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Abstract

This study investigates the cooling effects of coastal wetland systems in Hue City, Vietnam.
The analysis focuses on their riparian buffer zones, defined here as areas within 600 m of
the wetland boundary. Landsat 8 imagery was used to derive land surface temperature
(LST) from 1 March to 31 July 2025—a recent period marked by multiple heatwaves across
the region. To assess the cooling performance of wetlands, data samples were collected
within the buffer zones. A Light Gradient Boosting Machine was trained to characterize
the relationship between cooling intensity and a set of influencing factors (e.g., distance to
wetland boundary, land use/land cover, built-up density, and green space density). The
model explains approximately 91% of the variation in cooling intensity around wetlands.
Notably, a machine-learning-based simulation framework was proposed to attain insights
into the cooling characteristics of the riparian zone. The result indicates a mean cooling
effect of about 2 ◦C and an effective cooling distance of 210 m from the wetland boundary.
Partial dependence analysis further reveals that increasing built-up density substantially
weakens cooling performance and implies that, for the conditions observed in Hue City,
maintaining built-up density near wetlands below roughly 45% is favorable for sustaining
effective cooling of the blue space, as indicated by the model-based partial dependence
analysis. Overall, the research findings provide a data-driven basis for informing urban
planning and wetland management in Hue City to mitigate heat stress.

Keywords: cooling intensity; Hue City; land surface temperature; machine learning; wetland

1. Introduction
1.1. Research Background and Motivation

Urbanization across the world has caused significant alterations in landscape pat-
terns and processes. The expansion of built-up areas has increased impervious surface
coverage and reduced blue-green spaces [1–4]. As cities grow larger, the balance of radiant
energy changes and the amount of anthropogenic heat release rises. Wind flow as well as
heat exchange between urban environments, rural surroundings, and the atmosphere are
considerably affected [5].

In recent years, the combined influence of climate change and land use or land cover
(LULC) transformation has brought about frequent and intense heatwaves worldwide [6].
Accordingly, urban heat stress has become a serious concern, especially for residents in cities
where temperatures exceed those of rural areas because of the Urban Heat Island (UHI)
effect [7–9]. UHI results in higher energy and water demand, more severe air pollution, and
altered weather conditions [10,11]. These conditions negatively affect the health, comfort,
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and overall well-being of urban populations [12,13]. It is therefore essential to conduct
detailed studies and implement effective mitigation strategies in urban planning and design
to reduce the harmful effects of heat stress.

Over the past decade, heat stress in the Central region of Vietnam, including Hue
City, has intensified due to rapid urban expansion and the continuing effects of climate
change [14]. Studies have revealed notable increases in both the frequency and intensity of
heat stress events across the country [15,16]. As a result, the number of hot days has risen
during the summer months [16] and urban heat stress has become a critical public health
concern in this region [17]. Multiple heatwaves in dry seasons often cause higher rates of
heat-related and respiratory illnesses, greater energy demand for cooling, and declining
thermal comfort in urban areas. According to local media reports, Hue City experienced
extreme heatwaves during the 2025 dry season, when outdoor temperatures reached
about 40 ◦C on multiple occasions. These events caused widespread urban heat stress
and triggered several forest fires. These facts demonstrate the urgent need for consistent
monitoring and modeling of urban heat conditions in Hue. Additionally, evaluating
the effectiveness of cooling features and nature-based elements in the city is essential
for identifying sustainable solutions to mitigate heat stress and guide urban planning in
the region.

Various studies have indicated that urban blue-green spaces could provide an effective
approach to enhance urban heat comfort, as these spaces are both cost-efficient and environ-
mentally sustainable [18,19]. Large water bodies located within urban or peri-urban areas,
such as rivers, lakes, and wetlands, are considered valuable resources for improving heat
comfort for city dwellers [20,21]. Because water has a higher specific heat capacity than
most surface materials, it warms up more slowly during the day. This property allows water
bodies to create localized cool islands that moderate surrounding air temperatures [22,23].
The growing recognition of the cooling benefits provided by blue-green spaces demon-
strates their potential as an effective strategy for mitigating the UHI effect. In addition to
their thermal regulation function, urban blue spaces contribute to regional climate stability,
help maintain ecological balance, and enhance the diversity of urban environments.

Among various types of blue spaces, wetlands are vital ecosystems that provide criti-
cal hydrological and ecological functions, including temperature regulation, flood control,
carbon storage, and wildlife habitat. Wetlands typically consist of open water surfaces com-
bined with patches of vegetation; these unique landscapes form transitional zones between
aquatic and land-based environments. The capacity to model their spatial distribution and
hydrological behavior is fundamental for assessing their ecological and climatic roles [24].
Coastal wetlands, in particular, constitute an integral part of global coastal systems, serving
as buffer zones containing highly productive ecosystems that link nearshore areas with in-
land regions [25]. Wetlands situated within built-up urban environments can substantially
reduce local air temperatures with strong cooling effects [26–28]. These cooling effects are
brought about via latent heat fluxes from open water, evapotranspiration from wetland
vegetation, and shading along their shorelines [29–31]. These landscapes can also influence
regional climate conditions by altering how energy is distributed between sensible and
latent heat in the atmosphere [24]. In particular, wetlands can improve thermal comfort in
cities and help lower air pollution levels. Accordingly, quantifying the cooling magnitude
and spatial extent of their influence is essential for understanding their contribution to
urban thermal comfort.

Remote sensing and machine learning provide essential tools for analyzing ur-
ban heat dynamics and assessing the cooling performance of blue spaces such as wet-
lands. Remote sensing techniques have become increasingly important in urban thermal
studies [32,33]; these techniques offer a more comprehensive and cost-effective approach
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than ground-based temperature observations. Land surface temperature (LST) data derived
from thermal infrared sensors, such as those on Landsat satellites, allow precise monitoring
of surface heat patterns [34] and the detection of cooling effects associated with blue-green
infrastructures [35–37]. Moreover, cloud-computing platforms like Google Earth Engine
(GEE) enable rapid processing, extraction, and visualization of large-scale satellite datasets.
GEE thereby provides substantial support for high-resolution environmental analyses [38].

In recent years, machine learning has been used to enhance remote sensing applications
by enabling the automated classification, prediction, and interpretation of large-scale
and complex datasets [39,40]. Machine learning-based models can help identify hidden
spatial patterns and nonlinear relationships in multi-source and multivariate datasets. The
integration of remote sensing and machine learning methods has therefore improved the
accuracy and efficiency of models that quantify urban heat stress and evaluate the cooling
intensity of blue spaces [33,41–43]. Among machine learning algorithms, advanced gradient
boosting machine models offer many advantages for analyzing large-scale and complex
remote sensing datasets. They can handle nonlinear relationships and interactions among
multiple environmental variables while maintaining high predictive accuracy [41,44]. These
models are also resistant to overfitting and perform well with heterogeneous data derived
from complex datasets.

In light of the severity of urban heat issues and the limited understanding of how
blue spaces influence local thermal environments in the Central region of Vietnam, this
study proposes a data-driven framework for assessing the cooling performance of major
wetland systems in Hue City, specifically the Tam Giang–Cau Hai and Lap An lagoons. The
study employs an integrated approach that combines remote sensing, geospatial analysis,
and the Light Gradient Boosting Machine (LightGBM) algorithm to quantify the cooling
intensity and spatial influence of these wetlands on surrounding urban areas. As an ad-
vanced tree-based ensemble method, the LightGBM regressor can efficiently handle large,
high-dimensional datasets and capture complex nonlinear relationships. Thus, applying
LightGBM enables efficient processing of large-scale spatial datasets while achieving good
predictive accuracy. In addition, a simulation-based framework is introduced to estimate
the effective cooling distance and average cooling intensity within wetland buffer zones.
By examining the relationships between cooling intensity around wetlands and urban
context, this research contributes to a more comprehensive understanding of thermal
regulation mechanisms in tropical coastal cities. The findings are expected to provide
data-driven evidence for climate-resilient urban planning and to encourage the incorpora-
tion of nature-based solutions, particularly wetlands, into strategies for mitigating urban
heat stress.

1.2. Research Gaps

Considering the severity of urban heat stress and the limited understanding of how
blue spaces influence local thermal environments in the Central region of Vietnam, particu-
larly in Hue City, several important knowledge gaps remain.

First, there is still considerable debate regarding the roles of landscape composition
and configuration in determining cooling performance. Additionally, existing findings
on the cooling effects of blue spaces are difficult to generalize across cities. As a result,
the functional relationships between wetland cooling performance and the surrounding
landscape composition and configuration in Hue City remain insufficiently understood.

Second, while previous research has shown that urban cooling is influenced by overall
landscape patterns, the relationship between the detailed morphological spatial patterns of
urban components (e.g., density of built-up area, vegetation, and bareland) and wetland
cooling performance has not been systematically clarified. In particular, machine learning-
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based assessments of wetland cooling intensity that explicitly account for the surrounding
urban context are still scarce.

Third, distance–LST scatter diagrams are widely used to qualitatively describe the
cooling effects of blue spaces; however, these approaches are sensitive to surrounding land
covers and broader urban landscape patterns, which can obscure the true effective cooling
range. There is a need for a more reliable and fully automated framework to objectively
quantify the effective cooling distance of wetlands in Hue City.

Finally, there is a lack of quantitative analysis of how surrounding built-up areas affect
the cooling performance of wetlands in Hue City. Suitable thresholds for built-up density
around wetlands have not yet been identified using data-driven methods, which limits
evidence-based planning and regulation in these areas.

1.3. Research Objectives

This paper aims to enhance understanding of the cooling effects of Hue City’s wetlands
by combining remote sensing data with the Light Gradient Boosting Machine (LightGBM).
First, we quantify cooling intensity in the riparian zones of the Tam Giang–Cau Hai and Lap
An lagoons, the two major wetland systems in the region. Second, we examine how local
landscape characteristics and the urban setting influence this cooling effect. Third, a fully
data-driven, automated framework is developed for estimating the effective cooling range
of wetlands. Fourth, machine learning-based feature importance and partial dependence
analyses are applied to identify the main factors influencing cooling intensity and to inform
urban planning.

1.4. Related Works

In recent years, intensified urbanization and ongoing climate change have increased
interest in studying urban thermal environments and the cooling effects of blue-green
spaces [45–48]. Previous studies have shown that blue-green spaces can substantially
mitigate urban heat. Murakawa et al. [49] reported that a river can reduce air temperature
by up to 5 ◦C, with cooling effects extending nearly 100 m from the riverbank. Collectively,
existing work also indicates that the size, shape, connectivity, and spatial configuration
of blue-green spaces strongly influence their cooling capacity [1,50]. Moreover, local
environmental conditions are important since water bodies in lower-latitude cities generally
exhibit stronger cooling effects than those in higher-latitude regions [51].

Various studies have examined the cooling intensity and effective range of urban
blue spaces. In Beijing, it was reported that 91% of the water-related cooling effect oc-
curred within 600 m, with a mean cooling intensity and efficiency of 0.54 ◦C/hm and
1.76 ◦C/hm/ha [52]. Du et al. [53] similarly found an average effective cooling distance of
about 740 m and a temperature difference of roughly 3.3 ◦C, with wider rivers generating
longer cooling distances. Distance–LST scatter plots are widely used to depict how cool-
ing intensity decays with distance from the shoreline [54,55], but this approach becomes
difficult in complex urban settings where blue-space cooling is strongly influenced by
surrounding land-cover types and overall landscape patterns [56].

Geographic information system (GIS) and remote sensing were employed to examine
how land use and proximity to wetlands shape LST patterns. Based on correlations
between LST, LULC, and distance from the coastline, it was found that wetlands provide
a notable cooling effect extending roughly 400 m from their boundaries [57]. It was also
emphasized that land-use decisions around wetlands should account for this climate-
regulating function [57]. Xue et al. [58] quantified UHI intensity and evaluated the cooling
efficiency of urban wetlands in northeast China using a split-window LST algorithm
applied to Landsat-8 data.
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Bera et al. [34] investigated the influence of urban wetlands on microclimatic condi-
tions and their role in moderating UHI intensity in a hinterland region. Using Landsat
satellite imagery, the study analyzed temperature differences and gradients from wetland
shorelines to the urban periphery across seven major urban wetlands. Results indicated a
temperature variance of 3.41 ◦C between inner and outer buffers. These findings empha-
size the significant cooling contribution of wetlands to urban thermal regulation. Zheng
et al. [59] analyzed the cooling effects of major urban lakes and found that they significantly
reduced LST in their surrounding areas. The cooling influence extended up to 471 m around
the lake’s shoreline. Moreover, their potential cooling effects could reach up to 3.7 km.

In Qiu et al. [60], 28 blue spaces were examined; it was found that their cooling
distances varied from 63.75 to 370 m (mean = 175.58 m) and cooling magnitudes varied
from 0.73 to 5.04 ◦C (mean = 2.0 ◦C). The findings revealed that blue spaces exhibit stronger
cooling effects than green spaces, as smaller blue spaces can achieve temperature reductions
comparable to those of much larger green areas. The cooling effects of ten wetland parks in
Guangzhou (China) were examined using Landsat 8 data [28]. Using buffer zones within
600 m, the authors assessed LST across local climate zones and found that temperature
patterns in surrounding built-up areas clearly reflected the parks’ cooling influence.”

Quan et al. [61] investigated how blue-green space characteristics influence LST and
park cooling intensity using a machine learning-based ensemble model. The study found
that blue-green spaces corresponded to cooler urban zones, with average temperatures of
up to 2 ◦C lower than built-up areas and up to 8 ◦C lower at maximum. Key determinants
of LST included blue space proportion, area, and vegetation cover, while park cooling
intensity was primarily influenced by blue-green space width, vegetation cover, and patch
density. The authors revealed nonlinear relationships in the collected data and showed
that the cooling intensity peaked when blue-green spaces were 140–310 m wide and that
vegetation coverage above 56% marked thresholds for stronger cooling effects. Zhou
et al. [62] proved that the characteristics of nearby green spaces could account for the
seasonal variation in cooling effects observed across different sections of the studied
blue spaces.

Yan et al. [63] examined the cooling effects of 13 urban wetlands using multi-ring
buffer analysis and a random forest model to quantify both significant and potential
cooling scales and intensities. The study found that potential cooling scales ranged from
10,284 m to 44,408 m, with cooling intensities between 0.35 ◦C and 1.81 ◦C. By analyzing the
relationships between wetland characteristics and their thermal effects, the authors showed
that landscape patterns strongly influence cooling performance. They further proposed
urban design strategies to optimize wetland configurations for enhanced thermal comfort.
Giang, Huong [21] employed an integrated GIS and remote sensing approach, combined
with spatial statistical analysis, to assess how water bodies influence LST and mitigate
urban heat. Using remote sensing data, the authors developed detailed maps of land use,
vegetation, and water bodies to quantify cooling effects at distances of 10, 50, and 150 m.
Results showed an average cooling effect of 0.35 ◦C and a nonlinear relationship between
the cooling intensity and the surface area. Moreover, the cooling influence was strongest
within 50 m of the investigated blue spaces’ shorelines.

Previous work generally demonstrates that blue-green spaces, and wetlands in par-
ticular, can substantially reduce LST over varying distances and with differing cooling
intensities. Additionally, the findings highlight that cooling performance is strongly condi-
tioned by landscape composition, configuration, and local climatic context. These findings
emphasize the need for further investigation and the adoption of data-driven approaches to
disentangle these nonlinear relationships and to support the climate-responsive planning
and design of urban wetlands.
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2. Research Method and Materials
Figure 1 displays the methodological framework of the current study. The research

framework integrates remote sensing, geospatial analysis, and machine learning to quantify
the cooling performance of wetlands and their effective cooling range. Remote sensing
data are first processed into spatial variables describing influencing factors (distance to
wetland boundary, urban morphology, topography, land use/land cover (LULC), and
proximity-based features) and cooling intensity. Based on such maps, data samples are
extracted to build a spatial dataset.

Distance to 
wetland boundary

Urban morphology

Topographic 
features

Land use/land cover

Proximity 
featuresRemote sensing 

data

Geospatial data 
analysis

Influencing factors Cooling intensity

Spatial variables Data sampling 

Training 
set (70%)

Testing set 
(30%)

The collected 
Dataset

Data preparation

LightGBM 
model training

LightGBM 
model prediction

Performance 
evaluation

Machine-learning-based simulation and sensitivity 
analysis framework

Partial dependence analysis for built-up density

Effective cooling range

Figure 1. The workflow for assessing wetland cooling effects.

The densities of bareland, built-up area, and green space are used to characterize
urban morphology. The proximity-based features consist of distances from rivers, lakes,
and coastlines. The compiled spatial dataset is then split into training (70%) and testing
sets (30%). The first set is used to train a LightGBM model; the second set is reserved
to evaluate the model’s predictive capability. The trained machine learning model is
subsequently used to perform a sensitivity analysis that estimates the effective cooling
range around wetlands. Finally, partial dependence analysis with built-up density is
conducted to interpret model behavior and to reveal how surrounding urban development
affects the wetland’s cooling intensity.

2.1. General Description of the Study Area

The urban center of Hue City (refer to Figure 2) is located in the Central re-
gion of Vietnam. This region is considered one of the country’s most prominent
heritage sites and retains a rich concentration of historical and cultural assets. The
city is internationally renowned for the Complex of Hue Monuments, which has
been recognized by UNESCO. Hue is one of Vietnam’s key tourism hubs; the city
received around 1.5 million visitors in 2010 [64]. This fact reflects its cultural and
economic importance.
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Figure 2. The study area and wetland boundary (true color composite Sentinel-2 imagery). Data
source: European Union/ESA/Copernicus.

The topography of Hue is characterized by diverse natural features that strongly
influence its local climate and landscape structure. To the west lies the Truong Son Mountain
range, with elevations ranging from low hills to peaks of approximately 1760 m [65]. The
East Sea borders the area to the east. The Huong River flows through the urban core and
divides the city into northern and southern sectors. The region also contains extensive
coastal wetlands along the East Sea, most notably the Tam Giang–Cau Hai and Lap An
lagoons. These wetlands cover a total area of approximately 257 km2 and function as key
climate-regulating features. They provide substantial cooling during heat waves and help
to moderate local thermal extremes.

Hue has a typical tropical monsoon rainforest climate, characterized by hot periods
from March to August, when maximum temperatures can reach 35–40 ◦C. Annual rainfall
is also high, averaging approximately 2500–3500 mm, with a pronounced rainy season
from around October onward [65]. In recent years, due to the effects of climate change and
urbanization, extreme heat has intensified, with peak temperatures often in the range of
37–40 ◦C. These heat waves amplified heat stress for residents in densely built-up areas [66].
Consequently, there is an urgent need to evaluate the cooling capacity of urban blue–
green spaces and their influencing factors to support the mitigation of urban heat stress in
Hue City.

2.2. Spatial Dataset Development
2.2.1. Remote Sensing Data

This study integrates multi-source remote sensing datasets to characterize land sur-
face conditions across the study area (refer to Table 1). LST was derived from thermal
observations acquired between 1 March and 31 July 2025. Elevation data were obtained
from the NASA Shuttle Radar Topography Mission (SRTM) digital elevation model with a
spatial resolution of 30 m; this data provides topographic context for the analysis. Data
from Sentinel-2 imagery acquired between 1 January and 30 September 2025 was used to
prepare a LULC map with four classes: bare land, built-up area, green space, and water
body. This LULC map was subsequently used to derive the cooling-intensity map and
urban morphological indicators for the study area. Moreover, road network information
for Hue City was obtained from OpenStreetMap and extracted via the bbbike.org platform.
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Table 1. Remote sensing data.

Dataset Time Period Bands Spatial Resolution

NASA SRTM
Digital Elevation 30 m -- Elevation 30 m

Sentinel-2 1 January 2025–30 September
2025

B2, B3, B4, B5, B6, B7,
B8, B8A, B11, B12

10 m (B2, B3, B4, and B8)
20 m (B5, B6, B7, B8A, B11, and B12)

Landsat 8 1 March 2025–31 July 2025 SR_4, SR_5, and ST_B10 30 m

2.2.2. Land Surface Temperature Retrieval

The analysis of wetland cooling intensity requires the retrieval of LST from Landsat-8
thermal data. In this study, LST data in Hue City was obtained from the USGS Landsat
8 Collection-2 Level-2 surface temperature product. The remote sensing data is retrieved
from 1 March to 31 July 2025, a period characterized by multiple heatwaves in the region.
A median operator is also applied to represent the typical thermal condition during the
observation window while minimizing the influence of irregular data or outlier values.

It is noted that the thermal band ST_B10 is stored as a digital number that must be
scaled to Kelvin. Hence, in the first step, the brightness temperature TB is computed as
follows [67,68]:

TB = 0.00341802 × DNST_B10 + 149, (1)

where DNST_B10 is the digital number of band 10 of the Landsat 8; 0.00341802 and 149.0 are
two scaling factors.

Moreover, the emissivity-adjusted LST is computed as follows [69]:

TS =
TB

1 + (λ × TB/ρ)× ln(ε)
− 273.15, (2)

where TS is the estimated LST measured in Celsius (◦C); λ (10.8 µm) is the wavelength
of emitted radiance; ρ = h × c/b (1.438 × 10−2 mK), where h is Planck’s constant
(6.626 × 10−34 Js), c denotes the velocity of light (2.997 × 108 m/s), and b is Boltzmann’s
constant (1.38 × 10−23 J/K); 273.15 is the factor used for converting the temperature from
Kelvin (K) to Celsius (◦C); ε denotes a coefficient of the land surface emissivity, which is
computed in the following manner [70]:

ε = 0.004 × Pυ + 0.986, (3)

where Pυ is the vegetation proportion.
Pυ is computed by the Normalized Difference Vegetation Index (NDVI) as follows [67]:

Pυ = (
NDVI − NDVImin

NDVImax − NDVImin
)

2
, (4)

where NDVImin and NDVImax denote the minimum and maximum values of NDVI,
respectively.

Additionally, NDVI can be computed from Landsat 8’s bands in the following equation:

NDVI =
SR_B5 − SR_B4
SR_B5 + SR_B4

, (5)

where SR_B5 and SR_B4 denote the near-infrared and red bands of Landsat 8, respectively.
Furthermore, a robust statistical procedure was applied to the LST data to characterize

typical thermal conditions in the study area and reduce the influence of anomalous values
as well as infrequent extremes. Specifically, the empirical distribution of all LST pixels
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over the study period was examined, and pixels with values below the 1st percentile or
above the 99th percentile were treated as potential anomalies or outliers and excluded from
subsequent analysis. Accordingly, only pixels with values in the range [20.23 ◦C, 42.35 ◦C]
were retained. In other words, this procedure preserves the central 98% of the empirical
LST distribution and discards the lowest 1% and highest 1% tails. Figure 3 presents the
final LST in the study area from 1 March to 31 July 2025.

 

Figure 3. Land surface temperature map.

2.2.3. The Spatial Dataset Used for Cooling Intensity Estimation

In the current work, cooling intensity is computed as the temperature difference
between the mean LST of all built-up and bare-land pixels and the LST at a specific pixel
surrounding a wetland. Accordingly, the cooling intensity at location [i, k] is calculated
using the following expression:

CI[i, k] =
_____
LSTB − LST[i, k], (6)

where
_____
LSTB denotes mean LST of all built-up and bareland pixels; CI[i, k] and LST[i, k] are

the cooling intensity and LST at location [i, k], respectively.
To derive the cooling intensity map, it is necessary to establish an LULC map for the

study area. The LULC map was computed on the Google Earth Engine platform using a
Random Forest classifier with 50 trees and Sentinel-2 multispectral bands. The classification
output included four categories: bare land, built-up area, green space, and water body. For
each class, 600 samples were collected; hence, the total number of data samples is 2400.
The actual labels were interpreted and verified with the assistance of Google Earth Pro.
The collected dataset was divided into a training set (80%) and a testing set (20%). The
classification model attained high class-specific accuracies: 84.48% for bare land, 84.55%
for built-up, 96.48% for green space, and 99.08% for water body. The LULC map (refer
to Figure 4) was subsequently resampled to a spatial resolution of 30 m and prepared in
QGIS 3.34.10.
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https://doi.org/10.3390/ijgi15030129


ISPRS Int. J. Geo-Inf. 2026, 15, 129 10 of 29

Figure 4. LULC map.

Based on the established LULC and LST maps, a zonal operation can be used to
compute the mean LST of all bare-land and built-up pixels. Let T (x) denote the LST at
pixel x and let C (x) denote the LULC class at pixel x. The indicator set of all bare-land and
built-up pixels can be defined as follows:

Ω = {x : C(x) ∈ {Bareland, Built − up}}. (7)

The mean LST over this zone is given by

TΩ =
1

NΩ
∑

x∈Ω
T(x) (8)

where TΩ and NΩ are the average LST of all bare-land and built-up pixels and the total
number of pixels in the Ω.

This zonal mean serves as a reference temperature against which the cooling perfor-
mance of the studied wetlands is evaluated. The cooling intensity at any pixel is therefore
interpreted as how much cooler (positive values) or warmer (negative values) that pixel is
relative to TΩ, that is, relative to the average thermal conditions of the combined bare-land
and built-up surfaces. Based on the aforementioned zonal operation combining the LULC
and LST maps, the mean LST of all bare-land and built-up pixels was found to be 34.09 ◦C.
Accordingly, the cooling intensity map for the study area is illustrated in Figure 5.

 

Figure 5. Cooling intensity map.
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Topographic characteristics are widely recognized as important factors influencing
the spatial variability of LST, primarily through their regulation of air circulation and of
solar radiation [71–73]. In this research, elevation (Figure 6a), slope (Figure 6b), and aspect
(Figure 6c) are employed to characterize the influence of topography on the thermal behav-
ior of riparian zones surrounding wetlands. Moreover, urban features are key determinants
influencing LST and the resultant cooling intensity within urban environments [35,74].
Besides LULC, which describes the functional and compositional characteristics of the
surface, this study also incorporates the densities of bare land, built-up areas, and green
spaces to characterize urban morphology. These indicators are presented in Figure 7. It is
noted that a morphological mean filter with a 210 m window size was applied to generate
the density maps.

 
(a) 

 
(b) 

(c) 

Figure 6. Topographical features: (a) elevation, (b) slope, and (c) aspect.
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(a) 

 
(b) 

 
(c) 

Figure 7. Urban morphological features: (a) Bareland density, (b) built-up density, and (c) green
space density.

Needless to say, urban morphological features play a significant role in shaping the
spatial heterogeneity of LST as well as cooling intensity. High densities of built-up areas are
typically associated with high LST due to the prevalence of impervious materials such as
concrete and asphalt. These materials absorb and retain solar energy during the day. They
release the heat slowly at night, thereby tending to intensify the UHI effect and diminish
local cooling intensity. Similarly, bare land surfaces tend to exhibit higher LST because of
limited vegetation cover. In contrast, green spaces—encompassing trees, shrubs, and grass-
covered areas—act as effective thermal regulators through shading and evapotranspiration
processes. Consequently, higher green space density tends to amplify cooling intensity,
particularly around blue spaces.
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The local urban context plays a vital role in determining the cooling intensity of wet-
lands, as surrounding landscape elements and anthropogenic structures jointly influence
the spatial patterns of LST. Nearby lakes can provide additional sources of evaporative
cooling, reinforcing the thermal moderation effect produced by wetlands. Similarly, prox-
imity to coastlines often contributes to lower air and surface temperatures due to the
sea–land breeze circulation and the high heat capacity of water bodies. Moreover, nearby
rivers may also enhance the overall cooling performance of wetlands by expanding the
area of moisture exchange and the cooling associated with evaporation from water sur-
faces. In contrast, infrastructures such as road networks tend to introduce considerable
anthropogenic heat through vehicle emissions and thermal radiation from pavement ma-
terials. Therefore, this study incorporates proximity-based variables of distance to lake
(Figure 8a), distance to coastline (Figure 8b), distance to river (Figure 8c), and distance to
road (Figure 8d) to capture the combined effects of hydrographic influences, background
cooling potential, and heat sources within the surrounding urban landscape. In addition to
the aforementioned variables, distance to wetland boundary is used to characterize how the
intensity of wetland-induced cooling varies with increasing separation from the wetland
edge. This variable enables the analysis to capture the spatial variation in cooling benefits
and to quantify the extent to which wetlands can effectively mitigate the heat stress in their
surrounding areas.

 
(a) 

 
(b) 

 
(c) 

Figure 8. Cont.
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(d) 

Figure 8. Proximity-based features: (a) distance to lake, (b) distance to coastline, (c) distance to river,
and (d) distance to road.

In this study, 100,000 sample points are randomly extracted within a 600 m buffer zone
around the wetland boundary to represent the local thermal and environmental conditions.
Accordingly, the dataset comprises 12 conditioning factors that characterize topography,
land cover, urban morphology, and the context of the study area for predicting cooling
intensity around the studied wetlands. The compiled spatial dataset is stored as a stack of
raster layers, which includes the cooling intensity and all the explanatory variables. The
statistical description of these conditioning factors is summarized in Table 2.

Table 2. Statistical description of the variables in the dataset.

Variables Unit Min Mean Std Max

Elevation m −13.00 10.47 22.14 229.00
Slope ◦ 0.00 3.81 5.37 40.83
Aspect ◦ 0.00 145.53 111.20 358.51
LULC -- 0.00 1.53 0.87 3.00
Bareland density -- 0.00 0.18 0.20 1.00
Built-up density -- 0.00 0.17 0.22 1.00
Green space density -- 0.00 0.55 0.34 1.00
Distance to wetland boundary m 0.00 255.26 172.23 599.96
Distance to river m 0.07 8522.58 9191.82 37,578.94
Distance to lake m 3837.77 12,454.48 5673.77 30,641.80
Distance to coastline m 0.18 3860.95 3065.68 12,758.89
Distance to road m 0.00 620.47 1719.96 9472.68
Cooling intensity ◦C −7.91 2.01 3.85 14.08

2.3. Light Gradient Boosting Machine Regressor for Cooling Intensity Estimation and Performance
Evaluation Metrics

The Light Gradient Boosting Machine (LightGBM), proposed by Ke et al. [75], is an
advanced gradient boosting framework that employs decision trees as its base learners.
The LightGBM regressor used for cooling intensity estimation is illustrated in Figure 9.
This machine learning approach is used to generalize a functional mapping between a
set of explanatory variables and the cooling intensity. In general, LightGBM combines a
set of weak regression trees to construct a more powerful predictive model. A LightGBM
model is built in a stage-wise manner, where each successive iteration is designed to
reduce the errors of the preceding model. The resulting ensemble model is obtained by
integrating all decision trees into a single predictive function. In this study, the LightGBM
model is implemented using the built-in functions provided in its official library (https:
//lightgbm.readthedocs.io/ (accessed on 12 November 2024)).
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Figure 9. The LightGBM model used for cooling intensity estimation.

The LightGBM regressor offers several major advantages for modeling large-scale,
multivariate, and nonlinear spatial datasets. Its leaf-wise tree growth strategy, which
repeatedly splits the leaf that maximally reduces the loss function, enables the model to
discover complex, high-order interaction structures in the data [76]. This targeted splitting
mechanism is particularly beneficial for geospatial applications, where relationships be-
tween environmental predictors and response variables often exhibit strong nonlinearity
and spatial heterogeneity.

Moreover, the use of Gradient-based One-Side Sampling, which prioritizes samples
with larger gradient magnitudes, substantially improves the training efficiency of Light-
GBM without compromising accuracy. Consequently, LightGBM can handle very large
spatial datasets while maintaining feasible training times and memory usage. This capabil-
ity is particularly important when working with multiple raster files and a large number of
data points. LightGBM also incorporates Exclusive Feature Bundling (EFB), an efficient
approach to dimensionality reduction that combines sparse, mutually exclusive features
into bundles [77]. This technique minimizes redundancy in the feature space and reduces
computational cost while retaining the most relevant predictors. For more details on the
features of LightGBM, readers are referred to previous works [78,79].

LightGBM can help attain good predictive accuracy due to its efficiency in handling
large datasets and complex nonlinear relationships. Nevertheless, as a tree-based ensemble
approach, LightGBM operates as a black box. This fact brings about difficulties in interpret-
ing the individual effect of an input feature. To address this issue, a partial dependence
plot (PDP) [80] can be used to visualize how one selected predictor influences the model’s
predicted cooling intensity while averaging the effects of all other variables. By illustrating
the marginal relationships between a predictor and a target variable, a PDP provides valu-
able insights into the underlying behavior of the LightGBM model. In this study, the PDP
analysis was conducted using the scikit-learn library [81]. We rely on a PDP to evaluate the
effect of built-up density on the cooling performance of wetlands.

Within the framework of spatial modeling for cooling intensity, we aim to accurately
predict the spatial variation in cooling intensity from a set of explanatory factors. Assessing
model performance is crucial for determining how well the machine learning approach cap-
tures the underlying spatial relationships. Accordingly, this study relies on the Root Mean
Square Error (RMSE), Mean Absolute Error (MAE), and the coefficient of determination
(R2). These metrics are calculated as follows:

RMSE =

√√√√ 1
N

N

∑
i=1

(yi − ti)
2, (9)

MAE =
1
N

×
N

∑
i=1

|yi − ti|, (10)
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R2 = 1 −

N
∑

i=1
(ti − yi)

2

N
∑

i=1
(ti − t)2

, (11)

where ti and yi are the actual and estimated cooling intensity values of the ith data point,
respectively. N denotes the total number of data points.

The performance of a LightGBM–based regression model for predicting cooling in-
tensity can be effectively assessed using the aforementioned metrics. RMSE measures the
average magnitude of prediction errors; it assigns greater weight to larger deviations and
thus is sensitive to outliers. MAE reflects the average absolute difference between predicted
and observed values; this index offers a more interpretable measure of typical prediction
accuracy. Meanwhile, the coefficient of determination indicates how well the model ex-
plains the variance in the observed data, with higher values signifying stronger predictive
relationships. R2 can be used to assess the overall explanatory power and generalization
capability of the LightGBM model in predicting spatial cooling intensity patterns.

3. Machine Learning-Based Simulation Framework for Estimating the
Effective Cooling Range of Wetlands

Urban planners need to estimate how far the cooling effect of wetlands extends into sur-
rounding areas to support zoning decisions, building regulations, and climate-adaptation
strategies. This estimate also provides insight into the cooling capacity and spatial influence
of wetlands. Based on the analysis result, it is able to identify which conditions deliver the
strongest local temperature mitigation and where additional preservation or restoration
would be most prioritized. Moreover, characterizing the effective cooling range enables
comparisons of wetland configurations and landscape settings. In the present work, a
model-based simulation framework, which is essentially a sensitivity analysis approach, is
used to explore how predicted cooling intensity responds to distance from wetlands under
varying background conditions and to derive an effective cooling range.

The employed simulation framework offers several benefits. It is fully data-driven and
relies on an empirically trained LightGBM model to infer cooling–distance relationships
directly from observations. Once the model is trained, the simulation procedure is entirely
automated. It systematically generates cooling profiles and detects the effective cooling
range without the need for manual data processing. This process can be easily extended to
larger datasets or additional wetlands.

The simulation framework (Figure 10) relies on a Monte Carlo–style procedure that
uses the trained LightGBM regressor to perform a sensitivity analysis of predicted cooling
intensity with respect to distance from the wetland and to estimate the effective cooling
distance. This distance is defined as the first considerable local minimum in the predicted
cooling-intensity profile along a distance gradient from the wetland. The model is first
fitted to predict cooling intensity from a set of explanatory variables. A random observation
from the original dataset is then selected. The model is used to generate synthetic cooling
profiles by systematically varying only the distance to the wetland while holding all other
features fixed. A regular distance grid from 0 to 600 m in 30 m steps is used to approximate
the spatial cooling profile away from the wetland boundary. The step size of 30 m is selected
to match the spatial resolution of the Landsat imagery.

This process yields one cooling curve per simulation. For each predicted cooling
curve, a moving average with a smoothing window of 3 is applied to reduce small, noisy
fluctuations so that only meaningful changes in cooling intensity can be recognized. This
window length was chosen to smooth minor point-to-point variations while preserving the
overall shape of the cooling profile. After a specified number of simulations (N), all the
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cooling curves are then subsequently combined to compute a mean cooling profile. The
framework then analyzes the mean cooling profile to locate the first local minimum. To
eliminate minor fluctuations in the profile, a local minimum is considered valid only if it
represents a drop of at least 0.1 ◦C from the highest smoothed value observed so far. This
threshold is chosen to distinguish meaningful local minima from negligible variation. The
corresponding distance on the grid is interpreted as the effective cooling range. In other
words, this is the distance beyond which the marginal cooling effect of the wetland becomes
substantially weaker. Although the chosen framework parameters (30 m distance step,
smoothing window of 3, and 0.1 ◦C drop threshold) are reasonable for the present study,
the estimated effective cooling distance may vary to some extent if different parameter
values are adopted.

Figure 10. Workflow of the model-based simulation and sensitivity analysis used to estimate the
wetland cooling range.

4. Prediction Results
This section presents the results of cooling intensity estimation using the employed

LightGBM regressor. The machine learning approach was constructed and tested with a
spatial dataset collected in the coastal area of Hue City. Notably, a 600 m buffer surrounding
wetlands was defined, within which 100,000 random sampling points were generated. To
model the spatial variation in the cooling intensity, 12 explanatory variables were used. The
dataset was randomly divided into two subsets: 70% for training and 30% for testing. It
should be noted that, because the samples are spatially continuous, this random split may
affect the model’s performance due to spatial autocorrelation among nearby observations.
The LightGBM model utilized the training data to infer a nonlinear relationship between
those 12 conditioning factors and the wetlands’ cooling intensity.

In this study, the hyperparameters of the LightGBM regressor were tuned using 5-fold
cross-validation on the training dataset to achieve a balance between model accuracy and
generalization. The training set was randomly partitioned into five mutually exclusive
folds; for each candidate hyperparameter configuration, the model was fitted on four
folds and evaluated on the remaining fold. This process was repeated so that each fold
served once as validation. The average RMSE across the five folds was used to assess each
configuration, and the hyperparameters with the lowest mean RMSE were selected. The
hyperparameters include the maximum depth of each decision tree (MTD), the learning
rate (γ), the number of boosting iterations (NBI), the L2 regularization coefficient (λR), and
the L1 regularization coefficient (αR). The selected model’s configuration is as follows:
MTD = 9, γ = 0.2, NBI = 800, λR = 0.01, and αR = 0.001.

It is noted that the maximum depth of each decision tree dictates the complexity of
each decision tree, where deeper trees can better capture intricate variations in cooling
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intensity but may also increase the risk of overfitting. The learning rate defines the step size
by which the model updates in each boosting iteration; it influences both convergence speed
and model stability. The number of boosting iterations determines the total number of
trees in the ensemble, where a larger number often enhances predictive performance at the
cost of longer training time and potential overfitting. Additionally, the two regularization
coefficients were utilized to control model complexity and prevent overfitting by penalizing
large coefficients.

The model’s performance is summarized in Figure 11. As can be seen from the
experimental results, the LightGBM regressor demonstrates strong predictive perfor-
mance in both training and testing phases, with only a moderate reduction in accuracy
when applied to unseen data. In the training phase, the model attains RMSE = 0.80,
MAE = 0.56, and R2 = 0.96; this fact indicates that it explains about 96% of the variance in
the training data. In the testing phase, the model maintains strong predictive performance,
with RMSE = 1.15, MAE = 0.77, and R2 = 0.91; the outcome implies that roughly 91% of
the variance in cooling intensity is captured by the model when predicting novel samples.
The ratio of testing to training RMSE (1.44) shows an increase in error, which suggests a
certain degree of overfitting. This fact is understandable since the problem at hand involves
a large-scale dataset of 100,000 samples with 12 predictors derived from multiple data
sources. In general, the results in terms of R2 (>90%) indicate that the model retains good
generalization given the complexity of the task. These levels of accuracy can be regarded
as satisfactory for the current task of modeling wetland cooling intensity.

 
(a) 

 

(b) 

Figure 11. LightGBM: (a) Training phase and (b) Testing phase.
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Figure 12 illustrates the residual distributions for both the training and testing stages,
which appear approximately symmetric and centered around zero. This fact indicates that
there is no systematic bias in the estimation of cooling intensity. In the training phase,
residuals are sharply concentrated, with a mean close to 0 ◦C and a relatively small standard
deviation (0.8), whereas in the testing phase, the mean error remains near zero but the
spread of residuals slightly increases (1.15), as reflected by a larger standard deviation.
These patterns indicate that the LightGBM model produces small, well-controlled residuals
in both phases.

 
(a) 

 
(b) 

Figure 12. Error histogram: (a) Training phase and (b) testing phase.

To further quantify the discrepancy between the observed cooling intensity and
the LightGBM prediction, this study relies on the regression error characteristic curve
(REC) [82]. In general, REC shows the absolute deviation on the x-axis against the pro-
portion of samples with errors below each deviation level on the y-axis. As illustrated in
Figure 13, the RECs summarize the proportion of predictions that fall within specified error
bounds for both the training and testing phases. In the training phase, roughly 90% and
95% of samples exhibit absolute errors smaller than about 1.25 ◦C and 1.67 ◦C, respectively.
Meanwhile, in the testing phase, the corresponding thresholds are approximately 1.77 ◦C
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and 2.38 ◦C. The curves are relatively steep and located toward the upper-left region of the
plots. This characteristic indicates that a high proportion of predictions is associated with
small deviations in both phases and confirms the reliability of the machine learning model
for cooling intensity estimation.

 

(a) 

(b) 

Figure 13. RECs: (a) Training phase and (b) testing phase.

The LightGBM model can also be used to derive importance scores of the features by
aggregating how often each feature is used to split nodes across all regression trees in the
ensemble. Thus, higher scores indicate crucial predictors that more frequently and substan-
tially reduce the prediction error. Figure 14 shows that hydrological proximity considerably
influences cooling intensity in the region. The proximity to rivers, coastlines, and nearby
lakes emerges as the most influential set of predictors, followed by distance to wetland
boundaries, distance to roads, and green space density. Meanwhile, topographic variables
(elevation, slope, aspect) and built-up or bare-land density have moderate contributions.
Moreover, LULC plays a minor role in explaining cooling intensity.
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Figure 14. Feature importance scores yielded by LightGBM.

Figure 15 summarizes the result of the machine learning-based simulation framework
used to quantify how the mean cooling intensity varies with distance from the wetland
boundary. In this framework, the trained LightGBM regressor predicts cooling intensity
along a regular distance grid extending from 0 to 600 m from the wetland boundary;
the data was sampled at 30 m intervals. The convergence diagnostics for the simulation
framework is summarized in Table 3. Across different simulation iterations, numerical
convergence was assessed from the point-wise average difference (εMean) and maximum
absolute difference (εMax) between successive profiles. The tolerance thresholds εMean and
εMax are set to be 0.01 ◦C and 0.05 ◦C, respectively.

Figure 15. Mean cooling intensity vs. distance to wetland boundary.

As indicated by the results, the change between 10,000 and 15,000 iterations (average
0.006 ◦C; maximum 0.008 ◦C) satisfies both convergence criteria. Consequently, 10,000 it-
erations were adopted for inferring the cooling performance. As shown in Figure 15, the
first marked local minimum of the mean cooling-intensity profile occurs at 210 m from the
wetland boundary, which is interpreted as the effective cooling range. Within this interval,
the mean cooling intensity is approximately 2.02 ◦C.

Moreover, built-up density is a crucial parameter for zoning regulation in the study
area. This study relies on a PDP analysis to inspect the effect of built-up density on
the wetland cooling-intensity predictions in riparian zones. The outcome is reported in
Figure 16. As can be seen in this figure, built-up density exerts a strong, approximately
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monotonic negative effect on the wetland cooling intensity. This fact implies that sparsely
developed areas near wetlands are associated with substantial cooling. As built-up density
increases, cooling intensity declines sharply. The cooling effect becomes neutral at a density
value of roughly 0.45. Beyond this value, higher built-up density leads to further heat stress.
It is noted that this threshold should be interpreted as a model-based reference specific to
the current dataset.

Table 3. Convergence diagnostics for the simulation framework.

Consecutive Cases Average Absolute Difference
εMean

Maximum Absolute Difference
εMax

Convergence Condition

1000 and 10,000 iterations 0.072 0.084 Not satisfied

5000 and 10,000 iterations 0.041 0.045 Not satisfied

10,000 and 15,000 iterations 0.006 0.008 Satisfied

Figure 16. Effect of built-up density on cooling intensity.

5. Discussion
As shown by the experimental results, LightGBM achieves strong performance in

estimating wetland cooling intensity. This outcome reflects the fact that the model possesses
notable advantages that are well aligned with the task at hand. As a gradient-boosting
framework, LightGBM is well-suited to capture the nonlinear interactions and spatial
heterogeneity inherent in multivariate GIS and remote-sensing data describing wetlands
and their surroundings. The incorporation of regularization parameters enables the model
to remain sufficiently flexible to learn complex patterns while controlling overfitting, as
evidenced by the high coefficients of determination (R2 = 0.96 for training and 0.91 for
testing) and the relatively low RMSE and MAE values in both phases.

The employed metric indicates that the model explains more than 90% of the variance
in cooling intensity, which is highly desirable given the large sample size of 100,000 data
points and the multiple predictors involved. The success of LightGBM in this study is
also consistent with previous work reporting high accuracy for LST estimation [83,84] and
large-scale remote sensing applications [76,85]. Hence, the present findings further support
the suitability of LightGBM as a robust tool for modeling the cooling effects of wetlands in
complex geospatial settings.

Additionally, the feature importance analysis indicates that hydrological proximity
exerts a dominant control on wetland cooling intensity. The distances to the river, coastline,
and lake constitute the most influential group of predictors. This outcome reflects the
role of surface water bodies in defining the local hydrographic context and connectivity

https://doi.org/10.3390/ijgi15030129

https://doi.org/10.3390/ijgi15030129


ISPRS Int. J. Geo-Inf. 2026, 15, 129 23 of 29

around each wetland. These hydrological features act synergistically to govern cooling
performance in the coastal study region, where rivers and lakes form a complex network of
urban blue spaces.

Distance to the wetland boundary also ranks among the most important factors; this
fact implies the central role of wetlands in regulating local thermal conditions. Moreover,
the impact of built-up area is evident and aligns with earlier work showing a negative
relationship between the cooling capacity of urban wetlands and the density of surrounding
buildings [58]. By contrast, LULC has only a minor contribution because key aspects of
urban form and neighborhood morphology are already captured by built-up, bare-land, and
green space densities; this observation agrees with prior results indicating that local land
cover classes can be less influential than broader patterns of urbanization and greenness in
explaining spatial variations in surface thermal behavior [44].

The machine learning-based simulation indicates that wetlands in the study area exert
a considerable local cooling effect, with an effective cooling range of 210 m and a mean
cooling intensity of about 2.0 ◦C within this zone. This distance exceeds the maximum
cooling range of 157 m reported by Liu et al. [28], who also employed a 600 m buffer-zone
analysis. The magnitude of cooling estimated in the current study is also comparable to
that of Gao et al. [31], who show that wetlands can achieve temperature reductions of
−1.20 ± 0.77 K. Similarly, Xie et al. [86] also reported a cooling effect of 2.61 ◦C for small,
connected wetlands. These results support the view that the effective cooling range and
mean cooling intensity of wetlands are highly context dependent; they vary with local
climatic, geographical, and landscape conditions.

Overall, the results of this study highlight wetlands as crucial cooling elements that
require protection and careful planning in their riparian zones. The partial dependence
analysis shows that built-up density has a negative effect on wetland cooling intensity. In
light of this, our results suggest that building regulations in the vicinity of wetlands may
consider keeping built-up density below a data-driven reference level of roughly 45%. In
addition, green spaces in riparian zones should be encouraged since vegetation is known
to mitigate urban heat and enhance the performance of adjacent blue spaces [62].

Urban expansion and land-use conversion are placing substantial pressure on wet-
land preservation worldwide [25,87]. Nevertheless, because water surfaces often provide
stronger cooling than vegetation alone [88], local authorities should prioritize the conser-
vation and hydrological integrity of wetland systems to sustain their function as effective
nature-based solutions for local heat mitigation. This priority is justified by evidence that
hydrological disconnection and spatial fragmentation can negatively affect the cooling
capacity of wetlands [86].

6. Limitations and Future Perspectives
This study has several limitations that should be acknowledged. First, local meteoro-

logical conditions in Hue City—such as wind speed, humidity, and precipitation—were
not incorporated, which may limit the ability to fully separate the influence of atmospheric
factors from that of land-surface characteristics on cooling intensity. Second, the current
analysis did not distinguish between different types of green space around wetlands (e.g.,
parks, agricultural land, etc.). Accordingly, the potential differences in cooling performance
associated with specific vegetation types could not be accurately assessed. Third, although
LightGBM performs well, more advanced machine learning approaches—such as deep
learning or other ensemble frameworks—could be explored in future works to further
reveal the drivers of urban wetland cooling. Finally, the LST data were derived from
Landsat-8 at a spatial resolution of 30 m, which constrains the ability to capture fine-scale
thermal heterogeneity and micro-cooling effects.
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Accordingly, future works could integrate local meteorological observations to exam-
ine the roles of atmospheric conditions and land-surface characteristics in shaping wetland
cooling intensity. The analysis could also be enhanced by differentiating among specific
types of green space around wetlands to better quantify how vegetation structure influences
cooling performance. Furthermore, more detailed wetland mapping that distinguishes
different wetland types and evaluates their cooling effects separately should be consid-
ered, using higher-resolution or complementary data sources such as detailed wetland
inventories, Synthetic Aperture Radar (SAR) imagery, or field surveys.

It would be valuable to compare LightGBM with other advanced data-driven ap-
proaches to identify capable tools for geospatial modeling of cooling intensity and land-
scape optimization, particularly in the tasks of landscape optimization and design of
blue–green spaces. Using higher-resolution thermal data would also allow investigation of
fine-scale cooling patterns within narrow riparian zones and small wetland fragments in
Hue’s urban core. Finally, incorporating data from multiple cities with different climatic
conditions and urban forms would significantly enhance the generalizability and practical
applicability of the proposed framework.

7. Conclusions
The research framework integrated remote sensing, geospatial analysis, and machine

learning to quantify both the cooling intensity and the effective cooling range of wetlands
in the coastal region of Hue City, Vietnam. Remote sensing data were used to establish
a set of influencing factors, including distance to wetland boundary, urban morphology,
topography, LULC, and proximity-based features. Accordingly, 12 conditioning factors
were employed to capture the spatial variation in cooling intensity in the surrounding
region of wetlands. To construct a spatial dataset, 100,000 sample points were randomly
generated within a 600 m buffer around the wetland boundary.

A LightGBM regressor was employed to generalize the relationship between the
conditioning factors and the cooling intensity. The model demonstrated strong predictive
performance and explained approximately 91% of the variance in cooling intensity on the
testing dataset. This fact indicates that LightGBM can effectively handle the large sample
size and complex nonlinear interactions present in the data. The trained model was then
used to construct a simulation framework that estimates the effective cooling range. The
framework is fully data-driven and can be readily extended to analyze other wetlands. The
simulation results show that the effective cooling range of the studied wetlands is 210 m.
Within this zone, the mean cooling intensity is approximately 2.02 ◦C; this result confirms
that wetlands act as strong local cooling sources in the urban and peri-urban landscape of
Hue City.

To further interpret model behavior and support urban planning in the study area, a
partial dependence analysis was conducted for built-up density. The PDP illustrates how
changes in built-up density around wetlands influence predicted cooling intensity while
averaging over other variables. The analysis reveals a clear decline in cooling intensity
as built-up density increases. Importantly, the result obtained from PDP indicates that
built-up density in the riparian zones of wetlands should not exceed 45%. However, this
threshold should be interpreted as a model-based planning reference for Hue City rather
than as a universal hard limit.

Recent years have seen intensifying extreme heat in the urban center of Hue City due
to the combined effects of climate change and rapid urbanization. This fact accentuates the
importance of wetlands as crucial nature-based assets for mitigating urban heat. Land-use
planners and decision-makers, therefore, need a clear understanding of the cooling effects
of wetlands. The findings of this study provide a more detailed picture of the cooling
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performance of wetlands in Hue City and clarify how their cooling capacity varies with
distance and surrounding urban form. These results can inform planning strategies that
aim to deploy wetlands and associated blue–green infrastructure as nature-based solutions
for enhancing urban thermal comfort.
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