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Abstract

With accelerating urbanization and global climate warming, Urban Heat Islands (UHIs)
pose serious threats to urban development. Existing UHI research mainly focuses on inland
regions, lacking systematic understanding of coastal city heat island mechanisms. We
selected eight Chinese coastal cities with different backgrounds, quantitatively assessed
urban heat island intensity based on summer 2023 Landsat 8 remote sensing data, estab-
lished block-LCZ spatial analysis units, and employed a combination of machine learning
models and causal inference methods to systematically analyze the regional differentiation
characteristics of Urban Heat Island Intensity (UHII) and the influence mechanisms of
multi-dimensional driving factors within land–sea interaction contexts. The results revealed
the following: (1) UHII in the study area presents obvious spatial differentiation, with
the highest value occurring in Hong Kong (2.63 ◦C). Northern cities generally had higher
values than southern ones. (2) Different Local Climate Zone (LCZ) types show significant
differences in thermal contributions, with LCZ2 (compact midrise) blocks presenting the
highest UHII values in most cities, while LCZ G (water) and LCZ A (dense trees) blocks
exhibit stable cooling effects. Nighttime light (NTL) and distance to sea (DS) are dominant
factors affecting UHII, with NTL marginal effect curves generally presenting hump-shaped
characteristics, while DS shows different response patterns across cities. (3) Causal infer-
ence reveals true causal driving mechanisms beyond correlations, finding that causal effects
of key factors exhibit significant spatial heterogeneity. The research findings provide a new
cognitive framework for understanding the formation mechanisms of thermal environ-
ments in Chinese coastal cities and offer a quantitative basis for formulating regionalized
UHI mitigation strategies.

Keywords: urban heat island; coastal city; machine learning; causal inference; mitigation
strategies

1. Introduction
United Nations statistics show that the global urban population proportion exceeded

55% in 2018 and is expected to reach 68% by 2050 [1]. The acceleration of urbanization
has led to large amounts of natural surfaces being replaced by buildings and impermeable
surfaces, significantly altering urban surface energy balance and forming Urban Heat
Islands (UHIs). UHI refers to the phenomenon where urban areas have significantly
higher temperatures than their surrounding suburban areas. UHIs bring serious health
risks, potentially causing heat stroke, respiratory diseases, and cardiovascular diseases [2].
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Additionally, UHI is closely related to increased energy consumption and deteriorating air
quality [3,4]. Therefore, there is an urgent need to formulate and implement effective UHI
mitigation strategies.

In-depth understanding of UHI’s multifaceted driving mechanisms is an important
prerequisite for formulating scientific mitigation strategies. Existing research shows that
UHI formation results from the comprehensive interaction of multiple factors, including
biophysical parameters, built environment characteristics, landscape patterns, geographical
environment, and socioeconomic dimensions. Biophysical parameters have fundamental
impacts on urban thermal environments. Albedo (ALB) directly regulates surface energy
balance by affecting the reflection ratio of solar radiation, with lower ALB leading to more
solar energy being absorbed by the surface, thereby intensifying UHIs [5]. Vegetation, as
an important component of urban ecosystems, significantly affects urban thermal environ-
ments through evapotranspiration, shading effects, and radiation regulation mechanisms.
The Normalized Difference Vegetation Index (NDVI) is widely used to quantify vegetation
coverage and vegetation quality, with research showing significant negative correlations
between NDVI and land surface temperature [6,7]. Built environment characteristics are
key regulatory factors for UHI. Building density and building height, as core indicators of
urban spatial morphology, have been proven by many studies to have multiple impacts
on urban thermal environments [8–11]. Sky View Factor (SVF), as an important parameter
reflecting the degree of sky openness, shows complex nonlinear response relationships with
UHIs [12,13]. Landscape pattern indicators reveal urban thermal environment formation
mechanisms from spatial configuration perspectives. Shape and distribution differences in
landscape elements affect energy exchange patterns and efficiency between patches, thereby
regulating surface heat flux distribution [14]. Edge density, patch density, and landscape shape
index are used to characterize urban landscape patterns to analyze their regulatory effects on
urban thermal environments [15,16]. Geographical environmental factors provide important
spatial background for UHI research. For coastal cities, distance from sea (DS) serves as a
key indicator reflecting ocean cooling effects and has been proven by multiple studies to be
a crucial factor affecting Urban Heat Island Intensity (UHII) [17–19]. Socioeconomic factors
reflect the important influence of human activities on UHI. Population Density (PD) and
Nighttime Light (NTL), as proxy indicators reflecting human activity intensity, are both closely
related to urban thermal environments [20,21].

Despite our increasing understanding of the driving mechanisms of UHIs, there is still
a clear bias in the selection of research regions. Through a systematic analysis of relevant
literature in recent years, it was found that most studies utilized inland metropolises as
their research areas, such as Beijing [22], Xi’an [23,24], Chengdu [25,26], etc., with relatively
few studies emphasizing coastal city backgrounds. This bias in research area selection may
limit the generalizability of current UHI understanding, as ocean–atmosphere interactions
in coastal cities create distinct thermal environment dynamics that differ fundamentally
from inland contexts, potentially reducing the effectiveness of inland-derived mitigation
strategies when directly applied to coastal cities.

Coastal cities have unique scientific value and important practical significance in UHI
research. From a geographical environment perspective, marine environments provide
unique natural regulatory conditions for coastal cities, with sea–land thermal differences
creating sea breeze circulation that has important regulatory effects on urban thermal
environments [27]. Distance from the sea serves as a primary driving factor that does
not exist in inland cities, with research demonstrating that oceanic cooling can extend
approximately 3 km inland [28], creating temperature differences of up to 9 ◦C between
coastal and inland areas [29]. The fitted relationship between LST and distance from the
coastline shows a gradient increase in LST, with the cooling effect decreasing as distance
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increases [18]. This spatial gradient of maritime influence means that the same urban form
factors can produce entirely different thermal outcomes depending on their distance from
the coast—a complexity absent in inland urban thermal studies [30].

In addition, coastal cities have been found to exhibit higher heat risk indices than
inland cities [31], despite their proximity to oceanic cooling. From an urban develop-
ment perspective, coastal cities typically bear high-density populations and intensive eco-
nomic activities, facing more complex thermal environment management challenges [32].
Currently, only a few studies have focused on coastal cities in China as research areas:
Wang et al. [33] addressed this by applying both OLS and geographically weighted regres-
sion models to explore global and local relationships between block morphology and LST
in Dalian; Li et al. [34] explored the relationship between land use and surface temperature
in Hong Kong; and Lin et al. [35] took a step forward in understanding the spatiotemporal
relationship between the morphological characteristics of built-up areas and SUHI intensity,
with Shenzhen as the background. More importantly, these limited existing studies on
coastal cities mostly focus on single cities, lacking systematic comparative analysis. Related
research has found that relationships between driving factors and land surface temperature
have obvious spatial differentiation characteristics [36,37]. Taking building height as an ex-
ample, it shows positive correlations with Land Surface Temperature (LST) in Nanjing [38]
and Jinan [39] while showing negative correlation patterns in Xi’an [40] and Chongqing [41].
However, research in Shanghai has discovered a more complex non monotonic relationship,
where building height exhibits fluctuating correlation with LST—when the building height
exceeds 30 m, LST rapidly decreases, while before this threshold, LST does not show sig-
nificant changes [42]. This spatial differentiation phenomenon indicates that it is difficult
to achieve effective spatial extrapolation of research conclusions based on single cities.
Given the significant differences among Chinese coastal cities in geographical location, city
scale, development stage, and urban morphological characteristics, conducting multi-city
comparative analysis to reveal universal patterns and regional specificity characteristics of
driving mechanisms is particularly urgent.

Meanwhile, in UHI research, modeling relationships between driving factors and UHII
is another key point. At the data analysis methodology level, traditional linear regression
methods such as Ordinary Least Squares are most widely applied in UHI driving factor
research [43]. However, traditional regression methods often struggle to fully reflect the
inherent complexity of urban environmental systems. To address these limitations, machine
learning methods have been increasingly adopted in UHI research. These methods excel
at capturing complex nonlinear relationships between variables, thereby providing more
accurate and realistic predictions [44,45]. Various machine learning algorithms, includ-
ing random forest, boosted regression trees, Extreme Gradient Boosting (XGBoost), and
CatBoost, have been applied in UHI research [46–49]. Recent studies further demonstrate
the value of interpretable machine learning models: Assaf et al. [50] employed Bayesian
networks to predict UHI severity at the census-tract level, revealing complex dependencies
among urban variables, while Mansouri and Erfani [51] utilized machine learning to predict
UHI severity in the Midwestern United States. However, a critical methodological gap
persists: the limited application of causal inference in UHI research. Although machine
learning methods provide accurate predictions and SHAP enhances interpretability, they
fundamentally remain correlation-based analyses that cannot reveal true causal mecha-
nisms between variables. Causal inference methods provide essential tools for addressing
this challenge. By constructing causal graphs, researchers can systematically identify con-
founding variables, mediators, and moderators, distinguishing genuine causal effects from
spurious correlations. This methodological shift from correlation to causality is crucial for
developing evidence-based urban cooling strategies and optimizing policy allocation.
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In terms of spatial analysis scale, refining spatial analysis units is key to deepening
our understanding of UHIs. Currently, the Local Climate Zone (LCZ) classification system
proposed by Stewart and Oke is widely applied [52]. This system divides urban areas
into 17 typical zones based on building structure, vegetation coverage, and surface char-
acteristics. Compared to traditional urban–rural binary classification methods, the LCZ
framework can more precisely and accurately describe climate differentiation within cities,
better revealing complex thermal environment change patterns in cities [53]. However,
many existing studies mainly conduct analyses based on spatial units such as buffers or
grids, which often artificially fragment complete urban morphological elements, inconsis-
tent with urban texture complexity [26]. Further refinement of block-scale analysis based
on the LCZ framework has important theoretical and practical value. Blocks, as basic units
of urban spatial organization, are core carriers of urban design and planning implementa-
tion [54], and they are also key spatial scales for implementing UHI mitigation measures.

Based on the above analysis, we selected eight Chinese coastal cities with different
backgrounds as research objects, analyzed the spatial distribution patterns of UHII at the
block-LCZ scale, and employed machine learning and causal inference methods to reveal
the impact mechanisms of multidimensional urban driving factors on UHIs. The specific
objectives of this study are as follows: (1) Construct a UHII assessment system based on
block-LCZ scale to reveal the spatial characteristics of UHIs in eight coastal cities; (2) Use
XGBoost–SHAP coupled models to quantitatively analyze nonlinear impact mechanisms
of multidimensional urban driving factors on UHII in different cities; (3) Construct causal
graph models to identify causal relationships between key factors and UHII; (4) Integrate
machine learning and causal inference research results to propose differentiated UHI
mitigation strategy systems targeting different coastal city characteristics.

2. Study Area and Data
2.1. Study Area

This study focuses on eight representative cities along China’s eastern coast: Dalian,
Qinhuangdao, Qingdao, Shanghai, Quanzhou, Xiamen, Hong Kong, and Haikou (Figure 1).
These cities cover different climate zones, urban development patterns, and geographical
characteristics in China’s coastal regions.

The selected cities are distributed along the Bohai Sea, Yellow Sea, East China
Sea, and South China Sea, covering China’s main sea areas. Dalian (38◦43′–40◦12′ N,
120◦58′–123◦31′ E) is located at the junction of the Yellow Sea and Bohai Sea, with long
winters and short summers. Dalian has over 6 million residents and has experienced rapid
urbanization, with temperatures rising 3.45 ◦C per century [55]. From July to August 2018,
the highest temperatures exceeded 30 ◦C for 8 consecutive days for the first time in history.
Qinhuangdao (39◦52′–40◦32′ N, 119◦12′–119◦57′ E) is a major port on the Bohai Sea with a
temperate monsoon climate. Qinhuangdao, as a part of the Beijing Tianjin Hebei urban ag-
glomeration, has a city warming rate of 0.16 ◦C per decade [56]. Qingdao (35◦35′–37◦09′ N,
119◦30′–121◦00′ E) is located on the Yellow Sea coast in a transition zone from temperate
monsoon to subtropical monsoon climate. Shanghai (30◦40′–31◦53′ N, 120◦52′–122◦12′ E) is
the largest metropolis on the East China Sea coast, with a population exceeding 24 million
and an urbanization rate of 88% [57]. The year 2024 was the hottest since Shanghai began
keeping records in 1873, with 12 consecutive days of heat waves ≥37 ◦C in August 2024 [58].
Rapid warming has increased the mortality rate of high temperatures in Shanghai by 13%,
with a 19% increase in cardiovascular disease mortality [59,60]. Temperature sensitivity
analysis reveals that for every degree above 25 ◦C, Shanghai experiences a 14.5% increase in
daily electricity consumption. Quanzhou and Xiamen (24◦23′–25◦56′ N, 117◦53′–119◦05′ E)
are located along the Taiwan Strait coast with subtropical monsoon climate. Extreme high
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temperature and precipitation events in Xiamen have significantly increased since the
1990s, with obvious UHIs. Between 1960 and 2019, UHIs contributed to 38.8% of the local
temperature increase [61]. Hong Kong (22◦08′–22◦35′ N, 113◦49′–114◦31′ E) is a typical
high-density development area in the Pearl River Estuary. Long-term warming trends
show that Hong Kong’s warming rate from 1885 to 2024 was 0.14 ◦C/decade. 2024 set the
hottest record in 140 years, with 35 record-breaking high-temperature events throughout
the year [62]. Hong Kong’s comprehensive monitoring reveals 1,677 excess deaths across
18 heatwaves between 2014 and 2023 [63]. Haikou (19◦57′–20◦05′ N, 110◦10′–110◦23′ E) is
located in the South China Sea area of Hainan Island, with tropical coastal city development
characteristics. FY-3D satellite data shows that Haikou had the strongest UHI intensity in
August, with an average temperature difference of 0.76 ◦C between the built-up area and
the outskirts [64]. Its UHI range evolution rate is at a relatively high level [65]. These cities
generally face severe urban heat island challenges, posing threats to resident health, energy
consumption, and urban sustainable development. This study uses city blocks as basic
analysis units, with detailed block quantities for each city shown in Figure 1.

Figure 1. Study area.

2.2. Data Sources and Processing

The data used in this study are shown in Table 1: (1) Landsat 8 Collection 2 Level-2
product data, with 30 m spatial resolution, acquisition time from 1 June to 15 August 2023
(summer), used to calculate LST, ALB, and NDVI; (2) Block division data from the Multi-
Scale Dense City-Wide (MSDCW) Dataset, providing multi-level block division data for
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985 global cities [66], offering standardized spatial analysis units for cross-city comparative
analysis; (3) Land use/cover data from the Global Land Cover with Fine Classification
System at 10 m (GLC_FCS10) dataset, with 10 m spatial resolution and overall global
accuracy of 83.16% [67]; (4) Tree height data from sub-meter resolution canopy height
maps [68]; (5) Building data from the 3D Global Building Footprint Product (3D-GloBFP)
dataset [69], the first global three-dimensional building footprint dataset; (6) Population
density data using 100 m gridded datasets constructed based on China’s seventh population
census [70]; (7) Nighttime light data using “The global National Polar-orbiting Partnership
Visible Infrared Imaging Radiometer Suite (NPP-VIIRS)-like nighttime light data (Version 2)
for 1992–2024” dataset, with 100 m spatial resolution [71]; (8) China coastline data extracted
from OpenStreetMap.

Table 1. Study data details.

Type Spatial Resolution Data Sources

Landsat 8 collection
2 product 30 m 1 June 2023 to

15 August 2023 USGS (https://earthexplorer.usgs.gov/)

Block division data - 2022 MSDCW Dataset

Building data - 2020 3D-GloBFP: the first global three-dimensional
building footprint dataset

Land use/cover data 10 m 2023 GLC_FCS10: global 10 m landcover dataset

Population density
data 100 m 2020

A 100 m gridded population dataset of China’s
seventh census using ensemble learning and
geospatial big data

Tree height data 10 m 2023 Sub-meter resolution canopy height maps

Nighttime light data 100 m 2023 Global NPP-VIIRS-like nighttime light
(2000–2023)

China coastline data - 2023 Openstreet map

This study selected 14 influencing factors, as shown in Table 2, covering five categories:
biophysical parameters, building morphology, landscape indicators, geographic location,
and social indicators. Albedo (ALB) and Normalized Difference Vegetation Index (NDVI)
were calculated through cloud masking and radiometric calibration on the Google Earth
Engine (GEE) platform, with ALB calculated using the Liang algorithm [72] and NDVI
calculated using the standard band ratio formula (NIR–Red)/(NIR + Red).

https://earthexplorer.usgs.gov/
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Table 2. UHII influencing factors.

Category Factors Unit Abbreviation

Biophysical parameters
Albedo - ALB

Normalized difference
vegetation index - NDVI

Building morphology

Building density - BD

Building height m BH

Sky view factor - SVF

Landscape Indicators

Aggregation index % AI

Patch cohesion index % COH

Landscape shape index - LSI

Shannon’s diversity index - SHDI

Split index - SPL

Tree height m TH

Geography Distance from sea m DS

Social Indicators
Nighttime light - NTL

Population density people/ha PD

Building Density (BD), Building Height (BH), and Sky View Factor (SVF) were calcu-
lated based on 3D building data, where BD is the ratio of building footprint area to total
block area, and BH is the average height of buildings within blocks. SVF was calculated
using a ray-casting algorithm on rasterized building height data. The sampling casts 16 rays
from each pixel location within a 10-pixel radius, assuming buildings are opaque obstacles.
SVF equals the ratio of unobstructed rays to total rays, ranging from 0 (fully obstructed)
to 1 (open sky). Landscape indicators including Aggregation Index (AI), Cohesion Index
(COH), Landscape Shape Index (LSI), Shannon Diversity Index (SHDI), and Split Index
(SPL) were calculated based on land use/cover data using the landscapemetrics package in
RStudio (version: 2024.12.1+563). Tree Height (TH) data was processed to 30 m resolution
through the GEE platform. Distance from Sea (DS) was calculated using the nearest neigh-
bor method. Nighttime Light (NTL) data and Population Density (PD) data reflect human
activity intensity and population distribution characteristics, respectively. All datasets
were standardized and aggregated to the block level using zonal statistics methods, with
continuous variables taking average values within blocks and categorical variables taking
dominant categories.

3. Methodology
3.1. Overview

This study employed a five-step workflow to explore the driving mechanisms of coastal
city UHII (Figure 2). First, based on the GEE platform, multi-source remote sensing data were
integrated, and random forest algorithms were used for LCZ classification. Second, Landsat 8
products were used to extract land surface temperature and calculate UHII while integrating
14 influencing factors. Third, descriptive statistical analysis of UHII in eight coastal cities
was conducted to reveal urban heat island characteristics of different cities and LCZ types.
Fourth, XGBoost models were used to establish nonlinear relationships between influencing
factors and UHII, and SHAP methods were used to identify key driving factor importance and
marginal effects. Finally, causal inference methods were used to identify causal relationships
between important influencing factors and UHII.
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Figure 2. Methodological framework of this study.
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3.2. Machine Learning-Based LCZ Classification Method

LCZ classification is fundamental in the study of urban thermal environments. Accord-
ing to a review of the relevant literature, LCZ classification methods mainly include three
categories: manual interpretation, automatic classification based on statistical indicators,
and machine learning classification. Among them, machine learning-based classification
methods are widely used due to their high efficiency and high classification accuracy [73].
Considering that the research area covers multiple coastal cities and the urban forms are
complex and diverse, we constructed an LCZ classification method based on the random
forest algorithm.

We integrated multi-source remote sensing data for LCZ classification based on the
GEE platform. Landsat 8 Collection 2 Level-2 data acquisition time ranged from 1 June
to 15 August 2023, with cloud coverage threshold controlled within 20%. All images
underwent standardized cloud masking and radiometric calibration, with optical band
scaling factors of 0.0000275 and offset of −0.2, and thermal infrared band scaling factors of
0.00341802 and offset of 149.0.

This study employed random forest classifiers containing 200 decision trees for LCZ
classification. Classification features included 6 spectral bands (blue, green, red, near-
infrared, shortwave infrared 1, shortwave infrared 2), 5 spectral indices (NDVI, NDBI,
MNDWI, LSWI, NDSVI), and 3 topographic factors (elevation, slope, aspect), totaling
14 input features.

Sample point collection used random sampling methods with manual annotation
using high-resolution remote sensing images. Sufficient samples (>20) were selected for
each LCZ type, ensuring samples were spatially evenly distributed and covered typical
urban morphologies of each city. Data division involved a random partitioning strategy,
dividing sample data into training and testing sets at an 8:2 ratio. Training sets were used
for model training and parameter optimization, while testing sets were used for model
performance evaluation and accuracy verification. Classification accuracy evaluation used
confusion matrix analysis methods, calculating overall accuracy and kappa coefficients.
LCZ classification accuracy results for each city are detailed in Table 3.

Table 3. LCZ classification accuracy in different cities.

Dalian Qinhuangdao Qingdao Shanghai Quanzhou Xiamen Hong Kong Haikou

Overall accuracy 0.87544 0.86940 0.93605 0.80359 0.84758 0.85370 0.87459 0.85073
Kappa coefficient 0.84169 0.84608 0.90253 0.75301 0.82308 0.83184 0.84929 0.82169

3.3. LST and UHII Calculation

This study used Landsat 8 Collection 2 Level-2 land surface temperature products
for LST acquisition based on the GEE platform. We selected summer images from 1 June
to 15 August 2023, with cloud coverage threshold set within 20% to ensure data quality.
During data preprocessing, cloud masking was first performed based on QA_PIXEL quality
assessment bands. Cloud and cloud shadow pixels were identified through bit operations,
where bits 3 and 4 correspond to cloud and cloud shadow identifiers, respectively, con-
structing mask conditions to remove cloud-affected pixels. Radiometric calibration was
then performed, applying official scaling factors and offsets to convert Digital Number
(DN) values to physical temperature values [74]:

TKelvin = DN × 0.00341802 + 149.0 (1)

TCelsius = TKelvin − 273.153 (2)
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where TKelvin is temperature in Kelvin and TCelsius is temperature in Celsius. Mean com-
positing methods were applied to all images passing quality control during the study
period, generating summer land surface temperature maps for 8 cities with 30 m spatial
resolution in Celsius (◦C).

The UHII designed in this study is surface urban heat island intensity, measured in
degrees Celsius (◦C). According to Deng et al. [17], LCZ 9 (sparsely built), LCZ B (scattered
trees), and LCZ D (low plants) were selected as non-urban reference areas, representing
relatively natural surface conditions. The UHII calculation formula is as follows:

UHII = LSTLCZ−X −
-

LSTLCZ9+
-

LSTLCZB+
-

LSTLCZD
3

(3)

where UHII is urban heat island intensity; LSTLCZ−X represents the average land surface

temperature of each LCZ type; and
-

LSTLCZ9,
-

LSTLCZB, and
-

LSTLCZD represent average
land surface temperatures of LCZ 9, LCZ B, and LCZ D, respectively.

3.4. XGBoost–SHAP Machine Learning Model

XGBoost is an ensemble learning model based on gradient boosted decision trees. XG-
Boost uses a boosting framework, iteratively training multiple decision trees to gradually
correct errors from previous rounds to enhance overall prediction performance. Com-
pared to traditional gradient boosted decision trees models, XGBoost integrates weighted
loss optimization, regularization techniques, and parallel computing, showing excellent
performance in computational efficiency, generalization ability, and interpretability [75].

This study used 5-fold cross-validation to ensure model stability and generalization
ability, with random search iterating 50 times to find optimal parameter combinations. To
ensure experimental reproducibility, the random seed was set to 42. Data was divided into
training and testing sets at an 8:2 ratio, using coefficient of determination (R2) and Root
Mean Square Error (RMSE) as model evaluation metrics.

The black-box characteristics of machine learning models make them lack transparency
and interpretability. SHAP models provide effective pathways for explaining model deci-
sion processes. SHAP models are interpretability algorithms based on cooperative game
theory, with core principles of calculating each feature’s marginal contribution to model
predictions, decomposing overall prediction results into sums of individual feature con-
tributions, thereby quantifying each feature’s impact on model predictions. SHAP value
calculation is based on Shapley value theory, ensuring consistency and fairness of expla-
nation results by considering all possible feature combinations [76]. The SHAP value
calculation formula for feature “i” is as follows:

ϕi = ∑ S⊆N∖{i}
| S |! ( | N | − | S | −1)!

| N |! [ fx(S ∪ {i})− fx(S)] (4)

where ϕi represents the SHAP value of feature i for UHII; N is the set of all features; S is a
feature subset not containing feature i; fx(S) is the model prediction value using feature
subset S; fx(S ∪ {i}) is the prediction value including feature i; and the weight term ensures
fair consideration of all feature combinations.

This study used 14 multidimensional urban factors as independent variables and UHII
values as dependent variables, utilizing XGBoost algorithms in Python 3.11 to construct
prediction models. TreeExplainer was used to calculate the SHAP values of optimal models
on test sets, employing beeswarm plots to show relationships between feature values and
SHAP values and constructing partial dependence plots to analyze the marginal effects of
the top 4 important features, revealing nonlinear response patterns of influencing factors
on UHII.
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3.5. Causal Inference

Traditional machine learning methods can only identify statistical associations and
cannot reveal causal relationships between variables. This study adopted structural causal
model frameworks, exploring the causal effects of key influencing factors on UHII based
on SHAP analysis results.

3.5.1. Causal Variable Selection and DAG Construction

Based on SHAP importance rankings, the top three influencing factors for each city
were selected as candidate causal variables. Directed Acyclic Graphs (DAGs) were con-
structed to represent causal relationships between variables, employing do-calculus theory
to quantify causal influences on UHII. Causal graph construction followed urban clima-
tology theory-based determination of prior causal relationships. For instance, distance to
shoreline affects population density through historical settlement patterns, population den-
sity influences night-time lights through economic activities, and all variables have direct
or indirect pathways to UHII. The causal relationships were encoded in DAG structures
specific to each city’s urban morphology and development patterns.

3.5.2. Confounder Identification and Validation

Confounders were systematically identified through a three-step process. First, back-
door path analysis identified variables blocking all backdoor paths between treatment
and outcome using the backdoor criterion. A variable C is a confounder if there exists an
unblocked backdoor path from treatment T to outcome Y through C, and conditioning
on C blocks this path. Second, statistical validation was performed using conditional
independence tests. Variables were confirmed as confounders when:

P(T|T, C) ̸= P(Y|T) and P(T|C) ̸= P(T) (5)

where Y is UHII, T is treatment variable, and C represents potential confounders.
Third, domain knowledge from urban climatology literature guided identification of

variables simultaneously affecting both treatment and outcome. For example, elevation
influences both vegetation distribution and temperature through atmospheric pressure
and precipitation patterns. All identified confounders were verified using d-separation
algorithms to ensure they blocked backdoor paths.

3.5.3. Causal Effect Estimation

The causal identification strategy relied on three key assumptions: (1) Conditional
exchangeability (unconfoundedness)—no unmeasured confounding given observed covari-
ates; (2) Positivity—all units have non-zero probability of receiving each treatment level
given confounders; (3) Consistency—observed outcomes equal potential outcomes under
received treatment.

The Average Treatment Effect (ATE) was estimated using backdoor adjustment based
on do-calculus:

ATE = E[Y | do(X = 1)]−E[Y | do(X = 0)] (6)

where E[·] represents the mean, Y represents UHII, X represents intervention variables,
and do(·) represents intervention operations. For continuous variables, marginal structural
models were used to estimate causal effects under different intervention levels. To handle
selection bias and confounding effects in observational data, inverse probability weighting
methods were employed:

ATEIPW = E
[

Y × T
e(X)

− Y × (1 − T)
1 − e(X)

]
(7)
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where T is the binarized intervention variable, and e(X) is the propensity score estimated
through logistic regression, reflecting the probability of individuals receiving intervention.

Following ATE estimation, we calculated elasticity coefficients to assess policy sensitivity:

ε = ATE ×
(

X
Y

)
(8)

where ε is the elasticity coefficient, ATE represents the average treatment effect in original
units (◦C per unit change in treatment), and X, Y are mean values of treatment and outcome
variables, respectively. Although standardized data were used during estimation for
numerical stability, the ATE values are expressed in original units. The elasticity coefficient
thus represents the percentage change in UHII per 1% change from the mean value of
each factor.

3.5.4. Robustness Tests and Sensitivity Analysis

To ensure result robustness, comprehensive refutation tests were conducted. Placebo
treatment tests replaced actual treatment with randomly permuted values while maintain-
ing statistical properties:

ˆ
βplacebo = E

[
Y
∣∣∣Tpermuted, C

]
− E[Y|C] (9)

where
ˆ
βplacebo is the estimated effect under placebo treatment, Y is UHII, Tpermuted is

the randomly permuted treatment variable, C represents confounders, and E[·] denotes
expectation. Valid causal estimates should yield null effects under placebo treatment
(p > 0.05).

Random common cause tests added randomly generated variables as pseudo-
confounders to test estimate stability. Robust estimates should remain stable when control-
ling for irrelevant variables. Data subset validation re-estimated causal effects on bootstrap
samples (n = 100) to assess sensitivity to sampling variation.

Sensitivity analysis evaluated potential impacts of unobserved confounding variables.
The analysis quantified the minimum strength of unmeasured confounding needed to
nullify observed effects, acknowledging that factors such as microscale urban morphology
or anthropogenic heat emissions may influence results.

4. Results
4.1. Block-LCZ Classification Results

The 8 coastal cities collectively contain 16 LCZ types, with each city demonstrating
relatively diverse LCZ type compositions (Figure 3). While high-density built-up areas
(LCZ 1-LCZ 6) are concentrated primarily in urban core areas, medium–low-density built
types extend outward in gradients. In contrast, natural cover types are distributed widely
in urban peripheral zones. Although water bodies (LCZ G) maintain certain proportional
distributions across all cities, their spatial patterns vary according to specific geographical
conditions and coastline morphology.

The dominant LCZ types across cities exhibit distinct regional characteristics. Hong
Kong is dominated by LCZ 1 blocks (compact high-rise), accounting for 43%, which reflects
its high-density vertical development pattern. Conversely, Qingdao is characterized by
LCZ 3 blocks (compact low-rise), representing traditional low-rise high-density building
patterns. Whereas these cities show single-type dominance, Shanghai, Quanzhou, and
Qinhuangdao are all dominated by LCZ 10 blocks (heavy industry), indicating their in-
dustrial development orientation. From the overall block statistics, LCZ D blocks (low
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plants) achieve the widest distribution at 19.2%, while LCZ E blocks (bare rock or paved)
account for only 0.1%, suggesting relatively high urbanization levels coupled with adequate
ecological coverage in the study areas.

Figure 3. (a) Spatial distribution of various local climate zone types in 8 coastal cities; (b) Percentage
of various local climate zone types in 8 coastal cities.

4.2. Spatial Distribution of UHIs and Thermal Characteristics of Various LCZ Types

The spatial organization patterns of UHIs demonstrate significant differentiation
among cities (Figure 4). Shanghai exhibits a concentrated heat island pattern, with core
built-up areas forming large, continuous regions of intense heat islands, consistent with
megacity development characteristics. In comparison, Qingdao and Dalian display multi-
core, dispersed heat island distributions, with spatially fragmented heat hotspots that
correspond to their clustered urban development models. Hong Kong and Quanzhou show
heat island distributions influenced by topography, resulting in banded patterns along
coastlines and valleys, whereas Qinhuangdao and Haikou feature relatively uniform heat
island distributions without distinct local super-high temperature zones.
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Figure 4. Spatial distribution of Urban Heat Island Intensity (UHII) and descriptive statistical charac-
teristics of UHII across various local climate zone types: (a) Dalian, (b) Qinhuangdao, (c) Qingdao,
(d) Shanghai, (e) Quanzhou, (f) Xiamen, (g) Hong Kong, (h) Haikou.

The cities’ average UHII rankings are as follows: Hong Kong (2.63 ◦C) > Qingdao
(2.48 ◦C) > Dalian (1.61 ◦C) > Qinhuangdao (1.42 ◦C) > Haikou (1.27 ◦C) > Xiamen (0.62 ◦C)
> Shanghai (−0.14 ◦C) = Quanzhou (−0.14 ◦C). Notably, the three northern coastal cities
tend to have higher heat island intensities.

Significant differences in UHII are observed across different built-up LCZ block types.
Among compact built types, LCZ 1 (compact high-rise), LCZ 2 (compact midrise), and
LCZ 3 (compact low-rise) blocks all exhibit strong heat island effects. LCZ 2 blocks show
the highest average UHII values in most cities, reaching 7.1 ◦C in Qingdao and 5.49 ◦C
in Dalian. The average UHII of LCZ 1 blocks is positive in all six cities where this type is
present. The average UHII of LCZ 3 blocks shows notable regional differentiation, with
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the northern cities of Qingdao (5.55 ◦C) and Qinhuangdao (4.38 ◦C) significantly higher
than the southern cities of Xiamen (1.92 ◦C) and Shanghai (1.52 ◦C). The UHII of open
built-type LCZ (LCZ4-6) blocks tends to be lower, but with greater variability. Notably,
the average UHII of LCZ 6 blocks in Shanghai and Quanzhou is negative, indicating that
open-building-layout blocks have cooling effects under certain conditions.

Among natural cover types, LCZ G (water) blocks and LCZ A (dense trees) blocks
show negative average UHII values across all cities, reflecting the stable cooling effects of
natural elements in urban thermal environments. UHII in LCZ 10 (heavy industry) blocks
shows significant regional variation, with the northern cities of Qingdao (5.49 ◦C) and
Dalian (4.59 ◦C) exhibiting higher values than southern cities, likely due to differences in
industrial structures and production intensities. LCZ D (low plants) blocks, dominated
by farmland landscapes, generally have average UHII values close to 0 ◦C in most cities,
acting as important urban buffer zones. Overall, the heat island characteristics of coastal
city LCZ blocks are influenced by factors such as building density, natural elements, and
geographical location. Different LCZ types play varying roles in regulating the urban
thermal environment, with clear regional differentiation in their effects.

4.3. Impact of Multidimensional Urban Influencing Factors on UHII in Coastal Cities
4.3.1. Model Performance Evaluation and Validation

Before establishing the models, we first conducted a correlation analysis of all influ-
encing factors. Figure 5 shows that the correlation coefficients among all influencing factors
are <0.8, indicating that there are no significant multicollinearity issues among the factors.

Figure 5. Pearson correlation matrix of influencing factors: (a) Dalian, (b) Qinhuangdao, (c) Qingdao,
(d) Shanghai, (e) Quanzhou, (f) Xiamen, (g) Hong Kong, (h) Haikou.
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To validate our model selection, we compared XGBoost’s performance against seven
alternative algorithms, including baseline linear models (Linear Regression [LR], Ridge
Regression [RR], and Lasso Regression), traditional machine learning methods (Decision
Tree [DT] and K-Nearest Neighbors [KNN]), and advanced ensemble algorithms (Random
Forest [RF] and Light Gradient Boosting Machine [LGBM]) (Figure 6). The results demon-
strated clear performance stratification: linear baseline models (LR, RR, and Lasso) showed
limited predictive capability (R2 < 0.27), indicating their inability to capture the complex
non-linear relationships between urban factors and UHII. Among the advanced methods,
ensemble algorithms (XGBoost, RF, LGBM) significantly outperformed single learners,
with XGBoost achieving the highest accuracy (R2 = 0.638). This superior performance,
combined with XGBoost’s computational efficiency and seamless integration with SHAP
for interpretability analysis, validated our methodological choice.

Figure 6. Comparative performance of machine learning models for UHII prediction. Each panel
shows predicted vs. true values with training (blue) and test (red) data. Black dashed lines indicate
perfect prediction; red lines show model fits.

XGBoost’s predictive accuracy showed variation across the eight coastal cities (Table 4).
While some cities demonstrated excellent model performance, four cities—Quanzhou
(R2 = 0.44), Haikou (R2 = 0.43), Hong Kong (R2 = 0.45), and Xiamen (R2 = 0.48)—showed
moderate predictive capability. This performance variation can be primarily attributed
to sample size constraints, as machine learning algorithms typically require substantial
training datasets for optimal performance. Cities with fewer blocks inherently limit
model training capacity, which may explain the observed differences in predictive ac-
curacy. Despite these constraints, our moderate-performing models remain comparable
to recent machine learning studies on urban thermal environments (e.g., Chen et al., 2024:
R2 = 0.38−0.55 [77]; Wang et al., 2025: R2 = 0.0.457−0.587 [78]; Zuo et al., 2025: R2 = 0.46 [79]).
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Table 4. XGBoost model performance metrics for 8 cities.

City R2 RMSE

Dalian 0.757572705 1.827308654
Qinhuangdao 0.587108975 2.270995959

Qingdao 0.797621328 1.95885009
Shanghai 0.758993097 2.36471014

Quanzhou 0.435234333 4.094986159
Xiamen 0.482426761 3.244835661

Hong Kong 0.453910816 2.926233686
Haikou 0.433073275 3.060312293

4.3.2. Factor Importance and SHAP Value Analysis

We employed XGBoost–SHAP models to investigate the relationships between 14 in-
fluencing factors and UHII. Figure 7 displays the rankings of the contributing factors to
UHII and the distribution of SHAP values. Across all eight coastal cities, NTL and DS are
the most important factors affecting UHII, ranking first in three cities each and placing
in the top four in all cities. This suggests that human activity intensity and geographical
factors play dominant roles in shaping the thermal environments of coastal cities. Other
significant factors include NDVI, BD, and PD, which rank among the top eight in most
cities, while the impacts of COH, TH, and SPL are relatively smaller.

Figure 7. SHAP values of UHII impact factors: (a) Dalian, (b) Qinhuangdao, (c) Qingdao, (d) Shanghai,
(e) Quanzhou, (f) Xiamen, (g) Hong Kong, (h) Haikou.

Several influencing factors demonstrate notable city-specific variations. For instance,
SHDI ranks first in Qinhuangdao for its influence on UHII, whereas it ranks sixth in Xiamen
and tenth in Dalian, Qingdao, and Quanzhou. Similarly, PD shows strong influence in
Haikou and Shanghai (ranking 1st and 2nd, respectively) but demonstrates less influence in
Dalian. BD exhibits strong impacts on UHII in Dalian, Shanghai, and Quanzhou (ranking in
the top four), while its influence decreases significantly in Haikou (12th place). Furthermore,
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SVF ranks highly in Hong Kong and Xiamen (3rd and 4th) but shows limited impact in
Quanzhou and Haikou (11th). SPL has minimal impact on UHII in most cities, ranking
last in Dalian, Qingdao, Quanzhou, and Xiamen, with the exception of Haikou, where it
ranks 5th.

Concerning the directional impacts on UHII, BD, DS, and ALB consistently show
positive effects across all cities, while NDVI, SHDI, LSI, and SPL demonstrate negative
effects. The impact directions of other factors vary between cities. NTL, PD, and AI
generally produce positive impacts on UHII. Although SVF typically exerts positive effects
in most cities, it shows negative impacts in Qinhuangdao, with unclear effects in Dalian
and Qingdao. The impacts of COH, TH, and BH differ across cities.

4.3.3. Marginal Effects Analysis

To further investigate the impacts of various influencing factors on UHII, we selected
the top four factors with the greatest impact on UHII in each city and analyzed their
marginal effects (Figure 8). The influencing factors demonstrate distinct regional patterns.
NDVI consistently produces negative impacts across all cities, with UHII decreasing by
over 2 ◦C when NDVI ranges between 0.2 and 0.4 in Dalian, Qingdao, and Xiamen. While
most coastal cities exhibit similar hump-shaped NTL patterns, Hong Kong presents a
notable exception. Specifically, UHII rises rapidly in the NTL 0–20 interval across most
cities—in Qingdao, the warming amplitude exceeds 5.3 ◦C. Once NTL surpasses 20, UHII
values stabilize before declining. Conversely, Hong Kong, characterized by super-high
intensity development, displays a stepped ascending curve for NTL.

Figure 8. The marginal effects of key factors on UHII: (a) Dalian, (b) Qinhuangdao, (c) Qingdao,
(d) Shanghai, (e) Quanzhou, (f) Xiamen, (g) Hong Kong, (h) Haikou.

The DS factor shows considerable regional differences. In Dalian and Qinhuangdao,
DS is significantly positively correlated with UHII. The DS trends in Shanghai and Haikou
are similar; in Shanghai, when DS < 7450 m, and in Haikou, when DS < 1800 m, there are
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negative correlations with UHII, which then turn positive. In Qingdao, there is a positive
correlation with UHII when DS < 23,700 m, followed by a negative correlation. In Hong
Kong, when DS < 4200 m, UHII stabilizes at a high value around 2.7 ◦C and then declines
rapidly, with UHII values stabilizing again when DS > 5000 m. DS in Quanzhou and
Xiamen shows complex nonlinear relationships with UHII.

PD in Shanghai and Haikou shows positive correlations with UHII, with strong pos-
itive correlations when PD < 43 and PD < 59, respectively. Hong Kong shows opposite
results, with strong negative correlations when PD < 246, then gradually stabilizing. Build-
ing indicators BD and SVF generally show positive correlations with UHII.

4.4. Causal Inference of Key Influencing Factors on UHII in Coastal Cities

We selected the top three factors based on contribution rankings for each city to con-
struct causal models with UHII (Figure 9). We employed three key indicators: (1) Average
Treatment Effect (ATE) quantifying causal impact in original units (◦C per unit change);
(2) elasticity coefficients for policy sensitivity, calculated as the percentage change in UHII
per 1% change from the mean value of each factor—using mean values as reference points
ensures stable interpretation for both bounded and unbounded factors (mean values of all
factors are presented in Appendix A Table A2); (3) relative importance for proportional
contributions within multi-causal systems. All presented causal relationships passed triple
refutation tests, except for Hong Kong’s SVF→UHII relationship, which required replace-
ment with PD-related pathways (ranked fourth in contribution). It should be noted that
DS’s original ATE unit is ◦C/m. For ease of interpreting practical significance, we convert
it to ◦C/km (original value × 1000) for reporting.

NDVI demonstrates significant negative causal effects across all involved cities.
Quanzhou exhibits the strongest mitigation effect with an elasticity coefficient of −4.23,
meaning a 1% increase in NDVI can reduce UHII by 4.23%. Xiamen (Elasticity = −1.49)
and Qingdao (Elasticity = −1.10) show secondary mitigation effects, while Dalian has
a relatively low elasticity coefficient of −0.46. NDVI has the highest or near-highest
relative importance among the three variables in Qingdao (0.17), Quanzhou (0.15), and
Xiamen (0.11).

NTL, as a comprehensive indicator reflecting human activity intensity, shows positive
causal effects in most cities. Xiamen (0.64) and Dalian (0.61) have the highest elasticity
coefficients, indicating that each 1% increase in human activity intensity increases UHII
by approximately 0.6%. Qinhuangdao (0.36) and Haikou (0.33) show moderate effects,
while Qingdao (0.13) and Hong Kong (0.02) show lower effects. Quanzhou is the only city
exhibiting negative effects (Elasticity = −0.19). NTL has the highest relative importance in
Dalian (0.13) and Qinhuangdao (0.12).

The causal effects of DS show spatial heterogeneity. Qingdao exhibits the strongest
negative effect (ATE = −0.70 ◦C/km), meaning each kilometer away from the coast reduces
UHII by 0.70 ◦C. Xiamen, Hong Kong, Haikou, and Quanzhou also show negative effects.
Conversely, Shanghai shows positive effects (ATE = 0.18 ◦C/km), where UHII increases by
0.18 ◦C for each kilometer away from the ocean, and Qinhuangdao shows weaker positive
effects (ATE = 0.02 ◦C/km). DS has the highest relative importance in Quanzhou (0.14) and
Xiamen (0.13).

BD shows strong positive causal effects in Dalian and Shanghai. BD elasticity coef-
ficients for UHII in Dalian and Shanghai are 0.60 and 0.38, respectively, with Shanghai
BD’s relative importance only 0.02, indicating a relatively small relative contribution of
building density in Shanghai’s multi-factor system. SHDI shows strong negative effects
in Qinhuangdao (Elasticity = −0.98), with relative importance as high as 0.28, making it
the most important heat island mitigation factor in this city. PD shows positive effects in
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Shanghai (Elasticity = 0.29, Relative importance = 0.01), Haikou (Elasticity = 0.58, Relative
importance = 0.01), and Hong Kong (Elasticity = 0.07, Relative importance = 0.002), but
with relatively small contributions.

Figure 9. Causal model structure and inference results: (a) Dalian, (b) Qinhuangdao, (c) Qingdao,
(d) Shanghai, (e) Quanzhou, (f) Xiamen, (g) Hong Kong, (h) Haikou.

5. Discussion
5.1. Spatial Differentiation Characteristics and Mechanism Analysis of Urban Heat Islands in
Coastal Cities

The research results show that UHII in the eight coastal cities exhibit significant
spatial differentiation characteristics. This differentiation reflects differences in urban
development patterns and geographical environments between cities, and it also reflects
the spatial heterogeneity of different LCZ types’ thermal environment contributions.

LCZ 1–3 compact built-up block types show strong heat island effects in most cities.
Hong Kong’s topography is dominated by rugged hills, with built-up areas accounting for
only 22–25% of the city area [80]. Land scarcity forces cities to adopt ultra-high-density
vertical development, with Hong Kong’s LCZ 1 blocks accounting for 43%, with numerous
high-rise buildings using “wall-type” layouts forming deep canyons [81]. This layout
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obstructs natural ventilation, while large amounts of concrete and glass curtain walls
absorb solar radiation converted to heat [44].

Notably, LCZ 2 blocks show the highest average UHII values in most cities, consistent
with multiple studies including Zhang et al. [82] in Dalian, Zhang et al. [83] in Harbin,
and Xiang et al. [84] in Shanghai and Nanjing. This is mainly because mid-rise buildings
(3–9 floors) form moderate canyon effects, obstructing ground ventilation while lacking
high-rise buildings’ vertical ventilation advantages. As Yelixiati et al. [85] pointed out,
dense mid-rise blocks with little green space often produce higher LST. LCZ 4–6 blocks still
show strong UHII in most cities, with notable exceptions being Shanghai and Quanzhou
LCZ 6 blocks showing slight cooling islands, indicating that cooling potential exists for
low-rise building layouts combined with relatively good greening conditions. LCZ G and
LCZ A blocks show stable negative UHII values in all cities, reflecting universal regulatory
functions of natural elements. In Shanghai and Quanzhou, natural elements’ cooling
effects are so prominent that city-wide average UHII values become negative (Shanghai:
−0.14 ◦C)—Shanghai’s extensive water networks (Huangpu River, Suzhou Creek) and
Quanzhou’s large mountainous areas provide cooling that exceeds built-up area heating
when spatially averaged. However, despite overall negative values, local strongest heat
island phenomena still exist at block scales—high-density built-up areas form independent
thermal environment systems with intensities far exceeding city-wide levels.

UHII of LCZ 10 blocks shows significant north–south differences, with northern
cities like Qingdao and Dalian having significantly higher values than southern cities.
This difference may relate to the following factors: firstly, the layout of industrial zones
and facilities in the northern region is relatively concentrated; second, heavy industrial
structures differ between north and south, with northern cities like Qingdao and Dalian
dominated by energy-intensive industries such as steel, petrochemicals, and cement, which
generate large amounts of industrial waste heat and anthropogenic heat emissions during
production [86].

Inter-city heat island intensity differences also reflect regional climate characteris-
tic influences [81]. Northern coastal cities (Dalian, Qinhuangdao, Qingdao) are located
in temperate monsoon climate zones, affected by subtropical high pressure in summer
with weaker sea breezes than southern cities, limiting ocean regulatory effects. Southern
cities benefit from more stable sea–land wind circulation and year-round vegetation cov-
erage. Overall, spatial differentiation of coastal city heat island intensity results from the
comprehensive effects of urban development patterns, land use conditions, geographical
environment, and climate conditions.

5.2. Regional Differences in Multidimensional Influencing Factor Mechanisms

This study used XGBoost–SHAP coupled machine learning models to deeply analyze
the impact mechanisms of coastal city heat island effects. The research results show
that despite significant differences in urban development and geographical environments
among the eight coastal cities, they still show some common impact patterns. First, NTL
and DS are the most important influencing factors in all cities, highlighting the key positions
of human activity intensity and ocean regulatory effects. NDVI generally shows significant
negative impacts, with marginal effect curves showing significant cooling effects in the
0.2–0.4 NDVI interval, with UHII decreasing by more than 2 ◦C in multiple cities. This
finding is consistent with research results from Guha et al. [87], Garai et al. [88], and Naga
Rajesh et al. [89], all confirming vegetation’s mitigating effects on UHI.

Meanwhile, importance rankings and marginal effects of influencing factors also show
significant regional differences between cities. For example, PD performs prominently in
Haikou and Shanghai but has weak influence in Dalian, possibly related to urban spatial
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structure and development patterns. Marginal effect analysis shows that PD impact is
particularly significant in lower-density intervals (Haikou < 59, Shanghai < 43), with
reduced impact at high densities. This aligns with Oke’s [90] discovery of logarithmic
relationships between UHII and population, believing that under conditions of continuous
population growth, due to physical limitations of available energy for urban heat island
formation, small and medium towns typically experience higher temperature rises than
large cities. Hong Kong’s negative PD impact phenomenon deserves attention, possibly
because the city’s ultra-high-density development has reached saturation, with spatial
variations in population density more reflecting vertical distribution differences rather than
horizontal expansion. High-density high-rise building vertical development patterns help
mitigate heat island effects to some extent [44], thereby offsetting the warming effects of
population concentration.

Complex marginal effect curves shown by DS factors reveal that ocean regulatory
effects are far from simple distance–decay relationships but are comprehensively influenced
by multiple mechanisms. Qingdao’s DS curve shows obvious staged characteristics, with
UHII increasing with distance within 23.7 km, consistent with Guo et al.’s findings of
ocean cooling effects weakening with distance [19], thereafter showing declining trends,
possibly due to reduced urbanization intensity in inland areas and other local circulation
and topographic factors beginning to play dominant roles. Initial negative-then-positive
patterns shown by Shanghai and Haikou reveal more complex mechanisms. In near-coastal
areas (Shanghai < 7.45 km, Haikou < 1.8 km), UHII decreases with increasing distance,
possibly because areas closest to coasts happen to be high-density commercial or port
development zones, forming local heat island centers. Research conducted by Wu et al.
also found that when coastal areas are dominated by heat source landscapes, water bodies’
cooling capacity changes and weakens [91]. Hong Kong’s unique stepped change pattern
is most complex, with UHII stable at high values within 4.2 km DS, rapidly declining in
4.2–5 km intervals, then stabilizing again. This pattern is closely related to Hong Kong’s
topographic characteristics, with high-density built-up areas on both sides of Victoria
Harbor forming the first high-temperature platform, central ridges blocking sea breezes
creating temperature transition zones at 4–5 km, and areas behind mountains forming
relatively independent thermal environment systems. Complex fluctuating relationships
between DS and UHII in Quanzhou and Xiamen may be caused by multi-scale local
circulation systems formed by tortuous coastlines, numerous bays, and islands.

NTL has been confirmed by multiple studies to have significant correlations with
UHII [92,93]. This study further analyzed its marginal effects with UHII. NTL shows hump-
shaped marginal effect curves in seven cities. UHII rises sharply in low-intensity NTL
intervals, with growth slowing or even declining beyond thresholds. This saturation effect
may stem from multiple mechanisms: high-intensity development areas typically have
more complete infrastructure, intensive development patterns improve energy utilization
efficiency, while stricter environmental management measures limit heat emissions. Hong
Kong’s unique stepped ascending pattern reflects the predicament of cities with extreme
land scarcity and ultra-high-intensity development.

These regional differences in influencing factor mechanisms reflect complex adap-
tive characteristics of coastal city thermal environment systems. Each city forms unique
thermal environment regulatory mechanisms under influences of specific geographical
environments, climate conditions, and development patterns.

5.3. UHI Mitigation Strategies Based on Causal Inference

This study provides quantitative insights for coastal city heat island mitigation through
causal inference. Based on differences in elasticity coefficients and relative importance ob-
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served in our analysis, each city could formulate targeted measures according to dominant
driving factors. These findings should be interpreted considering the inherent uncertainties
in remote sensing data and urban system complexity.

High NDVI elasticity coefficients in Quanzhou, Xiamen, and Qingdao suggest these
cities could prioritize greening optimization as a primary strategy. Quanzhou shows the
strongest vegetation cooling effect (ATE = −9.24, elasticity = −4.23), indicating each 1%
increase in NDVI is associated with an approximately 4.23% reduction in UHII. Xiamen
(ATE = −9.11 ◦C, elasticity = −1.49) and Qingdao (ATE = −20.07 ◦C, elasticity = −1.10) also
show strong vegetation mitigation potential, with each 1% increase in NDVI associated with
1.49% and 1.10% UHII reductions, respectively. Such cities could expand green space areas
and optimize vegetation spatial configurations to maximize cooling effects [94]. Potential
measures include increasing road greening and park construction [42] and implementing
vertical greening and rooftop gardens [24,95]. In contrast, Dalian’s low NDVI elasticity
coefficient (−0.46) and extremely low relative importance (0.04) suggest that relying on
vegetation for heat island mitigation may be less efficient; this city might allocate more
resources to other measures. Relative importance analysis shows Dalian’s BD (0.14) and
NTL (0.13) combined contribute over 25%, suggesting building density optimization and
human activity intensity management could be more effective focus areas. Possible mea-
sures include setting floor area ratio limits and increasing building spacing to improve
ventilation conditions, and promoting energy-efficient buildings to reduce air conditioning
waste heat and other multi-level comprehensive controls. This elasticity coefficient-based
approach could help to avoid inefficient resource allocation.

Different cities could formulate targeted spatial management strategies based on the
differences in DS and UHII relationships identified in our analysis. Cities like Qingdao,
Xiamen, Hong Kong, Haikou, and Quanzhou showing negative effects appear to have
higher heat island intensities in near-coastal areas; optimization of coastal zone develop-
ment patterns could be beneficial for these cities. By reducing construction intensity in
coastal commercial and port areas, increasing coastal green coverage, and avoiding dense
“wall-type” building layouts, they may effectively mitigate high-temperature problems in
near-coastal areas. In contrast, positive effects in cities like Shanghai and Qinhuangdao
highlight the potential importance of ocean cooling functions; such areas could consider
controlling building heights in coastal zones and establishing green ventilation corridors
extending from coasts to inland areas [19], utilizing the ocean’s natural regulatory ad-
vantages. Additionally, Qinhuangdao’s strong negative SHDI effect (elasticity = −0.98,
relative importance = 0.275) suggests that each 1% increase in SHDI correlates with a 0.98%
UHII reduction. Recommendations include transforming single-function zones into mixed-
function zones and increasing land use type diversity to achieve heat island mitigation.

This section’s contribution lies in identifying driving factors and their effect strengths
through causal inference, providing a quantifiable and comparable framework for urban
heat island management. While these relationships show statistical significance in our
analysis, actual implementation effectiveness would depend on local conditions and should
be validated through field studies. Although based on Chinese coastal city data, the causal
inference framework itself may have broader applicability and could provide methodolog-
ical reference for other regions with appropriate adaptations. Future implementation of
these strategies requires comprehensive evaluation combining economic costs, technical
feasibility, and social acceptability.

5.4. Limitations

However, this study also has some limitations. First, this study uses Landsat 8 data,
but its spatial resolution may not capture finer-scale urban thermal environment variations,
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particularly microclimatic differences within high-density built-up areas. Second, although
this study applied strict cloud coverage thresholds for data screening and used temporal
window compositing to reduce cloud effects, slight cloud contamination may still exist in
some coastal areas, affecting the accuracy of land surface temperature retrieval. Moreover,
the inconsistent temporal resolution of multi-source data may introduce bias to the analysis.
Third, although this study selected eight representative coastal cities covering China’s
major sea areas and different climate zones, there are considerable differences in urban
development patterns and geographical environments across China’s coastal regions, and
the applicability of research findings to other coastal cities still requires further validation.
Fourth, model performance varied across cities. The random train/test split may not
fully account for spatial autocorrelation in urban climate data, potentially overestimating
model accuracy. Insufficient sample sizes in some cities may also affect the reliability of
model interpretations. Future research could employ higher-precision data and expand the
sample of cities to further deepen understanding of the driving mechanisms of urban heat
island effects in coastal cities, providing scientific support for formulating more precise
and effective thermal environment management strategies.

6. Conclusions
UHI research mainly focuses on inland cities, lacking multi-city systematic compara-

tive studies of driving mechanisms in coastal cities under sea-land interactions. Therefore,
this study selected eight typical Chinese coastal cities to explore how multidimensional
urban factors influence UHII. We constructed block-LCZ spatial analysis units, retrieved
LST from remote sensing data to calculate UHII, and analyzed thermal characteristics
across cities and LCZ types. Using XGBoost–SHAP models, we examined the contributions
and nonlinear impact mechanisms of 14 urban factors on UHII, then identified causal
relationships through causal inference methods. The findings reveal the following:

(1) Significant spatial differentiation of UHII exists among coastal cities, with Hong Kong
exhibiting the highest average UHII (2.63 ◦C) and northern coastal cities generally
showing higher values than southern cities. At the LCZ scale, compact building blocks
(LCZ 1–3) consistently demonstrate stronger heat island effects than open building
blocks (LCZ 4–6), with LCZ 2 showing the most intense heat island effect, while LCZ
G and LCZ A blocks provide stable cooling effects across all cities.

(2) Machine learning models identify distinct nonlinear response patterns of urban factors
to UHII. NTL and DS emerge as universally important factors across all cities, while
NDVI consistently shows strong negative impacts with optimal cooling effects in
the 0.2–0.4 interval. However, factor importance varies significantly between cities—
PD ranks in the top two factors in Haikou and Shanghai but shows weak influence
in Dalian, while SVF demonstrates high contribution in Hong Kong but limited
roles elsewhere.

(3) Causal inference quantifies city-specific causal relationships between key factors and
UHII, enabling differentiated mitigation strategies. Cities with high NDVI elasticity
coefficients (Quanzhou and Xiamen) should prioritize vegetation optimization, while
Dalian requires focus on building layout optimization given the strong causal effects
of building density. The DS causal effects show regional differentiation—negative
effects in Qingdao, Xiamen, Hong Kong, Haikou, and Quanzhou suggest potential
for enhancing ocean cooling through controlled coastal development, while positive
effects in Shanghai and Qinhuangdao indicate the need to protect sea–land ventila-
tion corridors.

While this study focuses on Chinese coastal cities, the block-LCZ analytical framework
and causal inference methodology are transferable to other global coastal regions with
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available remote sensing and urban morphology data. The identified cooling effects of
water bodies and vegetation, as well as LCZ-specific thermal patterns, likely apply broadly,
though the specific magnitudes and causal relationships may vary with local climate
conditions, urban forms, and sea–land interaction intensities.
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Abbreviations
The following abbreviations are used in this manuscript:

AI Aggregation Index
ALB Albedo
ATE Average Treatment Effect
BD Building Density
BH Building Height
COH Patch Cohesion Index
DS Distance from Sea
GEE Google Earth Engine
LCZ Local Climate Zone
LSI Landscape Shape Index
LST Land Surface Temperature
LSWI Land Surface Water Index
MNDWI Modified Normalized Difference Water Index
NDBI Normalized Difference Built-up Index
NDSVI Normalized Difference Soil Vegetation Index
NDVI Normalized Difference Vegetation Index
NTL Nighttime Light
PD Population Density
SHAP Shapley Additive Explanations
SHDI Shannon’s Diversity Index
SPL Split Index
SVF Sky View Factor

Appendix A

Table A1. Detailed data for causal inference.

City Treatment Outcome ATE Elasticity Relative
Importance Placebo Random

Cause Subsample

Dalian BD UHII 8.07051 0.60186 0.14291 −0.01030 8.07009 8.12895
NDVI UHII −4.28838 −0.46126 0.04015 −0.01191 −4.28818 −4.28994
NTL UHII 0.07106 0.60780 0.12581 −0.00008 0.07106 0.07123

Qinhuangdao DS UHII 0.00002 0.15649 0.07192 0.00000 0.00002 0.00002
SHDI UHII −2.91147 −0.97548 0.27502 −0.02546 −2.91131 −2.91735
NTL UHII 0.06446 0.35938 0.11970 −0.00103 0.06445 0.06478
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Table A1. Cont.

City Treatment Outcome ATE Elasticity Relative
Importance Placebo Random

Cause Subsample

Qingdao DS UHII −0.00007 −0.26386 0.08618 −0.00000 −0.00007 −0.00007
NDVI UHII −20.07684 −1.09916 0.17091 0.01088 −20.07696 −20.07575
NTL UHII 0.04037 0.13289 0.05416 −0.00024 0.04037 0.04032

Shanghai DS UHII 0.00018 0.88967 0.02689 0.00000 0.00018 0.00018
BD UHII 6.44377 0.38069 0.01864 −0.00139 6.44378 6.48544
PD UHII 0.00878 0.28570 0.01377 −0.00003 0.00878 0.00883

Quanzhou DS UHII −0.00006 −1.49297 0.13866 0.00000 −0.00006 −0.00006
NDVI UHII −9.25958 −4.23373 0.14614 −0.02449 −9.25741 −9.23648
NTL UHII −0.00429 −0.19300 0.00909 0.00075 −0.00429 −0.00452

Xiamen DS UHII −0.00038 −1.05404 0.12615 0.00000 −0.00038 −0.00038
NDVI UHII −9.11066 −1.87421 0.10751 0.09011 −9.10853 −9.12213
NTL UHII 0.02524 0.63957 0.03990 0.00022 0.02524 0.02546

Hong Kong DS UHII −0.00030 −0.16738 0.00878 0.00000 −0.00030 −0.00029
PD UHII 0.00036 0.05527 0.00227 0.00001 0.00036 0.00036
NTL UHII 0.04250 1.02213 0.02307 −0.00042 0.04251 0.04232

Haikou DS UHII −0.00011 −0.35864 0.01180 −0.00000 −0.00011 −0.00011
PD UHII 0.00709 0.57857 0.01391 −0.00004 0.00709 0.00709
NTL UHII 0.01895 0.32941 0.00588 0.00027 0.01895 0.01930

Table A2. The mean value of UHII influencing factors in 8 cities.

AI ALB BD BH COH DS LSI NDVI NTL PD SHDI SPL SVF TH

Dalian 90.711 0.138 0.178 14.540 95.591 5874.993 7.042 0.256 20.367 119.771 0.781 4.422 0.792 0.475
Qinhuangdao 89.211 0.155 0.127 7.884 96.905 17076.405 7.533 0.222 11.805 53.664 0.714 3.948 0.867 0.625
Qingdao 90.711 0.153 0.327 10.510 96.802 18632.524 3.511 0.255 15.188 62.875 0.490 2.423 0.708 0.295
Shanghai 80.499 0.135 0.229 19.842 93.062 19158.229 6.132 0.481 33.409 125.746 1.034 4.910 0.747 0.622
Quanzhou 86.513 0.174 0.209 14.990 95.596 16752.670 6.414 0.292 28.394 95.764 0.799 3.746 0.779 0.642
Xiamen 85.019 0.178 0.226 16.837 93.855 4226.537 4.038 0.313 37.636 135.882 0.791 3.156 0.744 0.622
Hong Kong 87.810 0.197 0.677 28.188 94.989 1485.778 3.086 0.264 63.443 405.535 0.554 2.092 0.724 1.115
Haikou 80.146 0.147 0.137 8.799 91.665 5855.269 6.322 0.421 29.924 140.099 0.987 4.166 0.852 1.390
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