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The multilevel effects of landscape composition and configuration on daytime land surface temperature
(LST) has been examined. However, how 2D and 3D characteristics of building and tree hierarchically
interact to influence LST and how such effects vary diurnally were yet unknown. Using thermal satellite
imagery, 2D and 3D characteristics of urban landscapes, and multilevel models (i.e. the random intercept
model (RIM) and the random coefficient model (RCM)), we quantified the multi-dimensional and hierar-
chical effects of buildings and trees on LST as well as their diurnal contrast. Our results showed that com-
bining landscape pattern and 3D urban morphology can capture more of the variation in diurnal LST than
using them separately, regardless of single-level ordinary least squares (OLS) and multilevel models.
Moreover, the multilevel models performed better than OLS models in explaining the impacts of land-
scape pattern and 3D urban morphology on LST for both day and night, and the RCM performed better
than that the RIM. During the day, the standard deviations of the residual and autocorrelation in the
residual for the RCM were 1.315 and 0.131, respectively, but 1.715 and 0.312 for OLS, respectively.
Similarly, a smaller autocorrelation in the residual was produced by the RCM (0.155) than by OLS
(0.366) at night. The spatial heterogeneity of LST was linked tightly to the percent cover of trees and
the largest patch index of tree during the day, but was primarily dominated by the edge density of the
buildings and the mean building height at night. Moreover, we found significant differences in the ran-
dom effects of the composition and 3D urban morphology on the LST at the block level. The random
impacts of the percent cover of buildings on both daytime and nighttime LSTs varied most across urban
blocks. These findings provide urban planners and researchers a more thorough picture of LST-landscape
associations from multi-dimensional and multilevel perspectives.

� 2022 Elsevier B.V. All rights reserved.
Introduction

Owing mainly to the replacement of natural with artificial land
surfaces and population increase, rapid urbanization is seriously
affecting the Earth’s systems, and has induced a series of problems
related to urban environment ([1,2]). The urban heat island (UHI),
in which higher temperature was found in urban area compared to
its peripheral rural environments. One of these well-known pri-
mary concerns is urban heat island (UHI), in which higher temper-
atures are found in urban areas than in their peripheral rural
environments ([3]). In these areas, the enhanced heat stress caused
by UHI effects has profound impacts on energy consumption
([4,5]), plant phenology ([6,7]), and even mortality risk ([8]). As a
result, strategies to mitigate UHI effects are crucial to enhance a
city’s resilience to climate change.

Urban land cover has been regarded as a fundamental surrogate
for exploring how landscape heterogeneity impacts variations in
LST ([9–11]). Previous studies concentrated largely on the impacts
of the 2D and 3D characteristics of vegetation and impervious sur-
faces on LST, by using a regular grid as the analytical unit ([12–
14]). Two-dimensional characteristics are usually represented by
landscape pattern, including composition and configuration (e.g.,
shape, edge, and aggregation) ([15]). It is generally recognized that
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an increase in the tree canopy fraction can lead to a reduction in
both daytime and nighttime LSTs ([16,17]), whereas building sur-
face coverage contributed to urban warming. Moreover, LST can
be significantly affected by the spatial configuration of buildings
and trees, but the magnitude, significance, and even direction var-
ied in previous studies ([18–20,16]). Furthermore, several previous
studies have implied that the 3D characteristics of urban morphol-
ogy played important roles in influencing the urban thermal envi-
ronment ([21–23]). These studies can be categorized into two
categories: Firstly, some researchers adopted micro-climate
numerical models to investigate the impact of the surrounding
micro-environment on urban micro-climate ([24–27]). The find-
ings from such studies provide a feasible method to provide effec-
tive UHI mitigation strategies. However, they failed to guide urban
planning and design at the city level because of the specific mate-
rials and elements used in micro-thermal research ([28]). Secondly,
few studies have tried to explore the impacts of 3D building and
tree structures on urban LST at the city level. It suggested that
when the mean vegetation height at a 30 m grid increased from
0-2 m to 20-22 m, daytime LST decreased by 4.10 �C ([29]). The
2D characteristics of urban landscapes were found to affect day-
time LST more than the 3D urban morphology in China and the
United States ([17,30,31]), which contrasts with the findings of
research conducted in Iran ([32]).

Although the relationships between urban landscapes and LST
have previously been explored with grid units, several limitations
to such studies need to be acknowledged. First, despite UHI effect-
ing involving multilevel interacting processes ([33–35]), the hier-
archical structure of their explanatory variables has been
ignored. Landscape composition, configuration, and 3D urban mor-
phology variables should be used at different levels. This is because
the composition and 3D urban morphology represent features that
do not consider the spatial characteristics of patches. In contrast,
configuration is used to measure the spatial arrangement of land
cover patches and offers contextual knowledge for composition
metrics ([15]). In a previous study, configuration metrics were
found to explain more of the variation in daytime LST than compo-
sition metrics, where the individual pixels and cluster-derived
groups were separately used as level-1 and level-2 units ([36]). A
dense and continuous tree configuration at the administrative
ward level seems to enhance the cooling effect of the
dissemination-area-level tree canopy fraction ([37]), when the
administrative ward was subdivided into smaller nested dissemi-
nation areas.

In addition, the irregular urban forms at the neighborhood scale
prevents the grid unit from fully characterizing the structure-
function boundaries of the city, which may produce biased esti-
mates of the effects of buildings and trees on the thermal environ-
ment ([30]). The neighborhood scale is regarded as an appropriate
and operational scale for urban development projects and the
implementation of urban sustainability measures. The urban
blocks has usually been taken as the analytical unit to describe
the neighborhood scale in recent UHI research, because they indi-
cate the thermal advection at the neighborhood scale ([38–41]).
For instance, some case studies have adopted urban blocks as sta-
tistical units to investigate the impact of 3D building structure,
composition and configuration of vegetation on daytime LST
([42,22,43]).

Even though the multilevel impacts of landscape composition
and configuration on LST have been examined during the day,
how landscape pattern and 3D urban morphology hierarchically
interact to influence LST together with diurnal contrast is not yet
understood. Moreover, to date, no study has attempted to elucidate
the varying local effects of composition and 3D urban morphology
metrics across different urban blocks, while simultaneously allow-
ing for pixel-level and urban block-level effects. These research
2

gaps inspired us to systematically examine the relationships
between urban landscapes and diurnal LST from multilevel and
multi-dimensional perspectives. The three key objectives to be
achieved in this study were as follows: (1) to examine whether
the inclusion of 3D urban morphology could improve the perfor-
mance of both single-level and multilevel models, and to compare
the performances of these approaches; (2) to discriminate the
dominant factors influencing LST variation for both day and night,
when the multilevel and multi-dimensional impacts of urban land-
scapes are considered; and (3) to examine how the responses of
diurnal LST to composition and 3D urban morphology indicators
vary with urban blocks. The results from this work provide fresh
insights into whether multilevel model are better than single-
level models to explain LST variation during both day and night,
and how landscape pattern and 3D urban morphology metrics
hierarchically impact LST as well as their day-night contrast.

Materials and methods

Study area

In this research, we concentrated on the city of Nanjing, the
capital of Jiangsu Province, China (Fig. 1 (a)). The city has subtrop-
ical monsoon climate, with a mean daily high temperature of 28.6
�C in July, being widely known as one of China’s ‘‘Four Furnace”
([44]). Nanjing has witnessed a rapid rate increase in urbanization

since the early 2000s: the built-up area increased from 153.81 km2

in 2000 to 726.4 km2 in 2012 ([45]). The number of hot days, when
the air temperature is over 35 �C, was relatively high in the 1950s
(16.2 days/year) and the 1960s (18 days/year) in Nanjing, and were
relatively low from the 1970s (13.3 days/year) to the 1980s (9.7
days/year). However, Nanjing has tended to experience more hot
days since the 1990s. The average number of hot days was 18.4
days/year from 2001 to 2007 ([46]). Nanjing has a heterogeneous
land-use composition, including buildings, trees, grasses, commer-
cial, industrial, bare soil and open water. Such characteristics make
Nanjing city an ideal area to explore the effects of landscape pat-
tern and 3D urban morphology on LST. Our study area is located

in central Nanjing, encompassing approximately 205 km2. The
study area was selected mainly owing to the availability of LiDAR
data, which are necessary to quantify 3D urban morphology.

Data sources

Land cover classification
To characterize landscape pattern and 3D urban morphology,

we need detailed information on urban land cover. In this study,
we combined an IKONOS-2 image and airborne LiDAR data to
map urban land cover with a Random Forest classifier using an
object-based method. Airborne LiDAR data, with a point density
of approximately 4.1 points=m2, were acquired on April 21 and
22, 2009. To ensure the date of the IKONOS-2 image as close as
possible to the acquisition time of airborne LiDAR data, we checked
all the available IKONOS-2 images according to acquisition date
and cloud cover. As a result, we used the IKONOS-2 image on June
18, 2009. IKONOS-2 images includes four spectral bands (blue,
green, red, and near-infrared) with 3.2 m spatial resolution.

We classified urban land cover into seven classes, buildings,
trees, roads, grass, water, cropland and bare soil, with a 99.35%
overall accuracy and 3.2 m spatial resolution, as is shown in
Fig. 1 (c). Given the availability of vertical structures, we consid-
ered two classes (buildings and trees) in this study. The user’s
accuracies of buildings and trees were 99.0% and 99.13%, respec-
tively, and 99.35% and 98.85% producer’s accuracies were obtained
for buildings and trees, respectively.



Fig. 1. (a) Location of Nanjing city in China; (b) Road-based blocks in the study area; (c) Land cover map which was obtained by combining airborne LiDAR and IKONOS-2
image.
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Land surface temperature
The diurnal LST data were acquired from the Advanced Space-

borne Thermal Emission and Reflection Radiometer (ASTER) sur-
face kinetic temperature product (AST_08), which has a pixel size
of 90 m ([47]). The AST_08 product was produced using five ther-
mal infrared channels ranging from 8 to 12 lm. When deriving
ASTER LST, the temperature/emissivity separation (TES) technique
was first used to estimate the emissivity values. Next, by adopting
Planck’s law with the emissivity values, the ASTER surface kinetic
temperature was determined. More detailed information about
the computation of ASTER LST can be found in a previous study
([48]). The absolute accuracy of ASTER LST is within �1.5 K
([47,48]).

To ensure the date of the LST data coincided with the acquisi-
tion time of urban land cover as closely as possible, daytime ASTER
LST data on May 11, 2011 (11:00 a.m.) was selected, whereas
nighttime LST image was obtained about five hours and six min-
utes after sunset on April 4, 2011 (22:19 p.m.). The azimuth angles,
which are formed by the meridian at the ASTER scene center and
the along-track direction, were 9:67� and 170:33� for daytime
and nighttime LSTs, respectively. The pointing angles of the ASTER
thermal infrared sensor for day and night were 8:57� and �8:56�,
respectively. Furthermore, ASTER surface kinetic temperature data
were converted to surface temperature in degrees Celsius, and the
urban land cover map and ASTER LST data were co-georeferenced.

The 2D and 3D influencing factors

Pixel-level variables
As 3D urban morphology, which is similar to landscape compo-

sition, does not consider the spatial arrangement of land cover
patches, we quantified composition and 3D urban morphology as
level-1 explanatory variables (Fig. 2). In this work, individual pixels
3

of 90 �90 m (i.e., the same pixel size as LST) were defined as level-
1 analytical units. Urban land cover data were resampled to grids
of 3 �3 m. We applied a window with a size of 90 �90 m to the
3 m urban land cover to compute the composition and 3D urban
morphology metrics.

We chose two composition metrics to measure the percent
cover of buildings (PER_Build) and trees (PER_Tree) within each
pixel. In addition, to concentrate on the 3D urban morphology,
we calculated seven types of metrics such as mean height and
height variation, to quantify the vertical structures of the buildings
and trees (Table 1). These metrics were calculated using land cover,
the LiDAR-derived digital surface model (DSM), and the normal-
ized digital surface model (nDSM). The DSM represents the height
of earth’s surface above the mean sea level, whereas nDSM pro-
vides the height distribution of above-ground surface features.
We selected these metrics because their potential influence on
LST. For example, the sky view factor (SVF) represents the ratio
of the visible sky area to the total sky area in one location, and is
a key factor in influencing the loss of solar radiation ([49,50]).
The average height of buildings and trees (BH_Mean and TH_Mean,
respectively) could have an important impact on the urban thermal
environment mainly by providing shadows and changing urban
surface roughness ([23,51]). Moreover, we considered the influ-
ence of topography on LST when quantifying 3D urban morphol-
ogy, such as the 10th percentile value of DSM-derived building
height (BH_P10).

Urban block-level variables
To derive higher-level influencing factors from landscape con-

figuration metrics, we considered urban blocks as level-2 units.
The boundaries of the urban blocks were defined as urban streets.
We acquired road network data from Nanjing Institute of Survey-
ing, Mapping & Geotechnical Investigation, and OpenStreetMap



Fig. 2. The conceptual framework of exploring the relationship between LST and landscape pattern and 3D urban morphology with multilevel regression analysis. OLS
denotes single-level ordinary least square. ZM represents zero model. RIM and RCM are multilevel models, and indicates random intercept model and random coefficient
model, respectively.

Table 1
Descriptive statistics of 2D and 3D urban morphological variables used in this research.

Categories of
metrics

Metrics Definition of metrics

Pixel-level metrics
Composition PER_Build, PER_Tree Proportional abundance of building or tree within each pixel.
3D urban

morphology
BH_Max, TH_Max Maximum building or tree height within each pixel.

BH_Mean, TH_Mean Mean height of building or tree within each pixel.
NBH_SD, NTH_SD Normalized variance of building or tree height, the ratio of variance to mean of building or tree height.
BH_P10, TH_P10 The 10th percentile value of DSM-derived building or tree height within each pixel.
BH_P90, TH_P90 The 90th percentile value of DSM-derived building or tree height within each pixel.
SVF The value of sky view factor within each pixel.

Block-level metrics
Configuration AREA_SD_BT Standard deviation in patch area for both building and tree.

SHAPE_SD_BT Shape index, which describes the standard deviation in the complexity of landscape including both building
and tree.

CONTAG_BT Contagion index, measuring the extent to which patches of building and tree are clumped.
SHDI_BT Shannon’s diversity index, a measure of diversity in community ecology.
PD_Build, PD_Tree Density of building or tree patches.
ED_Build, ED_Tree The total lengths of all building or tree patches per hectare.
LPI_Build, LPI_Tree The area proportion of the largest building or tree patch.
SHAPE_MN_Build,
SHAPE_MN_Tree

The mean shape index of building or tree patches.

COHESION_Build,
COHESION_Tree

Physical connectivity of building or tree patches.
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([52]), which were then used to divide the whole study area into
irregular urban blocks.

Building and tree patches that overlapped with these urban
blocks, were employed to quantify landscape configuration. Based
on the theoretical importance and applicability as well as their
association with LST ([19,53–55]), we selected nine commonly
used configuration metrics at both the class and landscape levels
(Table 1). To quantify the spatial configuration of buildings or trees
in every urban block, we used class-level metrics, including patch
density (PD), edge density (ED), largest patch index (LPI), mean
shape index (SHAPE_MN), and patch cohesion index (COHESION).
In contrast, over all patches of buildings and trees, we computed
landscape-level metrics, which consisted of standard deviation in
patch area (AREA_SD), standard deviation of shape index (SHA-
PE_SD), contagion index (CONTAG), and Shannon’s diversity index
(SHDI).
Multilevel regression model

Because the factors influencing LST were hierarchically struc-
tured in this study, the commonly used ordinary least squares
4

(OLS) model would fail to fully explain potential sources of error
variance ([36]). As a result, we used multilevel regression models
to simultaneously reveal the effects of composition, 3D urban mor-
phology and configuration on LST at both the pixel and block
levels. The multilevel regression models were built using the fol-
lowing steps ([56–58]).

Step 1: First, we built an empty multilevel regression model
(i.e., zero model (ZM)), and calculated the intra-class correlation
coefficient (ICC). The ICC value was used to measure the degree
of LST variation, resulting from the differences between urban
blocks. The empty model can be reformulated as follows:

Yij ¼ b0j þ eij ð1Þ
b0j ¼ a00 þ u0j ð2Þ
eij ¼ Nð0;r2

e Þ ð3Þ
u0j ¼ Nð0;r2

u0
Þ ð4Þ

where Yij is the estimated value of LST in pixel i within block j. a00,
the so-called ‘‘fixed intercept”, is the grand mean of intercept, and
u0j, the so-called ‘‘random intercept”, is the difference for each
urban block between its intercept and a00. eij is the residual error
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of pixel-level. r2
e and r2

u0
denote the variances of pixel-level and

block-level errors, respectively. Moreover, they are assumed to be
normally distributed and independent of each other. In order to
explore whether LST varies among different urban blocks, ICC is
computed as follows:

ICC ¼ r2
u0

r2
u0
þ r2

e
ð5Þ

The ICC value ranges from 0 to 1, in which the larger the value
of ICC is, the more LST variation can be attributed to the block-
level.

Step 2: Adding the influencing factors at both pixel-level and
block-level to the empty model, the model, called random inter-
cept model (RIM) can be expressed as follows:

Yij ¼ b0j þ b1xij þ eij ð6Þ
b0j ¼ a00 þ a01zij þ u0j ð7Þ
where xij represents influencing factors of LST in the pixel-level,
which include landscape composition and 3D urban morphology,
while zij denotes landscape configuration metrics in the block-
level. The regressed estimates of b1 and a01 are the slopes of influ-
encing variables in the pixel-level and block-level, respectively.

Step 3: Incorporating the random effects of items on the slopes
of explanatory variables into the RIM model can create the random
coefficient model (RCM):

Yij ¼ b0j þ b1jxij þ eij ð8Þ
b0j ¼ a00 þ a01zij þ u0j ð9Þ
b1j ¼ a10 þ u1j ð10Þ
where a10, the so-called ‘‘fixed slope”, is the fixed effects of explana-
tory variables in the pixel-level on LST. u1j, the so-called ‘‘random
slope”, represents the random effects of these explanatory variables,
indicating the extent to which the slopes of explanatory variables in
the urban block j vary around a10.

Statistical analysis

To clarify the impacts of urban landscapes on LST from both
multilevel and multi-dimensional perspectives, two scenarios
were introduced to construct models: (1) LST - landscape pattern
(composition and configuration), (2) LST - landscape pattern and
3D urban morphology (composition, 3D urban morphology and
configuration). In this work, we built a single-level OLS model as
the reference. Multilevel models were utilized to reveal the hierar-
chical effect of influencing factors on LST. ZM was executed to
check the necessity of using multilevel regression model. When
exploring the effects of building and tree on LST, RIM allowed
the intercept to differ across road-based blocks. RCM aimed to
evaluate the fixed and random effects of composition and 3D urban
morphology metrics on LST. When landscape pattern was used as
independent variables, composition and configuration metrics
were defined as level-1 and level-2 variables for multilevel model,
respectively. While expressing LST as a function of landscape pat-
tern and 3D urban morphology with multilevel model, level-1 vari-
ables included composition and 3D urban morphology metrics, and
configuration metrics were considered as level-2 variables.

All pixel-level and block-level variables were grand mean-
centered, and scaled by the corresponding standard deviations
before the regression. These treatments are of great help to elimi-
nate convergence problems during the estimation of regression
coefficients. Variance inflation factor (VIF) vale for each influencing
factor, together with Pearson correlation coefficient, were con-
sulted to test the potential multicollinearity among explanatory
variables. As a general rule, it is indicated that the value of VIF
5

should be less than 7.5 ([59]). As a result, VIF values in all models
were less than 7.5 during the day, when BH_P10, BH_P90, TH_P10,
SVF and CONTAG_BT were excluded. At night, BH_P90, TH_P10,
TH_P90, SVF and CONTAG_BT were excluded.

Considering the limitation of R2 to evaluate the goodness of
multilevel model ([60]), we presented Akaike Information Criterion
(AIC) and Root mean square error (RMSE) as the model comparison
tools. Moreover, we calculated Moran’s I index (Moran’s I) to weigh
the spatial autocorrelation of the residual ([61]). A positive Moran’s
I value demonstrates spatial clustering of the residual in adjacent
locations, and a value of 0 suggests perfect randomness of the
residual. Generally, smaller values of AIC, RMSE and Moran’s I sug-
gest better performance of the regression models. In this work, the
best regression models were selected to evaluate the multilevel
impacts of landscape pattern and 3D urban morphology on LST.
The relative contribution of each explanatory variable was mea-
sured by standardized regression coefficients.
Results

Effects of landscape pattern and 3D urban morphology on LST revealed
by single-level model

We first applied a single-level OLS regression model to quantify
the impacts of buildings and trees on LST. During the day, the
explanatory power (i.e., adjusted R2) of the OLS model with land-
scape pattern was 36.7%, and the inclusion of 3D urban morphol-
ogy in this model explained 4.6% more of the variation in
daytime LST. As shown in Fig. 3 (a) and Fig. 4 (a), the AIC and RMSE
values suggested that the OLS model considering landscape pattern
and 3D urban morphology performed more accurately than the
OLS model only considering landscape pattern. According to the
Moran’s I values of the residuals, a smaller autocorrelation was
produced by the combination of landscape pattern and 3D urban
morphology than by landscape pattern alone (Table 2).

From the data in Table 4, compared to the 3D urban morphol-
ogy and configuration variables, composition metrics had stronger
correlations with daytime LST. The percent cover of buildings
(PER_Build) had a positive effect on daytime LST, whereas the per-
cent cover of tree (PER_Tree) was negatively correlated with day-
time LST. In addition, PER_Build was more strongly correlated
with daytime LST than PER_Tree. All 3D urban morphology vari-
ables, except mean tree height (TH_Mean), exerted significant
effects on daytime LST. Shannon’s diversity index (SHDI_BT) had
a stronger relationship with daytime LST when compared to other
configuration metrics.

At night, the OLS model with landscape pattern only explained
21.2% of the variation in LST, but 32.0% of the LST variation was
captured by jointly considering landscape pattern and 3D urban
morphology. By incorporating 3D urban morphology in the OLS
model with landscape pattern, AIC and RMSE values decreased
from 68,670 and 1.46 to 65,895 and 1.36, respectively, and the
Moran’s I value of the residual decreased by 0.08. All explanatory
variables, except tree cohesion (COHESION_Tree), were signifi-
cantly correlated with nighttime LST. PER_Build and PER_Tree
had negative impacts on nighttime LST. The mean building height
(BH_Mean) was the 3D urban morphology variable most strongly
associated with nighttime LST. Regarding configuration metrics,
the largest patch index of tree (LPI_Tree) and edge density of trees
(ED_Tree) were the two most important determinants of nighttime
LST. ED_Tree showed a positive effect on nighttime LST, suggesting
that LST increased with an increase in tree edge density.

Although the OLS model with landscape pattern and 3D urban
morphology provided a better model fit, we observed significant
Moran’s I values and gradual changes in the residuals for both day-



Fig. 3. AIC values of four regressed models with landscape pattern and 3D urban morphology for both (a) daytime and (b) nighttime LSTs.

Fig. 4. RMSE values of four regressed models with landscape pattern and 3D urban morphology in terms of (a) daytime and (b) nighttime LSTs.

Table 2
Residual Moran’s I of four regressed models for daytime LST.

Model Residual Moran’s I SD of the residuals

Level-1 Level-2 Level-1 Level-2

Regression models with landscape pattern OLS 0.347** 1.782
ZM 0.203** 0.248** 1.628 1.068
RIM 0.158** 0.207** 1.472 0.799
RCM 0.140** 0.192** 1.354 0.692

Regression models with landscape pattern and 3D urban morphology OLS 0.312** 1.715
ZM 0.203** 0.248** 1.628 1.068
RIM 0.152** 0.153** 1.449 0.699
RCM 0.131** 0.130** 1.315 0.573

** represents the significance at 0.01 level (2-tailed)
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Table 4
Regressed results of single-level and multilevel models for both day and night.

Variable Daytime Nighttime

OLS ZM RIM RCM OLS ZM RIM RCM

Pixel-level effects
Intercept 30.83** 31.28** 30.89** 31.09** 9.053** 9.492** 9.13** 9.278**
PER_Build 0.675** 0.599** 0.322** -0.309** -0.252** -0.258**
PER_Tree -0.506** -0.499** -0.486** -0.256** -0.278** -0.208**
BH_Max 0.1** 0.042 0.007 -0.068** -0.031 0.038
BH_Mean -0.406** -0.297** -0.339** 0.412** 0.225** 0.279**
NBH_SD -0.244** -0.141** -0.167** 0.19** 0.102** 0.06**
BH_P10 -0.223** -0.037** -0.007
TH_Max -0.099** -0.015 -0.028 0.174** 0.107** 0.064**
TH_Mean -0.042 -0.027 -0.028 0.115** 0.057** 0.04*
NTH_SD 0.118** 0.036* 0.045** -0.073** -0.05** -0.034**
TH_P90 -0.208** -0.207** -0.19**

Block-level effects
AREA_SD_BT -0.109** -0.404** -0.036 0.243** 0.143 0.152
SHAPE_SD_BT 0.039 0.03 -0.026 -0.259** -0.201** -0.172**

SHDI_BT 0.412** 0.151* 0.121 -0.422** -0.057 -0.004
PD_Build -0.01 0.069 0.038 0.072** 0.025 -0.004
ED_Build -0.077* -0.379** -0.385** 0.362** 0.446** 0.41**
LPI_Build 0.247** 0.14** 0.2** -0.067** 0.082 0.05

SHAPE_MN_Build -0.048** 0.024 0.02 0.031* -0.011 -0.003
COHESION_Build -0.081** 0.016 0.091** 0.075** -0.005 0.012

PD_Tree -0.028 -0.016 -0.046 -0.236** -0.097* -0.066
ED_Tree -0.175** -0.097 -0.03 0.518** 0.248** 0.164**
LPI_Tree -0.1** -0.39** -0.432** -0.53** -0.151* -0.11*

SHAPE_MN_Tree -0.009 -0.026 -0.049 -0.115** -0.009 -0.016
COHESION_Tree -0.153** 0.029 0.027 -0.005 -0.071 -0.053

** denotes the significance of regression coefficient at 0.01 level (2-tailed)* represents the significance at 0.05 level (2-tailed)
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time and nighttime LSTs (Fig. 5 (a) and Fig. 6 (a)). Therefore, a more
suitable analytical method is required.
Comparing the model performances of RIM and RCM

To measure the degree of heterogeneity in the LST amongst the
road-based blocks, the ZM was established to calculate the ICC. In
this study, the ICC values were used to quantify the proportion of
the total variation in the pixel-level temperature explained by
the differences between level-2 blocks. The ICC values of daytime
LST and nighttime LST were 35% and 49.4%, respectively, support-
ing the introduction of level-2 block effects. Therefore, we built
two types of multilevel regression models (i.e., RIM and RCM) to
explore how block-level variables influence the relationships
between pixel-level factors and LST. In this study, the major differ-
ences between the RIM and RCM were two-fold: on the one hand,
random slope variables in the RCM were involved in further
explaining the residual of block level compared to the RIM. On
the other hand, the RCM could simultaneously assess the fixed
and random effects of random slope variables on LST at the block
level. In this section, we focused on investigating the fixed effect
of the RCM, the random effects of the RCM were discussed in
Section 4.2.

First, we examined the response of pixel-level LST to landscape
pattern and 3D urban morphology. As shown in Figs. 3 and 4, the
AIC and RMSE values of multilevel models with landscape pattern
and 3D urban morphology were smaller than those of multilevel
models with only landscape pattern, for both daytime and night-
time LSTs. Moreover, we found similar results for the Moran’s I val-
ues for the residuals at both the pixel and block levels (Tables 2 and
3). This means that adding the 3D urban morphology variables as
pixel-level predictors improved the performance of both the RIM
and the RCM. Next, we examined the impacts of buildings and
trees on the LST with the RIM and the RCM, depending on the land-
scape pattern and 3D urban morphology.
7

During the day, the AIC and RMSE values of the RIM were 70874
and 1.45, respectively. We constructed the RCM for daytime LST by
introducing four significant random slope variables: PER_Build,
PER_Tree, maximum building height (BH_Max) and BH_Mean.
Lower AIC and RMSE values, suggesting a better model fit, were
obtained by the RCM, compared to the RIM. The changes in AIC
and RMSE values underscored that the block-level variety in the
effects of explanatory variables on LST could not be ignored. The
residuals of the RIM ranged from -9.89 to 10.62 at the pixel level
(Fig. 5 (c)), whereas a narrower residual range (from -9.45 to
8.35) was observed for the RCM (Fig. 5 (d)). The residuals in the
block level showed the same conclusion (Fig. 7 (c) and (e)). Fur-
thermore, regardless of pixel level or block level, the Moran’s I val-
ues of the residuals from the RCM were lower than those of the
RIM, suggesting that the residuals provided by the RCM were more
random (Table 2). As shown in Table 4, the results from the RIM
model showed that the impacts of AREA_SD_BT and SHDI_BT on
daytime LST were significant, but these two factors were no longer
significantly correlated with daytime LST when the random effects
of the level-1 influencing factors were introduced. In contrast, the
inclusion of such random effects changed the impact of COHE-
SION_Build on LST from insignificant to significant.

At night, six significant random slope variables (i.e., PER_Build,
PER_Tree, BH_Max, BH_Mean, normalized variance of building
height (NBH_SD), and TH_Mean) were entered into the RCM. The
AIC and RMSE values demonstrated the better suitability of the
RCM than the RIM for explaining the hierarchical structure
(Fig. 3 (b) and Fig. 4 (b)). At the pixel level, although the RIM and
the RCM performed comparably in the residual range, the Moran’s
I value of the residual from the RCM was smaller than that of the
RIM. In contrast, at the block level, the residuals of the RIM ranged
from -3.48 to 3.64 (Fig. 7 (d)), and the residuals of the RCM ranged
from -2.71 to 2.70 (Fig. 7 (f)). Interestingly, Moran’s I value for the
block-level residual was higher for the RCM than for the RIM. This
means that the RCM explained more residuals of the level-2 blocks,
but it failed to reduce the spatial autocorrelation within the block-



Fig. 5. The spatial distribution of level-1 residual for four regressed models during the day.
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level residuals. In addition, the relationship between independent
variables and nighttime LST did not vary significantly between
the RIM and the RCM (Table 4).
Comparison between single-level and multilevel regression models

Based on the aforementioned results, we concluded that, inde-
pendent of single-level and multilevel models, combining the land-
scape pattern and 3D urban morphology produced more precise
estimates of the effects of landscape on LST compared to using a
single type of urban morphology. Consequently, the comparison
between single-level and multilevel models was based on both
landscape pattern and 3D urban morphology variables.

As the RCM outperformed the RIM in explaining the variation in
LST for both day and night, we used the RCM as the multilevel
model to compare single-level OLS regression in quantifying the
effects of landscape pattern and 3D urban morphology on LST.
For both daytime and nighttime LSTs, we found three major differ-
ences in the comparison of OLS and RCM. First, as shown in Figs. 3
and 4, a better fitting result was achieved by the RCM compared to
OLS indicated by its much lower AIC and RMSE values. Second,
smaller residual ranges were presented by the RCM than OLS,
and the Moran’s I value indicated that the RCM provided reduced
spatial autocorrelation of the residuals. For instance, during the
day, the residuals produced by the RCM ranged from -9.45 to
8

8.35 at the pixel-level (Fig. 5 (d)), but the residuals range of OLS
ranged from -9.78 to 10.62 (Fig. 5 (a)). Finally, the RCM allowed
for not only the individual impacts of pixels, but also the aggrega-
tion impacts of blocks. Therefore, the RCM should more accurately
clarify the influences of explanatory variables on LST, in terms of
significance and magnitude.In particular, Table 4 demonstrates
that OLS showed that PER_Build was the most important predictor
of daytime LST. In contrast, the RCM’s standardized coefficient esti-
mates demonstrated that PER_Tree most affected the daytime LST,
and AREA_SD_BT and SHDI_BT were no longer significantly associ-
ated with daytime LST. At night, the most important determinative
variable of nighttime LST changed from LPI_Tree to ED_Build with
the inclusion of block effects.
Discussion

Relationships between landscape and LST from multilevel and
multidimensional perspectives

With an accurate spatial pattern and the vertical structure
information of buildings and trees, we used multilevel models to
uncover the hierarchical impacts of landscape pattern and 3D
urban morphology on LST. Our findings demonstrated that, regard-
less of daytime or nighttime, not only did pixel-level metrics (i.e.,



Fig. 6. The spatial distribution of level-1 residual for four regressed models at night.

Table 3
Residual Moran’s I of four regressed models for nighttime LST.

Model Residual Moran’s I SD of the residuals

Level-1 Level-2 Level-1 Level-2

Regression models with landscape pattern OLS 0.443** 1.460
ZM 0.190** 0.381** 1.083 1.008
RIM 0.189** 0.257** 1.072 0.841
RCM 0.175** 0.285** 1.028 0.807

Regression models with landscape pattern and 3D urban morphology OLS 0.366** 1.357
ZM 0.190** 0.381** 1.083 1.008
RIM 0.176** 0.207** 1.054 0.721
RCM 0.155** 0.241** 0.981 0.654

** represents the significance at 0.01 level (2-tailed)
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composition and 3D urban morphology) significantly influence
LST, but also the block-level variables (i.e., configuration).

During the day, the results of Pearson correlation analysis, OLS
and RIM models all implied that PER_Tree and PER_Build had
stronger associations with LST (Fig. 10 and Table 4), which is con-
sistent with the results of previous studies ([11,62]). For example,
Sun et al. ([22]) reported that PER_Build was an important contrib-
utor to the UHI effect among all 2D and 3D building structure met-
rics at the neighborhood scale. However, with the inclusion of the
random effects of pixel-level independent variables, the RCM
9

model in this study showed that the relative importance of PER_-
Build was reduced, and PER_Tree was the most important factor
influencing daytime LST, followed by LPI_Tree. These results con-
trast with those of previous studies ([36,37,54]), which suggested
that configuration provided a stronger contribution than composi-
tion to the daytime LST. This could be because these studies failed
to allow for the multilevel and multi-dimensional effects of urban
landscapes on LST.

In this study, we found that PER_Tree played the most impor-
tant role in mitigating daytime LST. Furthermore, some configura-



Fig. 7. The spatial distribution of level-2 residual for multilevel regression models. (a), (c) and (e) represent the level-2 residual maps of ZM, RIM and RCM during the day,
respectively. The level-2 residual maps of ZM, RIM and RCM at night are shown in (b), (d) and (f), respectively.
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tion and 3D urban morphology metrics, such as LPI_Tree, ED_Build
and BH_Mean, can also provide cooling effects, which is consistent
with findings reported in previous studies ([18,30]). The cooling
effect of an increase in ED_Build benefits from the increased energy
10
exchange between the building and surrounding areas such as veg-
etation ([18]). The reason for the increase in building height result-
ing in lower LST is mainly because taller buildings produce more
shadows ([51]). This result contrasts the findings of the study
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conducted in Berlin and Cologne, which have a humid continental
climate and temperate oceanic climate, respectively ([63]), and
suggested that the effect of building height on LST may rely on
the background climate ([64]).

At night, both the Pearson correlation analysis and single-level
OLS model suggested that BH_Mean was the most important factor
affecting variations in LST (Fig. 10 and Table 4). However, ED_Build
was the most influential from the results of multilevel models.
These results contrast with those of some previous studies
Fig. 8. Violin plot of the random effects of in

Fig. 9. The urban block variation in the effect of PER_Build on the daytime and nighttime
307, respectively.
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([31,65]). For instance, a study conducted in four cites in the con-
tiguous United States reported that tree canopy cover dominated
LST variation at night ([31]). Furthermore, in our study, by adding
the random effects of level-1 explanatory variables to the RIM, the
relationship between BH_Mean and nighttime LST strengthened.
The increase in nighttime LST was mostly attributed to the
increases in ED_Build and BH_Mean. As for ED_Build, given a fixed
total quantity of building cover, an increase in ED_Build was
always accompanied by a more fragmented building cover. As a
fluencing factors for both day and night.

LSTs. Red and blue lines indicated the impacts of PER_Build on LST for block 133 and
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result, this could lead to more exposed surfaces storing solar
energy during the day ([66]) and releasing it to elevate nighttime
LST, which is consistent with the findings of a previous study
([67]). The warming impact of BH_Mean at night is likely in part
because a higher BH_Mean can create urban canyons, trapping
more of the released heat ([68]). Furthermore, it is interesting that
landscape composition variables (PER_Build and PER_Tree) func-
tioned as the two main landscape features to cool nighttime LST,
and PER_Build had a stronger cooling effect than PER_Tree. This
can be explained by two aspects: higher PER_Build could enhance
the roughness of urban land, and therefore improve the convection
efficiency ([69]); because the photosynthesis of urban trees stops
at night, their evapotranspirative cooling effect decreases ([70]).
These findings provide insights into the importance of considering
multidimensional influencing factors along with their multilevel
structure and to guide decision making to improve the urban ther-
mal environment.

Urban block-level variety in the impacts of composition and 3D urban
morphology on LST

Using the results of the RCM, we investigated how the
responses of pixel-level variables to LST varied across urban blocks.
The random effects of the pixel-level influencing factors were cal-
culated using Eqs. (8)–(10), and the results described the differ-
ences in the mechanism of the UHI among the different blocks.
The distributions, which are related to the random effects of com-
position and 3D urban morphology metrics across urban blocks,
are shown in Fig. 8. From Fig. 8 (a) that, we concluded that, during
the day, the random effect distributions of 3D urban morphology
variables (i.e., BH_Max and BH_Mean) were more compact than
those of the composition metrics (i.e., PER_ Build and PER_Tree).
This means that BH_Max and BH_Mean demonstrated a relatively
small range and degree of random effect fluctuation. The random
effect of PER_Tree fluctuated to some extent, but not as much as
that of PER_Build. At night, we found a similar result that the ran-
dom effect of PER_Build varied most across urban blocks (Fig. 8
(b)). The random effect of BH_Mean was distinguished by large
variation, which was distinct between day and night. In contrast,
BH_Max and NBH_SD showed a low degree of fluctuation for the
random effects across urban blocks.

An exemplary study of urban block variation in the impact of
scaled PER_Build on LST using our random coefficient model is pre-
sented in Fig. 9. The other explanatory variables were set at their
average values (i.e., scaled values = 0). Urban blocks 133 and 137
had similar amounts of building cover, which were 44.0% and
41.5%, respectively. However, the distribution of buildings was sig-
nificantly different. The building cover in block 133 was much
more dispersed than that in block 307. During the day, PER_Build
was positively related to LST for block 307, but an increase in PER_-
Build led to a decrease in LST in block 133. This was mainly due to
the higher building height and building density in block 133
([18,30]). This finding suggested that the impact of PER_Build on
LST was affected by other factors. Conversely, PER_Build was neg-
atively associated with nighttime LST for both blocks 133 and 307,
independent of cooling intensity.

Implications for urban management

The findings of this research demonstrated that LST variation
can be driven by both level-1 impacts of composition and 3D urban
morphology (pixels) and level-2 impacts of configuration (urban
blocks), and that effective strategies to mitigate excess urban heat
should vary diurnally.
12
During the day, when planning tree management, increasing
the tree canopy ratio could provide more cooler refugia. We also
found that the optimization of the spatial configuration of urban
landscapes can enhance their mitigating effects. With the same
tree canopy cover area, a single large tree canopy patch had a bet-
ter cooling effect than small tree canopy patches. Increasing the
edge density of building patches, which is usually a consequence
of more fragmented building patches given a fixed area of building
surface, will result in lower daytime LST. However, at night, we
found that decreasing the edge density of building patches was
the most effective means of alleviating the UHI effect. The design
of the mean building height should also be considered. Low-rise
buildings tend to cool the nighttime LST. Furthermore, as the ran-
dom effect of mean building height varied widely across urban
blocks at night, the rational layout and coverage of low-rise build-
ings would be preferred in urban blocks due to having stronger
impacts on nighttime LST.

Limitations and directions of future research

This study’s findings provide a detailed understanding of how
buildings and trees impact urban warming from multilevel and
multi-dimensional perspectives. Nevertheless, this study has some
limitations. First, further research should consider the anthro-
pogenic heat emissions, which indirectly exacerbate the UHI effect.
For instance, nighttime light data can be considered as a substitute
for anthropogenic heat emissions ([71,11,72]). Second, another
limitation was due to the lack of considering the meteorological
conditions, such as wind speed and wind direction ([73,74]). More
studies should be conducted to understand how meteorological
conditions affect the relationships between urban landscapes and
LST. Third, it is necessary to consider how to adapt the knowledge
of UHI mitigation from the micro-scale to the regional scale. For
example, the impacts of building and tree shadow patterns on
the urban thermal environment should be examined in the further
studies ([27]). Fourth, with the availability of high-resolution ther-
mal data, we want to provide a precise analysis of the impacts of
2D and 3D characteristics of urban landscapes on LST and identify
the mechanism underlying urban landscape-LST relationships with
respect to different tree species and urban functional zones ([75–
79]).Finally, more cities in different climatic zones can be consid-
ered for evaluating the generalizability of our findings based on
3D information on a large scale ([69,67]).

Conclusions

Although previous studies have attempted to evaluate the mul-
tilevel effects of landscape pattern on daytime LST, it was not pre-
viously clear how landscape pattern and 3D urban morphology
hierarchically interact to impact diurnal LST. Therefore, this study
will contribute to a deeper understanding about how diurnal LST
can be explained by the level-1 impacts of composition and 3D
urban morphology (pixel-level) and level-2 effects of configuration
(urban block-level). Our results implied that, regardless of single-
level OLS and multilevel models, the model performance can be
enhanced significantly with the addition of 3D urban morphology.
By adding the 3D urban morphology to the RCM model with the
landscape pattern, AIC values decreased by 999.3 and 1277 for
day and night, respectively. Multilevel models performed better
than OLS in capturing the effects of urban landscapes on daytime
and nighttime LSTs. In addition, compared to the RIM, the RCM
achieved a better fit because of the incorporation of the local
effects of the composition and 3D urban morphology variables.
During the day, the standard deviation of the residual and autocor-
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relation in the residuals for the RCM were 1.315 and 0.131, respec-
tively, but were separately 1.715 and 0.312 for OLS. Similarly,
smaller standard deviation of the residual and autocorrelation in
the residual were generated by RCM than by OLS. The findings of
the RCM showed that the most important factors influencing day-
time LST were PER_Tree and LPI_Tree, and ED_Build and BH_Mean
most affected nighttime LST. Another interesting aspect was that
the increase in daytime LST was mostly determined by PER_Build,
whereas PER_Build had the maximum cooling effect on LST at
night. Moreover, we found that the random effect of PER_Build
on LST varied more across urban blocks for day and night than that
of the other composition and 3D urban morphology variables.
BH_Mean was more variable at night than during the day, in terms
of its random effect. This study’s findings not only underscore the
importance of considering the multi-dimensional characteristics of
land cover but also provides new insights into the multilevel
effects of the factors driving the urban thermal environment.
Fig. 10. Pearson correlation coefficients between LST and independent variables, togethe
insignificant (p>0.05) was labeled with red cross. The descriptions of all the abbreviatio
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