooling demand per grid cell was calculated as the degree to which average air temperature under
the vegetated scenario exceeded 26°C and the calculation was formalized as:

������� ������� = ���(0, ����,� − 26)

where ����,� is the mean temperature of building pixels within grid cell i in the vegetated
scenario. Values were set as 0 for cells where average temperatures fell below the comfort
threshold.

Cooling supply was calculated for each grid cell as the temperature reduction attributable to green
infrastructure, represented by the temperature difference between the barren scenario and
vegetated scenario:

������� ������� = �����,� − ����,�

where both values were computed as the average temperature across all building pixels within grid
cell i under each respective scenario.

The cooling gap was computed as the difference between demand and supply, reflecting the
magnitude of unmet cooling needs:

������� ���� = ������� ������� − ������� �������

All three metrics were calculated consistently across all grid cells for each monitoring period. For
broader spatial analysis, grid cells were aggregated into three concentric zones based on distance
from the park boundary, facilitating comparative assessment of spatial patterns as park area, 0–1
km buffer and 1-2km buffer.

Cooling Priority Score Estimation

To identify areas most in need of thermal mitigation, we developed a cooling priority score (CPS)
that integrated ambient temperature and energy sensitivity and the score was also calculated for
each cell in the 16*20 grid using:

���� = (�����,� − 26)·���

where �����,� is the modeled temperature in cell i under the barren scenario, and 26 °C is the
thermal comfort threshold. ��� represents the energy consumption coefficient based on building
height, with taller structures assigned higher values due to greater cooling demand. ���� was
computed for building pixels (lucode = 6) with valid height classifications and then averaged
within each grid cell.

3. Results
3.1. Variation in Local Cooling Supply by Land Cover Type

Monitoring results showed daily HI variations, reinforcing that tree covered sites (Points 2, 7, 13)
consistently offered the strongest and most stable cooling. Water sites (Points 3, 5, 11) had low but
variable HI values, influenced by external conditions. Grass and shrub sites (Points 4, 8, 17)
provided moderate, less stable cooling, while impervious surfaces (Points 10, 16) showed
consistently high and variable HI, indicating limited thermal regulation capacity.

Spatially, Beijing Olympic Park’s cooling services varied significantly by land cover. Tree sites
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delivered sustained, robust cooling via combined shading and evapotranspiration, maintaining
lower daytime peaks and smoother temperature profiles. Water sites provided intermittent
evaporative cooling, sensitive to meteorological fluctuations. Grass and shrub sites offered limited
cooling due to the absence of shade, quickly reaching cooling limits under intense sunlight. Thus,
trees emerged as the most reliable cooling provider, whereas other surfaces offered diminishing or
variable benefits.

Figure 3. HI variability across land cover types and monitoring periods. (a) August 2023; (b)
September 2023; (c) June 2024; (d) August 2024.

The diurnal HI curves further illustrate these differences under peak summer conditions. Across all
sites, impervious control points showed sharp, early-afternoon HI peaks often surpassing 40 °C,
reflecting intense heat buildup. In contrast, vegetated or water experimental sites demonstrated
flattened HI curves with delayed, lower peaks, highlighting their thermal buffering capacity.
Among them, tree-covered sites exhibited both lower maxima and smoother curves, due to
consistent shading and evapotranspiration. Water sites showed moderate but variable cooling
effects, while mixed sites exhibited modest thermal moderation, though with some afternoon
flattening that suggested a degree of cumulative moisture driven cooling. These temporal profiles
reinforced the previously observed cooling hierarchy, arbor > water ≈ grass/shrub > impervious.
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Figure 4. Diurnal variation trend of green or blue land HI compared with the control group placed
in the surrounding barren land. C represents the control group and E represents the experimental
group. (a) Tree Point 21; (b) Tree Point 2; (c) Tree Point 7; (d) Water Point 3; (e)
Arbor&shrub&grass Point 8; (f) Arbor&shrub&grass Point 19.

3.2. Spatial Diffussion of Park Cooling Service Flow
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The InVEST modeled cooling service flow revealed a distinct spatial gradient centered on Beijing
Olympic Park. As shown in Figure 5(a), HMI values peaked within the park (~0.78) and declined
radially, forming concentric isolines that extended up to ~2 km—a pattern consistent with
empirical studies of urban park cooling footprints. This radial attenuation confirmed the model's
ability to capture long-range cooling beyond field observation limits. Figures 5 (b) - (d) zoomed
into buffer sectors, illustrating that areas adjacent to the park with substantial vegetation
maintained moderate HMI values (0.2–0.3), while distant or impervious zones dropped below 0.1,
highlighting the key role of proximity and land cover continuity in receiving cooling benefits. The
cooling effect was detectable up to 1.5-2 km from the park center under peak summer conditions,
though it diminished rapidly beyond ~1 km. As cool air moves outward, it mixes with ambient
urban air, reducing the temperature gradient. Thus, residents within ~1 km of the park can expect
meaningful cooling, while those beyond receive minimal benefit.

Figure 5. Spatial distribution of Heat Mitigation Index (HMI) modeled by the InVEST Urban
Cooling Model. (a) Overall cooling flow pattern radiating from the park core. (b) Localized HMI
distribution in the northwest corner of park. (c) Localized HMI distribution in the eastern section
of the park. (d) Localized HMI distribution in the southwest corner of the park.

Building on this spatial trend, Figure 6 showed modeled temperature differences between
vegetated and barren scenarios across four months. The park core exhibited the strongest effect
(~2.5 °C), particularly in August, aligning with peak thermal stress. Outer zones saw limited
mitigation (<0.5 °C), emphasizing the park's restricted reach into the broader urban matrix.
Importantly, the spatial configuration of the surrounding urban form shaped the extent of cooling
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diffusion. Green corridors and low-rise open layouts facilitated deeper cooling penetration in the
northeast and on both sides of the park. In contrast, high-density, impervious developments on the
park's south side created thermal barriers. This is consistent with findings by Upmanis et al.
(1998), Norton et al. (2015), and Sugawara et al. (2021), who noted that vegetated or ventilated
urban fabrics enhance the spillover cooling effect of parks.

Figure 6. Spatial distribution pattern of temperature reduction across four month (June 2024,
August 2023, August 2024, September 2023), the black frame represents the park boundary, and
the blank grid means that there are not enough buildings in this block for modeling.

3.3. Spatial Mismatch Between Cooling Demand and Supply

Cooling demand exhibited a clear spatial gradient, increasing with distance from the green core. In
the park area, thermal demand remained consistently low (7.31 ℃), while it rised slightly in the
0–1 km zone (7.32 ℃) and peaked in the 1–2 km zone at 7.79 ℃ across all months. This reflected
the combined effects of reduced vegetation cover and intensified urban heat exposure, although
Beijing Olympic Park effectively cools its immediate surroundings, more distant zones that are
typically residential and densely urbanized tend to accumulate substantial thermal stress.

In contrast, the strongest cooling supply was observed within the park itself, reaching up to
2.05 ℃ in August 2023, and decreased significantly beyond its boundary. In the 0-1 km zone,
cooling supply remained moderate, ranging from approximately 1.83 to 2.03 ℃. However, in the 1
to 2 km zone, the supply declined sharply and did not exceed 0.24 ℃. This spatial mismatch led to
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a significant regulation gap, with unmet cooling needs reaching up to around 7.56 ℃ in the 1 to
2 km ring. These peripheral neighborhoods were located mostly to the south and west, and often
coincided with zones of dense built infrastructure, including high-rise residential and commercial
districts with limited vegetation, which intensified local heat while receiving minimal cooling
benefits from the park.



14

Table 2. Cooling demand, supply, and gap across park core and surrounding buffer zones.

month zone cooling_demand cooling_supply cooling_gap

Park Area 7.31 2.05 5.26

August 2023 0–1 km Buffer 7.32 2.03 5.28

1–2 km Buffer 7.79 0.24 7.55

Park Area 7.31 1.84 5.47

September 2023 0–1 km Buffer 7.32 1.83 5.49

1–2 km Buffer 7.79 0.23 7.56

Park Area 7.31 1.86 5.46

June 2024 0–1 km Buffer 7.32 1.84 5.48

1–2 km Buffer 7.79 0.23 7.56

Park Area 7.31 1.90 5.41

August 2024 0–1 km Buffer 7.32 1.89 5.43

1–2 km Buffer 7.79 0.23 7.56
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A clear spatial mismatch emerged between the modeled cooling demand and the actual supply.
Peak thermal stress rose above 7.6℃ across the park core and its surrounding areas in the demand
modeling result, underscoring the intense urban heat buildup that lacked vegetative relief. Yet the
park’s cooling effect did not align with this demand. In the supply result, the park achieved a
notable cooling supply exceeding 2.5℃ at its center, but this benefit diminished rapidly with
distance. Consequently, the regions experiencing the greatest thermal demand roughly 1-2 km
from the park’s edge received the smallest cooling benefit. Our results indicate that beyond 1 km
the supply typically fell below 0.3℃ while local demand could climb to approximately 7.5℃.

Figure 7. Spatial distribution pattern of service supply and demand pairing. Left: Cooling Demand
of urban space without green space; Right: Cooling supply in the scenario with green space.

The spatial pattern of adjustment gap priority results from combining thermal stress intensity with
the potential energy burden caused by insufficient cooling. Cells in the park’s extensive
contiguous green areas exhibited the lowest gap scores and often remained below 0.8 °C because
high cooling supply around 2.0 °C balanced moderate demand near 7.3 °C, demonstrating an
effective service. In the zone 0-1 km beyond the park edge, patterns were more varied. Some cells
located along vegetated corridors still received residual regulation, yet many areas adjacent to
arterial roads or surrounded by impervious surfaces showed gap scores above 1.2 to 1.5 °C. These
values reveal a partial shortfall in cooling service where the urban layout hindered heat mitigation
despite the short distance to the park. The most pronounced gaps occurred in the 1-2 km buffer
beyond the park, particularly in the southeastern fringe, where gap scores rose above 1.8 °C. In
those neighborhoods demand peaked at nearly 7.5 °C while cooling input fell below 0.3 °C and
development density was high, creating persistent urban heat hotspots. Cooling benefits remained
concentrated in the park core while thermal stress extended outward.
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Figure 8. Spatial distribution pattern of adjustment gap priority score.

4. Discussion
4.1. Supply Variation in Cooling Service Across Land Cover Types

Monitoring results across spatial and temporal scales consistently showed that tree-covered areas
offer the most stable and effective cooling compared with water, grass, and impervious surfaces
because of their combined shading and evapotranspiration effects, highlighting their crucial role in
mitigating urban heat. Numerous studies highlighted that larger green patches with high tree
density consistently showed stronger regulation primarily through extensive shading and
evaporative cooling that replaced sensible heat with latent heat (Moss et al., 2019; Rendon et al.,
2024; Richards et al., 2020) . This supported our observed hierarchy of trees first, followed by



17

water and grass. Rahman et al. (2024) emphasized that transpiration alone cannot offset strong
solar heating without tree shade. Trees change temperature and relative humidity in two ways, one
is reducing the underlying surface temperature by shading(Armson et al., 2012; Horvathova et al.,
2021) . Most of the tree species in Beijing Olympic Park were mixed coniferous and broadleaved
forests, with high height and long planting time, which enhanced their ability to control land
surface temperature changes in the surrounding areas (Kowalska et al., 2025; Kuang et al., 2020).
The other way is directly affecting the air flow through the leaves by photosynthesis, and water in
the leaves evaporates. The evaporative cooling rate is related to air humidity difference and air
flow rate. When the wind speed is low, the cooling effect is strongest, but the affected air volume
is small. Higher wind speeds bring in fresher air, extending the impact range but reducing the
intensity of monomer cooling (Oke et al., 2017). The strong wind speed in Beijing expanded the
radiation range of cooling service flow of tree land. Our results also showed that the continuous
and large water body of the Olympic Park’s cooling effect is strong. Previous studies on 36 parks
in Zhengzhou identified water areas as a key cooling factor, but water’s effect depends on context
(Gao et al., 2023). Large or flowing water under dry, windy conditions may cool effectively while
small, stagnant ponds on humid days may offer limited benefit (Hu et al., 2019) . This contrast
suggests that local climate and park design, such as water size, depth and nearby vegetation,
influence water’s cooling role.

4.2. Spatial Diffusion of Cooling Flows and Factors Constraining The Reach

Our findings aligned with empirical studies showing that park cooling effects generally tapered off
within several city blocks to about 1 km. Qiu & Jia (2020)noted that in many cities cooling was
concentrated within 600 to 1000 m of large parks, beyond which it faded into the ambient urban
heat island conditions. In our case the Beijing Olympic Park which covers more than 6.8 km² and
is densely vegetated, extended this range to nearly 2 km. Comparable distances had been reported
for expansive green spaces in Mexico City under favorable conditions (Oke et al., 2017). Even for
parks of this scale however the marginal effect beyond 1 km declined sharply. In our data
temperature reductions beyond the 1 km buffer dropped below 0.5 °C and effectively blended into
the surrounding urban thermal environment. These observations reinforced that a single park’s
cooling was spatially limited and insufficient for distant urban areas (Silveira et al., 2024; Verma
et al., 2024) . The extent of park cooling depended on park size and vegetation density as well as
urban morphology and atmospheric conditions (Zaki et al., 2020). The dense part of green space
in the north of Beijing Olympic Park has a better service radiation effect, while the south part is
dominated by buildings and is closer to city center, thus its weak radiation ability is integrated into
the urban thermal environment background (Sun et al., 2025). A potential mechanistic explanation
for this imbalance is that high- density built environments near the city center generate more heat
and obstruct the movement of cool air so that localized hotspots occur even near large green
spaces (Chen et al., 2020; Yang et al., 2025).

To mitigate these effects urban planners should enhance landscape permeability around parks.
Recommended strategies include protecting and expanding green corridors maintaining wind
corridors or controling building heights in key sectors and adding small green patches as stepping
stones to extend cooling influence. Such measures are consistent with climate sensitive urban
design concepts ventilation corridors and greenway networks. He et al. (2024) recommended
linking open spaces to guide park breezes through the city and Norton et al. (2015) advocated
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integrating green infrastructure at the city scale. Although the natural decay of park cooling cannot
be avoided, its steepness may be moderated by thoughtful urban planning that promotes cold air
diffusion and prevents thermal enclaves immediately beyond major green spaces (Kim et al.,
2024; T. Zhang et al., 2024).

4.3. Supply-Demand Mismatches and Identification of Thermal Regulation Gaps

In our analysis, we quantitatively identified cooling gaps within one to two kilometers surrounding
the Beijing Olympic Park, with the most pronounced mismatches occurring in the southwestern
and northeastern sectors. In these areas, unmet cooling demand reached approximately 7.5 °C,
while modeled cooling supply remained below 0.3 °C. By weighting demand based on building
typologies categorized by height, we found that even spatially proximate areas could exhibit
markedly different levels of supply–demand mismatch. The highest-priority zones were primarily
composed of densely built commercial areas such as the central business district, where high-rise
structures and sparse vegetation dominate (Li and Sun, 2023b) . This pattern is consistent with
previous findings (Liyan et al., 2023) , and may be explained that rapid urban development and
high construction intensity tend to reduce the cooling efficiency of green spaces Guan & Zhang
(2024). In densely populated areas, this often offsets the cooling benefits provided by urban parks.
Such mismatches in ecosystem service supply and demand are not unique to Beijing. For example,
Baró et al. (2016) reported that in Barcelona, highly built-up neighborhoods were exposed to
elevated thermal stress, while the cooling benefits of urban green infrastructure were limited,
resulting in heat-vulnerable zones. And a broader study across multiple European cities further
indicated that in most identified mismatches, regulating ecosystem services provided by green
infrastructure played only a secondary or complementary role in mitigating urban-scale air
pollution and greenhouse gas emissions (Baró et al., 2015) . Implementing urban forestry and
shade-providing infrastructure around hotspot zones near parks could significantly enhance
Beijing’s thermal resilience. Bridging these service gaps may also yield feedback benefits,
allowing the cooling function of parks to become more effective over time.

4.4. Methodological Contributions and Transferability of the Supply-Flow-Demand Framework

Beyond site-specific findings, this study offers a methodological framework for assessing urban
park's cooling services within an integrated supply–flow–demand perspective. Departing from
traditional land-based evaluations, we adopt a human-centered perspective that explicitly links
cooling supply to beneficiary needs. Zhou et al. (2024) emphasized that urban park planning
should account for demographic distributions to enhance the relevance of ecosystem services.
Using the InVEST Urban Cooling model, we quantified service supply through a unified thermal
mitigation index and coupled it with building-level cooling demand derived from outdoor comfort
exceedance and height-based energy sensitivity.

A key strength of our approach lies in its ability to spatially identify mismatches between
ecosystem service supply and demand, thereby directly supporting climate-responsive urban
planning. The framework is adaptable and replicable across cities, relying on accessible inputs
such as land cover, surface temperature, and comfort thresholds, alongside open-source InVEST
tools. Moreover, by incorporating energy coefficients specific to building height, we bridge the
gap between ecological metrics and tangible outcomes related to energy use and human thermal
comfort, enhancing the policy relevance of our results (Haase and Dushkova, 2024; Wolff et al.,
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2015).

We acknowledge several limitations and future applications of this model. First, our analysis
focused on daytime summer conditions and did not consider nighttime or winter dynamics, which
may alter cooling patterns. Second, our demand metric did not account for indoor exposure,
vulnerable populations, or adaptive behaviors. Future iterations could be improved by integrating
data on energy use or heat-related health risks. Additionally, the model assumes static land cover
and meteorological conditions, while real urban environments experience shifting winds, humidity,
and development pressures. Despite these limitations, our approach provides a valuable reference
for quantifying the spatial flow of park-based cooling services within a unified grid framework. As
cities face intensifying urban heat, such integrated assessments can inform more strategic and
equitable investments in green infrastructure, ensuring that cooling services are delivered where
they are most needed and have the greatest impact.

5. Conclusions

In this study we have established a spatially explicit supply–flow–demand framework to quantify
the cooling services of a large urban park and to reveal where those services fall short of
surrounding thermal needs. By integrating field-based heat index measurements with the InVEST
Urban Cooling Model we demonstrated that tree-dominated areas within Beijing Olympic Park
deliver the most stable and intense cooling. Coupling modeled cooling supply with building-level
demand exposed clear spatial mismatches. Areas 1-2 km from the park edge, characterized by
dense built environments and scarce vegetation, experienced unmet cooling needs of up to 7.5℃.
The introduction of a gap index and a priority score has pinpointed these hotspots and provided a
quantitative basis for targeting interventions in the most vulnerable neighbourhoods. Our
methodological contributions lie in linking ecosystem service modeling to human comfort and
energy sensitivity through a uniform grid system and in offering a transferable approach for other
cities. As cities confront intensifying heat stress, targeted and equitable investment in green
infrastructure informed by supply-flow-demand analysis will be essential to ensure that cooling
services are delivered where they are needed most.
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