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A B S T R A C T

Optimizing urban morphology can effectively mitigate high land surface temperature (LST) in summer and PM2.5 
pollution in winter. However, the lack of high-resolution PM2.5 data hinders the study across all fine-scale blocks 
within the urban area. Additionally, the complexity of the thermal and atmospheric environments necessitates an 
in-depth analysis of the combined effects of urban morphology. This study takes the central urban area of 
Hangzhou as the study area, identifying urban blocks within it as study units. Urban morphology metrics, 
average LST (derived from remote sensing inversion), and average PM2.5 concentrations (downscaled using the 
land use regression model) are calculated for each block. Furthermore, the nonlinear regression model and 
bootstrapping mediation analysis are applied to examine the nonlinear effects and mediating mechanisms of 
urban morphology on summer LST and winter PM2.5. The findings show that (1) most urban morphology metrics 
exhibit nonlinear relationships with LST and PM2.5, except for the correlations between LST and floor area ratio, 
and between LST and spatial congestion degree. However, the morphological metrics for most blocks did not 
exceed the threshold, leading to the unidirectional total effect. (2) In winter, LST plays a significant role in 
mediating the effect of urban morphology on PM2.5, with the proportion mediated exceeding 9.0%. In contrast, 
the mediation of urban morphology on LST by PM2.5 is relatively minimal in summer, with the proportion 
mediated remaining below 2.2%. (3) Mid- to high-rise, low-density building mode can alleviate high LST and 
PM2.5 concentration, particularly in waterfront urban blocks with high-intensity development.

1. Introduction

Rapid urbanization has replaced natural landscapes with impervious 
surfaces, accommodating large influxes of people from rural areas [1,2]. 
Simultaneously, numerous buildings are constructed to support thriving 
human production and living activities [3]. While this drives significant 
socio-economic prosperity, it also poses environmental threats [4,5]. In 
particular, the disorderly urban expansion and dense building distri
butions have intensified industrial production, exacerbated excessive 
energy consumption [6,7], and restricted atmospheric circulation within 
cities and between urban and suburban areas [8,9]. Consequently, large 
quantities of air pollutants, greenhouse gases, and heat are emitted 
without adequate capture or dissipation, severely damaging both at
mospheric and thermal environments [5,10]. In recent years, heatwaves 
during summer and PM2.5 in winter have emerged as two critical chal
lenges confronting large cities globally [11,12]. Land surface tempera
ture (LST) is recognized as a key factor of heatwave threats [13,14], and 
its ease of monitoring has led to its widespread use in research [11,15,

16]. Both high LST and PM2.5 concentrations can disrupt ecosystems, 
harm public health, and subsequently affect social development [5,17,
18]. Therefore, to mitigate these pressing issues, it is imperative to 
reconsider and redesign urban spatial patterns.

Urban blocks represent the fundamental units of the urban physical 
environment and serve as the direct focus for implementing urban policy 
and planning initiatives [19,20]. Urban morphology acts as an effective 
lever for block planning [21,22], primarily manifesting in the spatial 
configuration of buildings at the block level [23,24]. Urban morphology 
influences local microclimates [25,26], surface energy balance [27], and 
human behavior [28], thereby comprehensively affecting both atmo
spheric and thermal environments. Furthermore, a complex interplay 
exists between LST and PM2.5 [29,30]. PM2.5 affects the ground’s 
reception of shortwave and longwave radiation in opposing ways, 
thereby influencing LST [31]. Meanwhile, LST affects turbulence and 
the height of the mixing layer, which in turn influences PM2.5 concen
trations [32]. Therefore, optimizing urban spatial patterns to mitigate 
PM2.5 pollution and high LST requires addressing the critical scientific 
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question: How does urban morphology at the block level directly in
fluence LST and PM2.5 concentrations, and does a mediating process 
exist whereby urban morphology affects PM2.5 through LST, or vice 
versa?

Existing studies have widely identified the direct linear effects of 
urban morphology on LST and PM2.5. For example, higher-density 
building layouts typically hinder atmospheric circulation, thereby 
increasing PM2.5 concentrations [33,34] and elevating LST [35,36]. 
Greater average building height can promote air circulation to disperse 
pollutants and heat, which often negatively correlates with PM2.5 con
centrations [37]. However, taller buildings can also block solar radia
tion, leading to an uncertain relationship with LST [36,38,39]. A larger 
sky view factor indicates more open space, which helps reduce PM2.5 
concentrations [33,40]. However, it also lowers the blocking of solar 
and ground radiation, resulting in a rise in LST [41,42]. Meanwhile, few 
studies have focused on the potential mediating mechanisms linking 
urban morphology, LST, and PM2.5. For example, Liang et al. found that 
a larger fractal dimension of urban space increases PM2.5 concentra
tions, further exacerbating the nighttime urban heat island effect [43]. 
Cao et al. found that in winter, the proportion of urban forest areas can 
reduce regional PM2.5 concentrations, but this effect is partially sup
pressed by the indirect influence of urban forest areas on LST [44]. 
Given the complexity of the interactions between urban morphology, 
LST, and PM2.5, more research is needed to further explore the nonlinear 
effects of urban morphology on PM2.5 and LST, as well as the potential 
mediating mechanisms through which urban morphology influences 
LST and PM2.5.

Furthermore, due to the resolution limitations of available PM2.5 
data, combined research of PM2.5 and LST at high-resolution (<1 km) 
across all fine-scale blocks within the urban area is constrained. Spe
cifically, previous studies typically relied on remote sensing imagery to 
retrieve LST, with data resolutions as high as 30 m, enabling compre
hensive analysis of fine-scale urban blocks [24,35,45]. Additionally, 
open-source air quality datasets based on remote sensing provide global 
PM2.5 concentration estimates, which are widely used for city-wide 
research [44,46]. However, these datasets are limited to a maximum 
resolution of 1 km, which remains too coarse for fine-scale blocks [24]. 
In contrast, simulation modeling and station-based/mobile monitoring 
equipment can achieve PM2.5 concentration data at resolutions below 1 
km [47,48]. Nevertheless, the high costs and operational complexities 
associated with these methods restrict their applicability to large urban 
areas. As a result, such studies are often confined to specific individual 
blocks within cities [33,34]. Therefore, research on thermal and atmo
spheric environments across all fine-scale blocks within the urban area 
requires breakthroughs in PM2.5 data.

To address these research gaps, new approaches grounded in existing 
methodologies need to be explored. (1) The land use regression (LUR) 
model, originally developed for epidemiological studies, provides an 
effective framework for estimating fine-scale pollutant concentrations 
[49,50]. The LUR model constructs a fitting equation based on pollutant 
concentrations from air quality monitoring stations and related vari
ables (such as land use and socio-economic status) within surrounding 
buffer zones, thereby generating air pollutant concentration maps for a 
region [51,52]. In this study, we extract PM2.5 concentration raster data 
and convert it to point-level data, which is then used as the dependent 
variable for LUR regression. This approach could substantially enable 
the downscaling of PM2.5 data [53]. (2) Nonlinear regression model 
(NRM) [54] and bootstrapping mediation analysis [55] in econometrics 
can be applied to investigate the combined effects of urban morphology 
on the thermal and atmospheric environments. Compared to meteoro
logical models based on physical mechanisms, these methods offer a 
simpler and more cost-effective way to capture the correlations between 
variables. Furthermore, unlike data-driven machine learning models, 
NRM and mediation analysis allow for specifying and testing causal 
mechanisms between variables, providing potential explanatory insights 
into the underlying processes.

Hangzhou, the capital city of Zhejiang Province in China, is char
acterized by rapid socio-economic development, diverse urban block 
morphology designs, and significant thermal and atmospheric environ
mental challenges. This study identifies urban blocks within the core 
urban area of Hangzhou as the study units and calculates their urban 
morphology metrics. LST inverted from remote sensing images and 
PM2.5 concentrations downscaled by the LUR model are averaged within 
blocks for both summer and winter. Furthermore, the direct nonlinear 
effects and indirect mediating mechanisms of urban morphology on LST 
in summer and PM2.5 in winter are analyzed. The main objectives of this 
study are as follows: (1) Mapping and analyzing the LST and PM2.5 sit
uations across all fine-scale urban blocks within the city; (2) Applying 
NRM and mediating analysis to thoroughly analyze the direct nonlinear 
and indirect mediating effects of urban morphology on the LST and 
PM2.5; (3) Proposing potential urban planning and block morphology 
optimization strategies. The subsequent sections are organized as fol
lows: Section 2 provides a detailed description of the study area, period, 
and data; Section 3 introduces the methods applied in the study; Section 
4 presents the research results; Section 5 offers an in-depth discussion of 
the methodology, results, and limitations; and Section 6 concludes with 
the research findings.

2. Materials

2.1. Study area and period

Hangzhou, the capital of Zhejiang Province within the Yangtze River 
Delta urban agglomeration in southeastern China [56], is administra
tively divided into 13 counties (Fig. 1). This study focuses on the four 
counties comprising the core urban area of Hangzhou: Shangcheng, 
Gongshu, Xihu, and Binjiang. These counties were selected for the 
following reasons: (1) the area is a typical representative of Hangzhou’s 
socio-economic prosperity, accounting for 46.5% of the city’s GDP and 
34.5% of its resident population in 2022. (2) The region primarily 
consists of densely built-up urban areas with diverse urban morphology, 
while still featuring some surrounding forests and water bodies, forming 
a relatively complete land-use structure. (3) Rapid urbanization in the 
area has led to deteriorating thermal and atmospheric environments, 
with urban heatwave and haze pollution frequently occurring in recent 
years [57,58]. Furthermore, urban blocks are selected as the basic study 
units. Urban blocks must meet two criteria: (1) being delineated by 
man-made or natural boundaries, and (2) primarily consisting of urban 
space.

This study selects the summer (June) and winter (January) of 2023 
as study periods. The reasons are as follows: (1) between 2019 and 2022, 
the COVID-19 pandemic significantly impacted human activities, lead
ing to unnatural fluctuations in the atmospheric environment. These 
disruptions could compromise the validity of the study’s results. Addi
tionally, obtaining urban morphology data before 2019 is challenging, 
and its relevance has diminished over time. (2) Summer and winter are 
the peak seasons for urban heatwave and haze pollution, respectively. 
For this study, the optimal remote sensing images for retrieving LST in 
Hangzhou were captured in late May (considered as June for summer) 
and January (for winter) of 2023.

2.2. Data description

The data used in this study are presented in Table 1. Remote sensing 
data were used to retrieve LST. PM2.5 concentration data, as raw data, 
were downscaled using the LUR model. Road network data were used to 
identify urban blocks. Building data, including height attributes, was 
used to calculate the urban morphology within the blocks. Land use data 
were used in two ways: (1) to extract boundaries for mountains and 
water bodies to identify the urban blocks, and (2) alongside point of 
interest (POI) data, nighttime light (NTL) data, population density data, 
non-PM2.5 air pollutant data, and meteorological data to form the 
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independent variables in the LUR model. Administrative boundary data 
were used to extract portions of the datasets within the study area.

To meet the requirements of the study period, data with significant 
seasonality, such as air pollutant concentrations and meteorological 
data, were averaged for January and June based on their daily average 
values. The remote sensing image from January 20th (with 0.33% cloud 
cover) was selected for the January data. However, all June images had 
cloud cover exceeding 10%, which occluded the study area and reduced 
data quality. Therefore, the image from May 28th (with 0.87% cloud 
cover) was selected as a substitute for the June data. Additionally, road 
network, land use, and POI data are relatively stable across seasons, so 
the 2023 annual data were used. Given the data availability limitations, 
and considering that buildings and population in a specific area tend to 

remain relatively stable over a period, 2020 building data and 2022 
population density data were used as substitutes.

To meet the requirement for fine-scale units, the precision of all data 
was controlled to be 100 meters or less. Due to data availability limi
tations, the original precision of air pollutant concentration and mete
orological data was 1 km, while nighttime light data had a resolution of 
500 meters. Among these, PM2.5 concentration is the target for down
scaling and is the dependent variable in the LUR model. The other data 
are used as independent variables in the LUR model fitting, thereby their 
resolution was improved to 100 meters through cubic convolution 
reclassification to ensure data consistency. Resampling and scaling of 
the independent variables in the fitting model have been confirmed as 
reliable in existing research [59,60].

Fig. 1. Location of research area and urban blocks in it.

Table 1 
Data used in the study and their description.

Data type Dataset name Time Resolution Source

Remote sensing data Landsat 8 Level 2, Collection 2, Tier 1 2023.01.20 (02:31:53);2023.05.28 
(02:30:53)

30 m http://earthexplorer.usgs. 
gov/

PM2.5 data ChinaHighPM2.5 2023.01; 2023.06 1000 m http://data.tpdc.ac.cn/
Road network data _ 2023 _ https://www.openstree 

tmap.org/
Building data Building height of Asia in 3D-GloBFP 2020 _ https://zenodo.org/records 

/11397015
Land use data China Land Cover Dataset (CLCD) 2023 30 m https://zenodo.org/records 

/12779975
POI data _ 2023 _ https://ditu.amap.com/
Population data Landscan High Definition (HD) 2022 100 m https://landscan.ornl.gov
NTL data VIIRS Nighttime lights (VNL) 2023.01; 2023.06 500 m (resampled to 

100 m)
https://payneinstitute.mi 
nes.edu/eog/

Air pollutants data (except 
PM2.5)

ChinaHighAirPollutants (SO2, PM10, NO, O3, CO) 2023.01; 2023.06 1000 m (resampled to 
100 m)

http://data.tpdc.ac.cn/

Meteorological data 1-km monthly mean temperature/ precipitation 
dataset for China

2023.01; 2023.06 1000 m (resampled to 
100 m)

http://data.tpdc.ac.cn/

District boundary data _ 2023 _ https://www.resdc.cn/
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3. Methodology

The research framework of this study is illustrated in Fig. 2. The main 
steps include: (1) urban blocks are identified as the research units within 
the core urban area of Hangzhou using road network, land use, and 
district boundary data in ArcGIS. Urban morphology metrics for each 
block are calculated based on building data. (2) LST is inverted using 
remote sensing image data in ENVI and spatially joined to urban blocks 
in ArcGIS. Additionally, regression variables are extracted in ArcGIS, 
and the LUR model is constructed in Python to downscale PM2.5 con
centration data, which is then spatially allocated to urban blocks in 
ArcGIS. (3) The NRM is constructed in Python and the bootstrapping 
mediation analysis is conducted in SPSS to explore the combined effects 
of urban morphology on LST in summer and PM2.5 in winter.

3.1. Block identification and urban morphological metrics

We define urban blocks for the study as spatial units delineated by 
urban roads, rivers, and mountainous areas. The specific steps for block 
identification are as follows: (1) human-made boundaries are selected 
from the road network data, including railways, highways, primary 
roads, and secondary roads. The centerlines of these roads are then 
extracted. (2) Natural boundaries, such as mountains (with an elevation 
difference greater than 50 m) and rivers (with a width greater than 30 
m), are extracted from the land use data. Boundaries adjacent to roads 
(where the average distance to parallel roads is less than 100 m) are 
removed. (3) Cartographic checks are performed by overlaying the road 

centerlines with the boundaries of mountains and rivers. This includes 
removing disconnected lines and completing unconnected lines. The 
boundaries are then manually calibrated based on remote sensing im
agery. (4) Using the boundary lines obtained in the previous steps, the 
study area is divided into different blocks. The proportion of impervious 
surfaces and building density in each block is calculated. Blocks are 
defined as research objects if the impervious surface ratio exceeds 50% 
and the building density exceeds 10%. A total of 1585 fine-scale urban 
blocks were identified (Fig. 1). The median area of the blocks is 
131311.2 m² (approximately 360²), with around 40% of the blocks 
having areas ranging from 72900 (270²) m² to 152100 (390²) m². 
Therefore, to both assess the pollution status of the blocks and simplify 
the operational load, the target resolution for downscaling PM2.5 con
centration data was set at 360 m.

Furthermore, urban morphological metrics for each block were 
calculated. The selection of urban morphological metrics in this study 
was based on the following criteria: (1) metrics that are easy to calculate 
and can be directly applied in planning practice. (2) Metrics that have 
been validated to be sufficiently representative of multi-dimensional 
urban morphology and exhibit a clear correlation with the urban ther
mal and atmospheric environments in related studies. (3) Streamlined 
and effective metrics that avoid redundant indicators with similar 
representational meanings. Based on relevant studies [57,36,37], six 
metrics were ultimately selected. These metrics reflect the 
one-dimensional, two-dimensional, and three-dimensional urban 
morphology at the block scale, as detailed in Table 2.

Fig. 2. Research framework.
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3.2. LST inversion

The radiative transfer equation (RTE) method is an effective 
approach for inverting LST from remote sensing imagery and has been 
widely applied in related studies [61,62]. The basic principle of the RTE 
is as follows: (1) the thermal infrared radiation (Eq. (1)) received by 
remote sensing imagery includes the direct radiation from the atmo
sphere above the surface (upward radiation), the reflected radiation 
from the atmosphere above the surface (downward radiation), and the 
radiation emitted by the surface itself [63]. (2) The radiated energy 
emitted by any material surface is directly related to its temperature 
[64], and this relationship follows Planck’s law. Therefore, by isolating 
the surface radiative energy from the thermal infrared radiation (Eq. 
(2)) in remote sensing imagery, the LST can be further calculated using 
Planck’s equation (Eq. (3)). The formulas are as follows: 

Lobs = (LT ∈ +Ld(1 − ∈))τ + Lu (1) 

LT =
(Lobs − Lu − τ(1− ∈)Ld)

∈ τ (2) 

LST =
K2

ln
(

K1
LT
+ 1

) − 273.15 (3) 

In Eq. (1) and Eq. (2), LT represents the blackbody radiance emitted 
by the surface that needs to be calculated; Lobs, Lu, and Ld represent the 
total radiance received by the satellite sensor, upward radiation, and 
downward radiation, respectively, all of which can be directly retrieved 
from the remote sensing imagery spectral bands. ∈ and τ represent the 
emissivity and atmospheric transmittance, respectively, and can also be 
directly obtained from the spectral band information of the remote 
sensing imagery. In Eq. (3), LST represents the land surface temperature 
to be calculated, K1 and K2 represent the calibration coefficients for the 
10th band of the remote sensing imagery, with values of 774.8853 and 
1321.0789, respectively.

3.3. PM2.5 downscaling based on LUR model

Based on the fundamental principles and practical experience of the 
LUR model [51,52], the factors surrounding the monitoring stations 
selected for PM2.5 concentration inversion are listed in Table 3. The 
specific steps include: (1) PM2.5 raster data is extracted to point loca
tions, treating these as equivalent to air quality monitoring stations (a 
total of 520 stations). For each station, meteorological, land use, infra
structural, and socio-economic variables within 100, 200, 300, 500, 750, 
1000, 2000, 3000, 4000, and 5000 m buffer zones around the station are 
calculated. (2) Pearson correlation analysis is conducted between the 
explanatory variables and PM2.5 concentrations, selecting variables that 
show significant correlations. If the same variable is measured across 

Table 2 
Urban morphological metrics selected in the study.

Dimensionality Metrics 
(Acronym)

Formula and description Significance

One- 
dimensional 
height

Average 
building 
height 
(ABH)

ABH =
∑n

i=1
Hi/ n 

Hi represents the height of 
building i; n represents 
number of buildings in the 
calculated block.

Reflecting the 
average level of 
building height 
in the block.

Standard 
deviation of 
building 
height 
(SDBH)

SDBH =
∑n

i=1
(Hi − H)

2
/ n 

Hi represents the height of 
building i; H, n respectively 
represents average building 
height and number of 
buildings in the calculated 
block.

Reflecting 
dramatic 
changes in 
building height 
in the block.

Two- 
dimensional 
plane

Building 
density 
(BD)

BD =
∑n

i=1
Ai/ S 

Ai represents the base area of 
building i; S represents the 
area of the calculated block.

Reflecting the 
proportion of 
building 
footprints 
within the area 
of the block.

​ Floor area 
ratio (FAR)

FAR =
∑n

i=1
Aifi/ S 

Ai, fi respectively represents 
the base area and number of 
floors of building i; S 
represents the area of the 
calculated block.

Reflecting the 
intensity of 
land 
development, 
higher values 
mean more 
intensity.

Three- 
dimensional 
space

Sky view 
factor (SVF) SVF = 1 −

∑n
i=1sinγi

n 
γi represents the influence of 
the terrain height angle of 
buildings on the azimuth 
angle i; n is the number of 
calculated azimuth angles.

Reflecting the 
degree of 
obstruction of 
viewpoints by 
surrounding 
buildings.

Spatial 
congestion 
degree 
(SCD)

SCD =
∑n

i=1
AiHi/ (S ∗Hmax)

Ai, Hi respectively represents 
the base area and height of 
building i; S represents the 
area of the calculated block; 
Hmax represents the max 
height of buildings within the 
calculated block.

Reflecting the 
degree of 
congestion of 
buildings in 
three- 
dimensional 
space within 
the block.

Note: SVF is first calculated in grids of 100*100 m, then the SVF of each urban 
block is the average of SVFs of grids within the urban block.

Table 3 
Variables selected for the LUR model in the study.

Variable type Variable Acronym Note

Land use Proportion of 
cropland

Crop Regarding land use, 
distribution of POI, and 
socio-economic 
development factors, this 
study calculates values of 
factors within different 
buffer zones around the 
‘site’, with the variable 
expressed as X_distance. 
For example, Crop_100 
indicates the proportion of 
cropland within the 100- 
meter buffer zone around 
the ‘site’.

Proportion of 
forest

For

Proportion of 
grassland

Gra

Proportion of 
water

Wat

Proportion of 
barren

Bar

Proportion of 
impervious land

Imp

Distribution of 
POI

Number of 
residential sites

Res

Number of 
industrial sites

Ind

Number of 
commercial and 
financial sites

Com

Number of 
cultural and 
sports sites

Cul

Number of health- 
care sites

Hea

Number of living 
service sites

Liv

Number of road 
crossings

Cro

Number of bus 
and subway 
stations

Bus

Socio-economic 
development

NTL value NTL
Population 
density

Pop

Meteorological 
feature

SO2 concentration SO2 Regarding meteorological 
feature factors, this study 
calculates values of 
variables at the ‘site’ point, 
without involving buffer 
zones.

PM10 

concentration
PM10

NO2 

concentration
NO2

O3 concentration O3

CO concentration CO
Temperature Tem
Precipitation Pre
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different buffer zones, the one with the strongest correlation at the 
optimal buffer distance is chosen. (3) A variance inflation factor (VIF) 
collinearity test is performed on the selected variables, followed by 
stepwise selection based on a VIF threshold of less than 10. This process 
results in a refined dataset that includes PM2.5 concentrations and a set 
of explanatory variables for each monitoring station. (4) The dataset is 
split into training and test sets. The forward stepwise regression analysis 
is performed on the training set to derive the fitting relationships be
tween the explanatory variables and pollutant concentrations, and the 
model is validated using the test set. (5) The study area is divided into 
360 × 360 m grids, with each grid center treated as a monitoring station. 
The explanatory variables for the fitted model are calculated based on 
the study period, and pollutant concentrations are estimated at each grid 
point using the fitted model.

3.4. Correlationship analysis

3.4.1. Nonlinear regression model
The nonlinear regression model (NRM) can accurately capture 

nonlinear correlations and minimize errors in discrete data, while also 
being able to predict changes and trends in the correlation [54]. NRM 
can be expressed in various forms, including exponential, power, and 
logarithmic. In this study, we use the power form, which has been 
widely used in research on urban climate [58,65]. The formula is as 
follows: 

Yi = α0 +
∑k

j=1
αkXj

i + εi (4) 

Where i represents the urban block; Yi and Xi represent the depen
dent variable (LST in summer or PM2.5 in winter) and the independent 
variable (urban morphological metric), respectively; α0 and αk represent 
the intercept and regression coefficients, respectively; εi represents the 
random error term; and k is the order of the polynomial. Eq. (4) de
scribes a linear correlation when k=1 and defines a nonlinear correla
tion when k>1. To determine the optimal k for regression, this study 
progressively increases the order and compares the performance of 
models with varying orders. The model achieving the best results in 
cross-validation is selected.

3.4.2. Bootstrapping mediation analysis
Mediation analysis examines the mediating role of certain factors in 

the effect of the independent variable on the dependent variable (as 
shown in Fig. 3). This study applies the bootstrap method introduced by 
Preacher et al. [66] to conduct the mediation analysis. The bootstrap 
method is a nonparametric resampling procedure that approximates the 
sampling distribution of the indirect effect without assuming asymptotic 
normality [55], which has been widely used in fields of urban envi
ronments [44,67]. The formulas are as follows: 

Y = cX + u1 (5) 

M = aX + u2 (6) 

Y = ć X + bM + u3 = ć X + abX + u4 (7) 

In Eq. (5)-(7), X, M, Y represent independent variable (urban 
morphological metric), mediating variable (PM2.5 in summer or LST in 
winter), and dependent variable (LST in summer or PM2.5 in winter), 
respectively; u1, u1, u1, and u1 represent the random errors; c, cʹ, and ab 
are the regression coefficients, representing the total effect, direct effect, 
and indirect effect, respectively. To make the significance test, we per
formed 5000 bootstrap resamples and calculated 95% bias-corrected 
confidence intervals (BCIs). The indirect effect is significant if the BCIs 
do not include zero.

4. Results

4.1. Analysis of urban morphological metrics

Fig. 4 illustrates the spatial performance of urban morphological 
metrics across urban blocks. It can be observed that the spatial distri
butions of ABH, SDBH, BD, FAR, and SCD are highly consistent, while 
their spatial patterns contrast with that of the SVF. Specifically, urban 
blocks along the West Lake and Qiantang River exhibit higher ABH, BD, 
FAR, and SCD values. In reality, these areas are popular with residents 
and attract land developers because of their proximity to an excellent 
natural environment [68]. Large-volume commercial and public build
ings are staggered, while high-density commercial and residential 
buildings are constructed, bringing high-intensity development to the 
blocks [69]. As a result, despite being adjacent to water, the average SVF 
in these areas remains relatively low. The northern part of the West Lake 
area is also a high-density residential zone, with urban block morpho
logical characteristics similar to those in the waterfront areas. Other 
urban blocks in the study area are primarily located in the interior, 
characterized by lower ABH, BD, FAR, and SCD, but higher SVF values. 
Most of these are residential blocks accommodating similarly sized 
dwellings [70], leading to high living energy consumption and the for
mation of localized heat islands [35]. Overall, the urban morphology at 
the block level in the study area forms a pattern of higher density on the 
periphery and lower density in the interior, with crowded peripheries 
and more open interiors. Additionally, the collinearity test results (as 
shown in Table S1) indicate that there is no collinearity among the 
variables, suggesting that the selected variables are both concise and 
effective.

4.2. Analysis of LST and PM2.5 concentration

4.2.1. Results of LST inversion
Fig. 5 illustrates the LST obtained from the inversion in the study 

area for both summer and winter, along with the average LST further 
calculated for urban blocks. It can be observed that the average value 
and range of LST are significantly higher in summer than in winter. 
Within the study area, forests and water bodies own lower LSTs, while 
farmland exhibits higher LSTs. The built-up areas generally experience 
high LSTs, though no distinct hot spots are formed. In urban blocks, the 

Fig. 3. Schematic of the mediation analysis model.

X. Chen and F. Wei                                                                                                                                                                                                                            Building and Environment 278 (2025) 112979 

6 



spatial pattern of the average LST in summer slightly contrasts with that 
in winter. During the summer, higher average LSTs are observed along 
the Qiantang River and the Grand Canal. In contrast, during winter, the 
average LST in these areas is lower, increasing toward the periphery and 
forming a relatively high-value zone along the West Lake. This reveals 

that despite their proximity to water bodies, high-intensity block 
development and dense population dynamics have resulted in signifi
cant heat emission and restricted ventilation, contributing to higher 
LSTs [71].

Fig. 4. Distribution of urban morphological metrics of blocks.
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4.2.2. Results of PM2.5 downscaling
Table 4 presents the regression variables and coefficients of the LUR 

models for PM2.5 in the study area during summer and winter, derived 
from the training dataset. Fig. 6 illustrates the performance of the fitted 
models on the test dataset. A total of 11 and 7 variables were included in 
the summer and winter LUR models, respectively, with the models 

achieving explanatory powers of 0.810 and 0.843. These results indicate 
that the model fitting accuracy is reliable for PM2.5 prediction. Further 
details on the construction of the LUR models can be found in Text S1 
and Tables S1-S4.

Furthermore, the PM2.5 concentrations at a 360 m resolution for both 
summer and winter were calculated for the study area based on the 
obtained LUR models, and the average PM2.5 concentrations for each 
urban block were computed (as shown in Fig. 7). It can be observed that 
both the average value and range of PM2.5 concentrations are higher in 
winter than in summer. A distinct PM2.5 pollution island phenomenon is 
evident in the study area. Notably, ecological spaces such as the West 
Lake Scenic Area and Xixi Wetland are characterized by low PM2.5 
concentrations, while the built-up areas exhibit higher values. This can 
be directly attributed to the higher concentration of particulate matter 
emissions and relatively poor ventilation conditions in the urban center 
[30]. Additionally, the locations of high-value zones exhibit seasonal 
variability, which may be related to the prevailing wind direction in 
Hangzhou [58]. In summer, the eastern shore of West Lake and the 
western part of Binjiang are identified as high PM2.5 concentration 
areas, with urban blocks in these regions also experiencing higher 
average PM2.5. In winter, the eastern part of Binjiang and the central 
areas of the West Lake, Gongshu, and Shangcheng emerge as high-value 
zones. The high-value area along the northern bank of the Qiantang 
River exhibits a linear, parallel pattern, suggesting a potential 

Fig. 5. LST in the research area and average LST in blocks in summer and winter.

Table 4 
Results of LUR model for PM2.5 in summer and winter.

Summer (R^2 = 0.747) Winter (R^2 = 0.858)

Variable Coefficient P_value Variable Coefficient P_value

Crop_5000 -2.552e-8 0.000*** Crop_5000 -3.993e-9 0.000***
For_5000 -1.903e-8 0.000*** For_5000 -9.639e-8 0.000***
Gra_5000 1.000e-4 0.000*** Gra_5000 1.000e-4 0.004**
Wat_4000 5.061e-8 0.000*** Pop_500 1.220e-2 0.000***
Bar_5000 -7.548e-8 0.002** NTL_2000 4.070e-2 0.000***
Ind_5000 1.820e-2 0.000*** Pre 6.560e-2 0.000***
Cul_4000 1.300e-3 0.000*** Tem 1.415e0 0.000***
Cro_5000 -2.100e-3 0.000*** Const 3.195e1 0.000***
Bus_2000 3.400e-3 0.000*** - - -
Pop_200 2.500e-3 0.010* - - -
Pre 7.370e-2 0.000*** - - -
Const 3.949e1 0.000*** - - -

Note: as for the significance test, * represents P_value < 0.1; ** represents 
P_value < 0.01; *** represents P_value < 0.001.
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correlation with the layout of the urban primary roads [19].

4.2.3. Combined performance of LST and PM2.5 in blocks
Furthermore, this study classified the overall performance of both 

LST and PM2.5 in urban blocks using the quadrant method, with the 
average values of LST and PM2.5 in each block as the origin (as shown in 
Fig. 8). It was observed that the classification results show a significant 
consistency between summer and winter. To the north of the Qiantang 

Fig. 6. Scatter plots showing actual and predicted PM2.5 in the test dataset using the LUR model.

Fig. 7. PM2.5 in the research area and average LST in blocks in summer and winter.
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River, the high LST-low PM2.5 and low LST-high PM2.5 groups are 
distributed in an intersecting pattern in the central urban area, while a 
high LST-high PM2.5 group is found around the West Lake Scenic Area. 
On the southern bank of the Qiantang River in Binjiang, low LST-low 
PM2.5 blocks are located along the river, while high LST-high PM2.5 
blocks characterize the southern part of Binjiang. This phenomenon 
suggests that areas around urban scenic spots, due to intense 

development, may experience poorer environmental conditions. How
ever, large-scale mountainous or water areas may mitigate this risk [71].

4.3. . Effects of urban morphology on LST (summer) and PM2.5 (winter)

4.3.1. Nonlinear effects
The nonlinear effects of urban morphology on summer LST and 

Fig. 8. Combined performance of LST-PM2.5 of urban blocks in summer and winter.

Fig. 9. Nonlinear fitting graphs of urban morphology and LST in summer. 
Note: the regressions for both LST-FAR and LST-SCD failed, as the regression coefficients did not pass the significance test (as described in Table S6).
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winter PM2.5 are identified by NRM. Determination of the optimal orders 
and fitting results of NRMs are described in Text S2, Table S6, and 
Fig. S1-S2.

Fig. 9 presents the nonlinear effects of urban morphology on LST in 
summer. ABH exhibits a fourth-order nonlinear correlation with LST in 
summer. A positive correlation is observed when ABH < 15.628, while a 
negative correlation occurs when ABH > 15.628. Most urban blocks in 
the study area have ABH values concentrated between 0 and 30, with 
slightly more blocks having ABH values greater than 15. SDBH and BD 
display complex fifth-order nonlinear correlations with LST in summer, 
each with four thresholds for positive and negative correlation changes. 
SDBH is positively correlated with LST until it reaches the first 
threshold, after which the correlation alternates between negative and 
positive. In contrast, BD exhibits an inverse pattern: first showing a 
negative and later a positive correlation. Most SDBH and BD values in 
the urban blocks are concentrated within their first two value intervals, 
with more blocks falling within the second range (21.602–43.056 for 
SDBH and 0.400–0.616 for BD). Chen et al. [36] found that SDBH is 
negatively correlated with LST, as larger differences in building height 
can enhance shading effects from taller buildings. We hypothesize that 
when building height variation is minimal, it fails to provide adequate 
shading and may even hinder the formation of air corridors. SVF has a 
three-stage nonlinear effect on LST in summer. The relationship initially 
performs negatively, then positively, and finally negatively again. 
Nearly all urban blocks have SVF values between 0.464 and 0.846.

Fig. 10 presents the nonlinear effects of urban morphology on PM2.5 
in winter. Both ABH and BD exhibit a third-order nonlinear correlation 
with PM2.5 in winter. This relationship is characterized by an initial 
positive correlation, followed by a negative correlation, and then 
another positive correlation. Most urban blocks in the study area have 
ABH and BD values below their first thresholds (31.387 and 0.358, 
respectively). SDBH shows a complex fourth-order nonlinear correlation 
with PM2.5 concentrations in winter, with a positive correlation when 
SDBH < 11.133, and a negative correlation otherwise. The majority of 
urban blocks in the study area have SDBH values concentrated between 
0 and 20, with more blocks having values less than 11.133. FAR, SVF, 
and SCD all exhibit nonlinear relationships with PM2.5 in winter, 

initially positive, followed by negative. The thresholds for these re
lationships are approximately 5.457, 0.600, and 0.313, respectively. The 
negative shift may relate to the association between high FAR and high- 
rise, low-density urban morphology [72], the threshold for SVF in 
regulating airflow, and the link between SCD and the narrow-channel 
effect on air circulation. Within the study area, nearly all urban blocks 
do not reach the threshold for FAR and SCD, while slightly more blocks 
have SVF values above the threshold than below it.

4.3.2. Total, direct, and indirect effects
Table 5 presents the bootstrapping mediation analysis results, 

showing that all effects are statistically significant. Regarding the total 
effect, ABH, SDBH, and FAR are negatively correlated with LST in 
summer, while BD, SVF, and SCD are positively correlated. Except for 
SVF, all urban morphology metrics exhibit a positive correlation with 
PM2.5 in winter. Notably, nonlinear correlations between urban 
morphology and LST/PM2.5 were observed using NRM in the preceding 
analysis. However, urban morphology values in most urban blocks are 
concentrated within a specific range, not reaching the threshold that 
would alter the effect direction. As a result, the total effect of a specific 
metric on LST/PM2.5 is in the same direction as the effects of its majority 
values.

Furthermore, the impact of urban morphology on LST in summer is 
primarily realized through direct effects. Specifically, PM2.5 in summer 
effectively transmits the effects of ABH and FAR in lowering LST, and 
BD, SVF, and SCD in raising LST. However, the mediating effect is 
limited: the largest mediation effect is 2.146% for the effect of FAR on 
LST, while the other effects do not exceed 1%. Meanwhile, PM2.5 in 
summer suppresses the effect of SDBH on lowering LST, but this sup
pression only affects 0.304% of the originally negative effect. In 
contrast, the impact of urban morphology on PM2.5 in winter is signifi
cantly mediated by LST in winter. Specifically, LST fully mediates the 
positive effects of both ABH and SDBH on PM2.5, while mediating 
9.032% of the positive effect of FAR on PM2.5 and 17.278% of the 
negative effect of SVF on PM2.5. The positive effects of BD and SVF on 
PM2.5 are suppressed by LST, with the suppression reducing the total 
effect by absolute values of 10.187% and 11.741%, respectively. 

Fig. 10. Nonlinear fitting graphs of urban morphology and PM2.5 in winter.
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Considering that PM2.5 is lower in summer and LST is lower in winter, it 
suggests that low LST in winter significantly impacts the atmospheric 
environment, whereas low PM2.5 in summer has a limited effect.

5. Discussion

5.1. Applying LUR model to downscale PM2.5

Downscaling refers to the process of converting large-scale, low- 
resolution data into finer-scale, high-resolution data [73]. Li et al. 
classified downscaling methods into three categories [74]. One effective 
approach is to establish a relationship between the explained elements 
and relevant explanatory variables, and then downscale the original 
data based on the established equations [75]. This method has already 
been applied in the downscaling of LST [59,76]. This study adopts the 
same method for downscaling PM2.5 but with its unique characteristics. 
On the one hand, LST regression uses temperature and other features 
within the grid as variables, assuming that the correlations of these 
variables within grids at different scales remain constant [77]. In 
contrast, the LUR model applied in this study uses buffer zone data 
around monitoring points as independent variables, eliminating the 
need for the assumption required in the LST downscaling. Additionally, 
the selection of buffer zones at varying distances considers the pollut
ants’ mobility and the variables’ spatial effects. On the other hand, LUR 
can directly infer pollutant concentrations based on air monitoring 
station data [78]. In this study, we treat the central points of grids in the 
open-source raster data as air monitoring stations and perform the 
inversion as part of the downscaling process, offering the advantages of 
lower cost and greater scalability. It is important to note that the method 
used in this study has a limitation. The 1 km resolution PM2.5 data 
employed were already derived through inversion based on various 
socio-economic conditions, meaning further establishing relationships 
may introduce redundancy and complexity. Nonetheless, we believe this 
method still provides a feasible approach for obtaining high-resolution 
pollutant data in areas lacking air quality monitoring stations.

5.2. Understanding of combined effects

The study reveals the nonlinear effects of urban morphology on LST/ 
PM2.5 using NRM. High LST/PM2.5 concentrations result from the 
emission, circulation, and accumulation of massive heat/particulate 
matter [79,80]. Urban morphology directly intervenes in processes of 
circulation and accumulation by affecting local microclimates [25,26], 
especially radiation and airflow. Moreover, urban morphology can 
reflect and reshape human behavior and socio-economic conditions [19,
28], affecting heat and particulate matter emissions. These effects exert 
simultaneously and balance mutually, leading to different effects as 
urban morphology enters different value ranges. Therefore, based on the 
identified nonlinear correlations and relevant studies, we integrate the 
impact of urban morphology on factors such as local climate and 
socio-economic status to infer the potential underlying mechanisms. 
Take ABH and BD for example, (1) ABH reflects population density, 
social dynamics, and buildings’ ability to block radiation and airflow. 
Specifically, higher ABH corresponds to a higher population density 
when the overall level of ABH is low. This leads to more heat and 
pollutant sources, resulting in elevated LST and PM2.5 [10]. As ABH 
continues to increase, the need for sunlight results in a sparser building 
layout, thereby enhancing ventilation capacity [37]. Consequently, this 
study observed a nonlinear relationship between ABH and LST/PM2.5, 
characterized by an initial positive correlation followed by a negative 
correlation. This finding aligns with the findings of Zhang et al. [81] in 
Shanghai. Nevertheless, further increases in ABH gradually form deep 
canyons within urban blocks, causing PM2.5 to accumulate and rise 
again [82]. (2) BD influences the light intensity within urban blocks, 
while also reflecting residential patterns. Most studies have found that 
higher BD leads to higher PM2.5 [33,34] and elevated LST [35,36]. 
However, this study reveals a negative correlation between BD and 
PM2.5 within the range of 0.36 to 0.69, while up to four positive and 
negative transitions exist in the relationship between BD and LST. 
Regarding this, we propose that a moderate increase in BD may not lead 
to a corresponding rise in energy consumption, as the reduction due to 
higher resource utilization efficiency from technological progress could 

Table 5 
Results of the bootstrapping mediation analysis.

Dependent 
variable

Mediating 
variable

Independent 
variable

Indirect effect Direct effect Total effect Proportion 
mediated

ab 95% BCI ć 95% BCI c 95% BCI

LST in summer PM2.5 in summer ABH -0.000 (-0.001, 
-0.000)

-0.031 (-0.038, 
-0.024)

-0.031 (-0.038, 
-0.024)

0.323%

SDBH +0.000 (+0.000, 
0.002)

-0.046 (-0.056, 
-0.036)

-0.046 (-0.056, 
-0.036)

-0.304%

BD 0.021 (0.016, 0.026) 2.958 (2.261, 
3.655)

2.979 (2.285, 
3.672)

0.715%

FAR -0.001 (-0.002, 
-0.000)

-0.046 (-0.078, 
-0.013)

-0.047 (-0.082, 
-0.012)

2.146%

SVF 0.025 (0.023, 0.029) 3.783 (2.892, 4.674) 3.808 (2.917, 
4.698)

0.649%

SCD 0.042 (0.031, 0.054) 4.825 (3.480, 
6.170)

4.867 (3.524, 
6.210)

0.863%

PM2.5 in winter LST in winter ABH 0.003 (0.001, 0.005) 0.004 (-0.001, 
0.010)

0.007 (0.002, 
0.012)

100.000%

SDBH 0.005 (0.002, 0.008) 0.004 (-0.004, 
0.011)

0.009 (0.002, 
0.015)

100.000%

BD -0.157 (-0.255, 
-0.084)

1.539 (1.073, 2.006) 1.383 (0.918, 
1.848)

-10.187%

FAR 0.011 (0.002, 
0.021)

0.112 (0.072, 0.152) 0.123 (0.084, 
0.162)

9.032%

SVF -0.250 (-0.478, 
-0.024)

-1.194 (-1.840, 
-0.549)

-1.444 (-2.044, 
-0.844)

17.278%

SCD -0.159 (-0.301, 
-0.059)

1.515 (0.613, 2.418) 1.356 (0.453, 
2.259)

-10.507%

Note: (1) when the indirect effect is in the same direction as the total effect, proportion mediated = ab/c; when the indirect effect is in the opposite direction as the total 
effect, proportion mediated = ab/(c − ab); (2) proportion mediated equals 100.000% when the direct effect is insignificant.
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offset it. Besides, fewer building patches at the same BD may also help 
mitigate the negative impacts of BD.

This study examined the effect of urban morphology on PM2.5 
affecting LST in summer, as well as the effect of urban morphology on 
LST affecting PM2.5 in winter. This interaction is primarily mediated 
through the complex relationship between LST and PM2.5. (1) The in
fluence of urban morphology on PM2.5 would affect LST in summer, but 
the effects are relatively weak (less than 2.2%). Previous studies suggest 
that PM2.5 can absorb shortwave solar radiation to create a cooling effect 
[31], while also absorbing longwave radiation from the ground to pro
mote the greenhouse effect [83]. We propose that these opposing effects 
of PM2.5 may balance each other in Hangzhou during summer, limiting 
its mediating role. Additionally, lower PM2.5 concentrations in most 
urban blocks may also contribute to this phenomenon [84]. High PM2.5 
concentrations are mostly found around West Lake and the Qiantang 
River, where their impact on LST is somewhat mitigated by water bodies 
[85]. (2) LST significantly mediates the effects of urban morphology on 
PM2.5 in winter, where LST and PM2.5 are negatively correlated. The 
effects of urban morphology on winter PM2.5 through LST all exceed 
9.0%, stronger than the impact of PM2.5 on summer LST. Notably, LST 
fully mediates the relationship between building height and PM2.5, with 
higher ABH generally linked to lower LST and higher PM2.5 in most 
blocks. Specifically, lower LST hinders atmospheric convection, poten
tially causing atmospheric inversion [86]. It also reduces turbulence and 
lowers the mixing layer height, increasing atmospheric stability [32]. As 
a result, PM2.5 tends to accumulate in source blocks and near the ground 
due to the lack of airflow for dispersion. The negative correlation aligns 
with some studies [44,87,88] but contradicts findings by Ngarambe 
et al. [32] and Liang et al. [43]. Variations in PM2.5 concentrations [84] 
and particle size [89] may explain these opposing results. Therefore, 
further multi-scenario simulations of thermal and atmospheric envi
ronments are needed.

5.3. Implications for urban block planning

Based on the research findings, it can be seen that block planning 
does not favor extreme values for urban morphological metrics. Indeed, 
the key lies in the control of degree and the combination of morpho
logical metrics. Based on the overall conditions of the study area and the 
context of urban planning and redevelopment, we propose several po
tential planning strategies for urban blocks: (1) opt for a mid- to high- 
rise, low-density building mode. When ABH is between 20-60 m and 
BD ranges from 0.2 to 0.4, a high-rise, low-density development mode 
promotes the creation of open channels, facilitating atmospheric circu
lation. This development approach is also advocated in the studies of 
Yuan et al. [90] and Liu et al. [91]. (2) The degree of spatial openness 
and building height variation should either be high or low, as interme
diate values may not be optimal. When SVF is between 0.46 and 0.85, 
the block provides space for particulate matter, but the wind generated 
is not sufficient to offset the heat from solar radiation. The benefits of 
high openness have also been validated in related studies [92]. Simi
larly, when SDBH exceeds 4, the cooling and pollution-reducing effects 
in the block become significant. (3) FAR and SCD should be reduced to 
reduce PM2.5, which is consistent with existing planning strategies. 
Additionally, attention should be given to analyzing and controlling the 
building’s thermal environment, as it can significantly influence par
ticulate matter concentrations during the winter. Specifically, this can 
be done through computer-based numerical simulations [86].

Additionally, urban waterfront areas have garnered widespread 
attention because of their abundant blue and green spaces [93]. Some 
studies suggest that water bodies are inherently cleaner as substitutes for 
built-up land [78] and can reduce heat and PM2.5 by increasing wind 
speed and humidity [94,95]. However, our study observed the opposite 
phenomenon: urban blocks around West Lake and along the Grand 
Canal simultaneously experience high LST and PM2.5 concentrations. 
Moreover, we found that these areas also exhibit high ABH, BD, FAR, 

and SCD. This may be attributed to the increased land value driven by 
the attractive waterfront views, which encourage more intensive urban 
development [68]. Therefore, this study suggests that high-intensity 
development around quality urban water bodies may hinder local 
airflow exchange, resulting in more severe heat and air pollution 
compared to the core urban area. This finding aligns with the results of 
Wang et al. [71]. To mitigate this issue, we propose that waterfront 
blocks focus more on controlling building height and density. Specif
ically, we suggest exploring mid- to high-rise, low-density designs that 
do not compromise the visual integrity of urban water bodies, while 
actively reserving wind corridors to introduce clean air into the urban 
area [96].

Furthermore, effective guarantee institutions should be established 
to support the implementation of planning strategies [97]. Potential 
government measures include: (1) Developing location-specific optimi
zation standards for urban block morphology through expanded scien
tific research; (2) Promoting specialized planning initiatives to improve 
thermal and atmospheric environments, such as updating older blocks 
and implementing pilot projects for representative blocks; (3) Providing 
technical support and financial incentives, such as 3D simulation 
modeling of building clusters and rewards for achieving morphological 
standards. Additionally, strategies to encourage public participation 
include: (1) Raising public awareness of the relationship between urban 
morphology and thermal/atmospheric environments; (2) Establishing 
reward mechanisms to motivate residents to actively monitor changes in 
block morphology.

5.4. Contributions and limitations

The marginal contributions of this study to scientific research and 
practical application are as follows: (1) Proposing the feasibility of using 
the LUR model to downscale large-scale, low-resolution PM2.5 data, 
further advancing research on the atmospheric environment across fine- 
scale urban blocks within the city. Analyzing haze pollution across 
urban blocks aligns with urban planning and environmental governance 
needs. However, station monitoring, mobile monitoring, and meteoro
logical simulations are costly within the entire city, limiting their 
practical use. By converting open-source raster data to equivalent point 
data, the LUR model can downscale and generate high-resolution PM2.5 
data. Additionally, the relationship between point values and sur
rounding buffer variables is more transferable than the grid-based re
lationships used in traditional LST downscaling. (2) Revealing nonlinear 
and potential mediating effects of urban morphology on the LST in 
summer and PM2.5 in winter. NRM seeks the optimal nonlinear rela
tionship by gradually increasing the order of fitting. This allows for a 
deeper understanding of the complex nonlinear correlations between 
urban morphology and LST/PM2.5, beyond the linear or simple 
quadratic correlations found in previous studies. Bootstrapping media
tion analysis explored the potential mediating mechanisms of PM2.5 
between urban morphology and LST, and vice versa. This provides 
initial insights into the possibilities of coordinated control of heatwaves 
and haze pollution. (3) Research findings on the combined effects of 
urban morphology on LST and PM2.5 provide reasonable references for 
optimizing urban block morphologies to improve thermal and atmo
spheric environments. The identified key morphological metrics and 
their threshold values can serve as standards for morphological opti
mization. Waterfront areas with significant conflicts between block 
development and environmental protection can be prioritized in urban 
planning.

The study acknowledges several limitations. (1) This study has made 
efforts to refine the research object at the spatial scale; however, at the 
temporal scale, it still relied on daily average data. Both LST and PM2.5 
exhibit significant variations throughout the day and even on an hourly 
basis. Future studies could explore data across multiple periods to better 
understand the heat and pollution dynamics within urban blocks across 
the city. (2) This study inferred the potential mechanisms by which 
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urban morphology affects LST and PM2.5 through statistical correlation 
analysis. However, the complex three-dimensional interactions between 
LST, PM2.5, and urban morphology, along with the influence of socio- 
economic and meteorological factors, complicate the understanding of 
these mechanisms. Future studies could combine 3D simulations of 
typical urban blocks with multivariate statistical regression models for a 
deeper analysis of these underlying mechanisms. (3) This study focused 
solely on Hangzhou as the research area. Climate conditions and urban 
construction practices vary significantly across different regions. Future 
research could analyze more cities to explore inter-city differences.

6. Conclusions

The resolution of pollutant concentration data has ever limited the 
analysis of the thermal and atmospheric environments across all fine- 
scale urban blocks within the city. This study applied the LUR model 
to downscale open-source PM2.5 data while also integrating remote 
sensing-derived LST to identify the LST and PM2.5 concentrations across 
all urban blocks in the core area of Hangzhou. An interesting finding is 
that waterfront blocks are more likely to experience both high LST and 
elevated PM2.5 concentrations due to high-intensity development.

Identifying the combined effects of urban morphology on LST and 
PM2.5 can provide valuable insights for optimizing urban block plan
ning. In this study, we applied NRM to compute the nonlinear effects of 
urban morphology on summer LST and winter PM2.5, while boot
strapping mediation analysis was used to identify the indirect effects of 
urban morphology on LST through PM2.5 in summer and on PM2.5 
through LST in winter. The results revealed nonlinear correlations be
tween ABH, SDBH, BD, SVF, and both summer LST and winter PM2.5, 
while FAR and SCD exhibited nonlinear effects only on PM2.5. Most 
urban blocks had morphological values that did not exceed thresholds, 
which explains the unidirectional total effects of urban morphology on 
LST/PM2.5. Additionally, urban morphology significantly influenced 
PM2.5 concentrations in the winter through LST, while the effect of 
urban morphology on LST through PM2.5 was minimal in summer. LST 
fully mediated the effects of ABH and SDBH on PM2.5.

Based on the research findings, we propose block planning ap
proaches that favor the selection of mid- to high-rise, low-density 
building modes (with ABH ranging from 20-60 m and BD between 0.2- 
0.4), increasing the spatial openness within blocks (with SVF greater 
than 0.85), and enhancing the building height difference (with SDBH >
4). This study aims to uncover potential approaches for analyzing the 
thermal and atmospheric environments of fine-scale urban blocks and 
provides possible strategies through urban morphological design.
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