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Attribution of Urban Diurnal Thermal Environmental
Change: Importance of Global–Local Effects

Wenbo Yu , Jun Yang , Nan Cong , Jiayi Ren , Huisheng Yu , Xiangming Xiao , and Jianhong Xia

Abstract—Global climate change is causing various negative
impacts on urban ecosystems and energy systems. To effectively
mitigate and adapt to these changes, it is important to understand
the contributions of background climate and local effects to urban
thermal environment variation. This study utilized the empirical
orthogonal function (EOF) approach to deconstruct long-term
MODIS land surface temperature (LST) datasets to obtain the
main features of change in daytime and nighttime thermal en-
vironments. Local bivariate spatial autocorrelation analysis was
used to explore the underlying causes of these changes. The main
EOF modes explained 73.14% and 81.33% of daytime and night-
time thermal environment variation, respectively. The correlation
coefficient between the time coefficient of the main modes and
the average LST was > 0.99, reflecting the role of global effect
caused by background climate change. The secondary EOF modes
explained 12.51% and 4.12% of daytime and nighttime thermal
environment variation, respectively, and were spatially correlated
with changes in landscape thermal intensity, reflecting local effect
caused by landscape change and anthropogenic heat emissions.
In expansion and renewal areas, industrial zones and compact
high-rise buildings had the most obvious warming effect on the
daytime thermal environment, while mid-to-high-rise buildings
had the most obvious warming effect on the nighttime thermal
environment. The results of this study provide valuable insights
into the mechanisms of background climate and local effects on the
urban thermal environment, and provide a reference for formu-
lating effective strategies for mitigating and adapting to change in
urban areas, and for promoting sustainable development.

Index Terms—Changes in thermal environment, empirical
orthogonal functions, local climate zone, mitigation and adaptation
strategies, Shenyang city.
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I. INTRODUCTION

G LOBAL climate change is the greatest challenge facing
humanity in the 21st century. Intensified thermal environ-

mental changes are the most direct result of climate change.
The Intergovernmental Panel on Climate Change noted that
global climate change would cause most human settlements
to suffer from extreme heat and that climate-related health
risks are expected to increase [1], [2]. In urban areas, this can
exacerbate health problems such as heat stroke, dehydration, and
cardiovascular disease, and has widespread negative impacts on
urban ecosystems and energy systems [3]. The United Nations’
(UN) Sustainable Development Goal 13, “Taking urgent action
to combat climate change and its impacts,” requires that climate
change responses be integrated into national strategies, and plans
[4], and that clear attribution of thermal environmental change
is a prerequisite for climate change measures.

The classical Lowry framework decomposes the measured
values of meteorological elements into a linear sum of back-
ground climate, local landscape, and local urbanization effects
[5]. The background climate effect reflects the overall temper-
ature, humidity, wind speed, atmospheric turbidity, and other
atmospheric transport conditions, and its changes are mainly
triggered by excessive greenhouse gas emissions [6], [7]. Local
landscape effects reflect the emissivity, albedo, and topographic
relief of the urban subsurface. These changes are mainly caused
by changes in subsurface properties due to rapid urban expansion
and renewal [8], [9]. The resulting urban heat island effect, in
which urban temperatures are higher than those in the suburbs,
is also the most significant feature of the changing urban ther-
mal environment [10], [11]. Currently, the rate of increase in
land surface temperature (LST) in urban regions is 29% higher
than that in rural regions, exposing urban residents to more
severe thermal hazards [12]. To determine the contribution of
urban development to local landscape effects, scholars have
analyzed the influence of 2-D subsurface features and 3-D
building features of the landscape on the thermal environment
[13], [14], [15]. Typically, vegetation and impermeable surfaces
have the most significant effects on the LST. When impervious
surface coverage is > 60%, there is a significant warming
effect [16]. Landscape diversity also has a notable effect on
the spatial heterogeneity of the urban thermal environment
[17]. The local urbanization effect is a specific manifestation
of climate change within cities and consists mainly of thermal
emissions from human activities. This has a strong impact on
urban canopy heat island and a weaker impact on surface heat
island [18].
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Fig. 1. Overview of the study area. (a) Administrative division of Shenyang city district. (b) Location of Shenyang city in China. (c) Location of Shenyang City
district.

As can be seen from the above, most studies have focused on
analyzing the impact of a single effect on the thermal environ-
ment; in contrast, the contribution rates and interaction relation-
ships of multiple effects on changes in the thermal environment
remain unclear. The empirical orthogonal function (EOF) is an
effective method for decomposing spatiotemporal observational
data into a set of mutually orthogonal spatial patterns and
their corresponding temporal patterns. Currently, this method is
widely used for temperature and circulation feature extraction in
oceans [19], [20], wind field simulation [21], [22], precipitation
[23], and other macroscale climatological analyses. The aim
of this study was to apply the EOF method to obtain stable
characteristics of daytime and nighttime thermal environment
variation. Unlike previous studies using fixed meteorological
station data [24], this article chooses remote sensing Earth obser-
vation data as the data source. At present, MODIS and Landsat
remote sensing images are widely used in global long-term
LST research [25], [26]. Compared to Landsat, MODIS LST
data have a low spatial resolution (1 km) but a high temporal
resolution (daily), which is beneficial for reducing the interfer-
ence of abnormal phenomena in long-term thermal environment
research [27], [28], [29]. This study obtained the characteristics
of thermal environment changes by deconstructing the MODIS
LST dataset.

This study determined the influence of global–local effects
on thermal environmental change. The global effect, i.e., the
influence of the background climate change. Since the effect
of background climate on LST is convergent, the global effect
can be reflected by the overall mean value of LST in the study
area. The local effect, i.e., local landscape and urbanization
effects, can be reflected by changes in the properties of the
subsurface and anthropogenic thermal emissions. In this study,
the local climate zone (LCZ, the definition and actual scenario
of LCZ are shown in Appendix Table III) concept proposed by
Stewart and Oke [30] was used to reflect local effect. The LCZ
classifies urban landscapes according to material, ground cover,
structure, and energy metabolism, which allows for significant

TABLE I
MEAN AND STANDARD DEVIATION OF EOF FOR DIFFERENT LCZ IN THE

DAYTIME THERMAL ENVIRONMENT

differences between landscapes in terms of architectural features
and anthropogenic heat emissions [31], [32], [33] and thus
local effects of urban growth and renewal can be effectively
identified [34], [35]. We also chose to apply earth observation
data to classify LCZ through random forests method, which can
effectively compensate for the lack of early building vector data.

The novelty of this study lies in the application of Earth ob-
servation data over a long period of time to realize the attribution
of changes in the urban thermal environment. The results of this
study help to further offer a reference to guide the development of
future urban mitigation and adaptation strategies for sustainable
development.
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TABLE II
PERCENTAGE OF LCZ IN THE OUTLIER TYPE AND ITS INFLUENCE ON

THERMAL ENVIRONMENT VARIATION

II. STUDY AREA AND DATA SOURCES

A. Study Area

Shenyang is located in the northeastern part of China (see
Fig. 1), with a predominantly plain topography, and is an impor-
tant heavy industrial base and grain producing area. Influenced
by the monsoon, Shenyang’s precipitation is concentrated in the
summer, with a large temperature difference and four distinct
seasons. The study area includes five central districts (Dandong
District, Huanggu District, Shenhe District, Tiexi District, and
Heping District) and four suburban districts (Yuhong District,
Shenbei New District, Hunnan District, and Sujiatun District)
of Shenyang. These districts together constitute the municipal
jurisdiction of Shenyang. In 2020, the study area had a pop-
ulation density of 2256 persons/km2. Rapid urban growth and
high population densities have caused dramatic changes in the
thermal environment of the study area. It is essential to clarify
the factors driving the changes in the thermal environment.

B. Data

The thermal environment data for this study were derived
from the MODIS LST dataset (MOD11A1). The Google Earth
Engine platform was used to generate an annual summer (June
to August) average LST dataset for the study area from 2001
to 2022, including daytime and nighttime data, with a total
of 44 images. Climate zones were classified based on Landsat
imagery. Considering the lag in climate impact, the acquisition
time points were 2000 and 2020. In addition, images provided
by Google Earth were used to create training areas and evaluate
accuracy for LCZ classification. The specific data sources are
listed in Appendix Table IV.

III. METHODOLOGY

In this study, we decomposed the mean surface temperature
dataset using EOF to obtain the time and space modes reflecting
thermal environment changes, and explored the influence of
global-local effects on changes in the thermal environment. The
correlation between the trend of time modes and annual mean
LST of the study area was analyzed to determine the association
between thermal environment changes and background climate.
The correlation between spatial modes and changes in urban
form reflected in the LCZ. We plotted the LCZ of the study
area for 2000 and 2020 using the LCZ classification method
provided by WUDAPT. Since LCZ is a categorical rather than
a quantitative concept, it is difficult to directly establish a link
between LCZ changes and changes in the thermal environment.
Therefore, our idea is to first use a variable to reflect the ability
of the urban form represented by LCZ to influence the thermal
environment change, then use bivariate spatial autocorrelation
to extract the strong correlation region between the variable
and the thermal environment change, and finally, to analyze the
compositional change and the intensity of the influence of LCZ
in the strong correlation region. Through this process, we finally
establish a correlation between the LCZ and LST to clarify the
local effect. Fig. 2 illustrates the research framework of this
study.

A. EOF

EOF is a method for analyzing the structural features of matrix
data and extracting the main information. Its main principle
decomposes the time series of the field into spatial features that
do not vary with time and temporal coefficients that vary with
time, and then extracts the main information concentrated in
several modal components by eliminating redundant informa-
tion through the variance contribution rate. The variable values
of any space point i and any time point j can be considered as a
linear combination of p spatial functions eofik and time functions
PCkj (k= 12, …p). Let LSTset be the set of LST data, and LSTset

can be represented as

LSTset =

⎡
⎣ LST11 . . . LST1p

. . . . . . . . .
LSTn1 . . . LSTnp

⎤
⎦ . (1)

Each row represents a time series and each column represents
the spatial points of the LST, with n points and p time periods.

The covariance matrix of the time series is derived as

C =
1

p
LSTsetLST

T
set (2)

where C represents the covariance matrix, which is the cross
product of LSTset and its transpose matrix.

For its orthogonal decomposition, we obtain (3)

C=EΛET = (e1, e2, . . . , en)

⎛
⎜⎝

λ1 · · · 0
...

. . .
...

0 · · · λn

⎞
⎟⎠
⎛
⎜⎜⎝
eT1
eT2
·
eTn

⎞
⎟⎟⎠ (3)

where C represents the covariance matrix, ei and E represent
the ith eigenvector and the composition matrix consisting of
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Fig. 2. Research framework. (a) Decomposition of changes in thermal environment. (b) LCZ classification based on the WUDAPT process. (c) Relationship
between spatial mode and changes in urban morphology.

the eigenvectors, respectively. Λ and λi represent the matrix
consisting of eigenvalues and ith eigenvalue, respectively.

The orthogonal decomposition of the spatial domain can be
obtained by ranking the eigenvalues according to their values
(i.e., λ1 > λ2 > . . . > λn), and then calculating the eigenvec-
tors of LSTsetLST

′
set. At this point, each nonzero eigenvalue

represents the corresponding spatial eigenvector, called the EOF.
Projecting the spatial eigenvector onto the original data, we
obtained the time coefficient PC:

PC = E ′ LSTset (4)

where PC represents the time coefficient, which is obtained by
multiplying the inverse of the eigenvector matrix E′ with the
original data matrix.
LSTset can be reduced as follows:

LSTset = EOF · PC + Mean (5)

where EOF and PC represent the spatial modal matrix and
its corresponding temporal modal matrix, respectively. Mean
represents the mean LST for the study period.

The variance contribution vci of each EOF mode was ex-
pressed as

vci = λi/

(
p∑

k = 1

λk

)
(i = 1, 2, . . . , p) . (6)

For the randomness of the spatial modes, the North criterion
was used to test the error of the feature roots at a 95% confidence
level.

B. Changes in Landscape Thermal Intensity (LTI)
Based on LCZ

Using the WUDAPT process and referring to the working
model developed by Bechtel et al. [36], LCZ mapping was
broadly divided into four steps:

Landsat satellite map data preparation;
digitization of the training area on Google Earth;
classification using a random forest classifier in SAGA GIS; and
validation and redefinition of the training area.

In order to quantify the correlation between changes in urban
form and the thermal environment, we chose three indicators
of building landscape characteristics that have the greatest cor-
relation with the intensity of the thermal environment, namely,
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percentage of impervious surface (PIS), building density (BD),
and building height (BH), as having the greatest correlation with
the intensity of the thermal environment [13]. Then, we devel-
oped the LTI variable as a linear function of PIS, BD, and BH.
PIS, BD, and BH were estimated based on the average range of
the LCZ definitions for each category (see Appendix Table III for
detailed range), thus identifying the link between the thermal en-
vironmental characteristics of the urban form and the LCZ [30]

LTI = kPISPIS + kBDBD + kBHBH. (7)

In this study, kPIS , kBD, and kBH were determined based
on the correlations between PIS, BD, BH, and LST. Accord-
ing to Guo et al. [13], this value varies with the urban–rural
gradient, and the values of kPCL, kBD, and kBH were taken
as 58.44%, 21.41%, and 20.15%, respectively. The degree of
variation LTIdiff for each spatial location in the study area
was expressed as

LTIdiff = LTI2020 − LTI2000 (8)

where LTI2020 and LTI2000 represents the LTI for 2020 and
2000, respectively.

According to the changes in the LCZ types, they can be
divided into four categories: urban expansion zone (natural type
converted to built type), urban renewal zone (built type internally
transformed or converted to natural type), urban stability zone
(built type unchanged), and natural zone (natural type unchanged
or converted to other natural types).

C. Bivariate Local Spatial Autocorrelation Analysis

Spatial correlation characteristics can be explored using the
bivariate local spatial autocorrelation (Moran’s I) index, and the
results indicate the overall spatial correlation between two vari-
ables. The local correlation between the independent variable
xiof region i and the dependent variable yj in region j can be
classified into four types: high–high cluster, low–low cluster,
high–low outlier, and low–high outlier. The local Moran’s I
index for region i Ii can be expressed as

Ii = cxi

∑
j

wijyj (9)

where wij is an element of the spatial weight matrix. In this
study, the weight of region j adjacent to the edge or corner of
region i was set to 1, and the rest was set to 0.

IV. RESULTS

A. Changes in Urban LCZ

The urban morphological transformation of the study area
was analyzed based on changes in the LCZ, as shown in Fig. 3.
Fig. 3(a) shows the spatial distribution and percentage change
of the LCZ between 2000 and 2020 (see Appendix Table V for
mapping accuracy). The percentage of built-up LCZ increased
from 23.25% in 2000 to 34.87% in 2020. Among these, the
proportion of LCZ D low vegetation decreased by 16.78%,
which was the largest transfer-out category. The proportion of
LCZ 8 large low-rise buildings increased by 9.03%, which was
the largest transfer in this category. In the built-up LCZ, the

proportion of low-rise buildings showed a decreasing trend,
whereas that of high-rise buildings showed an increasing trend.
Except for LCZ D and LCZ F, the natural-type LCZs showed an
increasing trend, with LCZ C shrubs showing the largest increase
of 2.87%. Fig. 3(b) shows the changes in LTI. Fig. 3(b-1) shows
the original calculation results at 100 m resolution; to better
match the LST, Fig. 3(b-2) resamples the LTI in the range of 1000
m with the mean value. Areas with increased LTI show a circular
distribution, mainly located in the four suburbs near the urban
center (Hunnan District, Yuhong District, Sujiatun District, and
Shenbei New District), which is related to continuous urban
expansion behavior. Areas with reduced LTI were mainly located
in rural areas southeast of the city. Fig. 3(c) shows the types of
urban LCZ changes in which urban stability areas, urban renewal
areas, urban expansion areas, and natural areas were distributed
hierarchically from the urban center outward, with percentages
of 2.47%, 10.82%, 14.99%, and 71.72%, respectively.

B. Influencing Factors of Daytime Thermal
Environment Variation

In the deconstruction of the daytime thermal environment
using EOF analysis, the first three modes passed the North test
and explained 88.81% of the variation in the daytime thermal
environment in the study area. The temporal and spatial patterns
are shown in Fig. 4, and the mean values of the LCZ in each
EOF mode are listed in Table I.

The EOF analysis showed that the variance contribution of
the first mode was 73.14%, which indicated that this mode was
the dominant factor in the change of the daytime urban thermal
environment. We analyzed the modes in both time and space.
In time, we analyzed the Pearson correlation between the PC
trend in the first mode and the trend in the mean annual LST
in the study area. The Pearson correlation coefficient between
the PC trend of the first mode and the annual mean LST of
the study area was > 0.99, whereas the other modes tended to
be 0. This indicates that the first mode reflects the influence of
global effect on the change of thermal environment. The PC of
the first mode reflected an upward trend of the daytime thermal
environment. In space, all positions of this mode were positive in
the EOF, indicating that the global effect was synergistic in the
urban daytime thermal environment. The mean EOF values were
ranked as urban expansion areas (15.65) > urban renewal areas
(12.22) > urban stabilization areas (9.19). This reflects a greater
synergy between LST of urban expansion and renewal areas and
background climate change. Natural areas had a higher average
EOF of 13.92, which was influenced by the specific natural
cover. Water bodies and paddy fields showed lower synergy in
response to changes in the thermal environment, whereas forests,
and dryland-type croplands showed higher synergy. This was
also reflected in the mean EOF values of LCZ in the first mode.
LCZ 2 and LCZ 5, mid-rise building landscapes that dominate in
urban stability and renewal areas, had lower EOF mean values of
11.61, 10.95, respectively, while LCZ 8, large low-rise buildings
that dominate urban expansion areas, had higher EOF mean
values of 15.61.

The EOF analysis showed that the variance contribution of the
second mode was 12.51%, whereas the spatial pattern showed a
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Fig. 3. LCZ evolution and its reflected information. (a) LCZ evolution. (a-1) LCZ in 2000. (a-2) LCZ in 2020. (a-3) dynamic changes. (b) LTI evolution. (b-1)
LTI evolution at 100 m resolution. (b-2) LTI evolution at 1000 m resolution. (c) Types of LCZ changes. (c-1) Types of LCZ changes at 100 m resolution. (c-2)
Types of LCZ changes at 1000 m resolution.

larger difference between the positive and negative EOF values
and a more stable upward trend in PC. In general, the second
mode showed a gradual shift from a negative to a positive region,
which contributed to a change in the thermal environment. The
mean EOF values were ranked as urban expansion areas (15.41)
> urban renewal areas (−0.13) > natural areas (−3.85)> urban
stabilization areas (−4.13). The EOF values were notably higher
in the urban expansion areas than in the other areas. Interestingly,
the positive regions produced the same circular distribution
pattern as the LTI change. Therefore, this study focused on
analyzing the positive regions. Among the positive regions, the
EOF values of LCZ 8 (large low-rise buildings), LCZ 10 (heavy
industrial zone), and LCZ 1 (compact high-rise buildings) were
19.56, 17.57, 15.89, respectively, which indicated that these
three types of landscapes had the most obvious warming effects,
whereas the EOF value of LCZ A (dense trees) and LCZ G
(water bodies) were 8.29, 9.28, respectively, which indicated
that these two natural landscapes had the least obvious warming
effects. The results of the bivariate spatial autocorrelation anal-
ysis showed that the global Moran’s I index of EOF and LTI in
the second mode was 0.57, showing a significant positive trend;
the other modes were < 0.2, showing a random pattern. Fig. 5

shows the results of the bivariate local spatial autocorrelation
analysis. High-high clustering is the phenomenon in which both
the EOF value and LTI of the grid and its neighboring cells
show significantly higher than average values, and this part of
the region had 64.71% of urban expansion areas. The higher
proportion of LCZ 1, LCZ 8, and LCZ 10 in the expansion
areas also explained their higher average values in the positive
part of the EOF2. Low-low clustering is the phenomenon that
both the EOF value and LTI of the grid and its neighboring
cells showed significantly lower than average values, and this
part of the region had 93.71% of natural areas. The higher
proportion of LCZ A, LCZ G in the natural areas also explained
that they had lower average values in the positive part of the
EOF2. High-low outliers and low-high outliers referred to the
phenomenon that the EOF values and LTIs of the grid and its
neighboring cells appear to be the opposite of high and low.
The high-low outliers, i.e., high EOF values and low LTI, were
mainly composed of natural areas. The EOF value of this area
was significantly lower than that of the urban expansion ring,
which represented a methodological error. Low-high outliers,
i.e., low EOF values and high LTI. This part of the area was
small and mainly distributed at the junction of the urban renewal
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Fig. 4. EOF modes of the daytime thermal environment. (a) First mode. (b) Second mode. (c) Third mode.

area and the expansion area, which might be affected by the edge
effect.

In summary, this suggested that the contribution of urban
expansion areas to thermal environment variation was higher
than that of urban stability, urban renewal area and natural
area, mainly because the shift of the landscape from natural to
built-up types results in greater changes in subsurface properties,
such as heat capacity, heat transfer, and albedo [33], [37], [38].
In Shenyang City, the urban expansion area showed a typical
ring-type expansion pattern [39]. This pattern of urban growth
makes it easy for cities to plan and manage, but also tends
to distribute urban heat islands continuously, deepening their
intensity and creating greater thermal health risks for residents
during heat waves [40], [41]. Therefore, it is important to be
aware of the dangerous effects of this expansion pattern on the
local thermal environment [42], [43], [44]. In addition, both LCZ
8 and LCZ 10 have high values in the EOF1 and the positive part
of EOF2, indicating that ultrahigh heat emissions from industrial
zones have an enhanced effect on surface thermal environment
changes over a long time series.

The EOF analysis showed that the variance contribution of
the third mode was 3.16%, showing the spatial distribution
characteristics of low center—high surrounding similar to that of
the first mode. However, there was an evident difference between
the positive and negative values of both PC and EOF, indicating

that the effect of the third mode on the thermal environment
was heterogeneous at different time points. Specifically, before
2016, urban stabilization and renewal areas, water bodies, and
paddy field croplands exerted warming effects on the thermal
environment, whereas urban expansion areas, forests, and dry-
land croplands exerted cooling effects. This trend reversed after
2016. Thus, the third mode revealed a local urbanization effect
in urban stabilization and renewal areas mainly in the early part
of the study period; the contribution of this mode to thermal
environment variation was low.

C. Influencing Factors of Nighttime Thermal
Environment Changes

In the deconstruction of the nighttime thermal environment
using EOF analysis, the first two modes passed the North test and
could explain 85.45% of the variation of the nighttime thermal
environment in the study area; their EOF and PC are shown in
Fig. 6.

Among them, the EOF analysis showed that the first mode
had a variance contribution of 81.33%, and its trend of PC also
had a Pearson correlation coefficient of > 0.99 with the trend
of annual mean LST in the study area, whereas the trend of
PC of the second mode had a Pearson correlation of nearly 0.
Therefore, the first mode also reflects the global effect of the
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Fig. 5. Results of local bivariate spatial autocorrelation analysis of EOF
and LTI in the second mode of the daytime thermal environment. (a) Spatial
significance. (b) Composition of significant regions. High-high clustering is the
phenomenon in which both the EOF value and LTI of the grid and its neighboring
cells show significantly higher than average values. Low-low clustering is the
phenomenon that both the EOF value and LTI of the grid and its neighboring cells
showed significantly lower than average values. High-low outliers and low-high
outliers refer to the phenomenon that the EOF values and LTIs of the grid and
its neighboring cells appear to be the opposite of high and low. Not significant
is that the EOF values and LTI of the grid and its neighboring cells do not show
a significant relationship.

nighttime thermal environment, which is more evidently and
singularly influenced by the background climate effect than the
daytime thermal environment, and the rising trend is more stable.
In space, as with the daytime thermal environment, all spatial
locations in the first mode of the nighttime thermal environment
were positive, reflecting the synergistic nature of the background
climate influence. The mean EOF values were ranked as urban
expansion areas (15.48)> urban renewal areas (15.22)> natural
areas (13.68) > urban stabilization areas (11.95). Compared to
the daytime thermal environment, the nighttime thermal envi-
ronment had a smaller standard deviation of EOF between areas,
suggesting that climate change affects the nighttime thermal
environment more uniformly. Several areas of urban expansion,
renewal zones, and water bodies had obviously unusually high
EOF values, whereas urban stabilization areas and other natural
covers had lower EOF values.

The EOF analysis showed that the variance contribution of
the second mode was 4.12%. The EOF of the second mode
showed a large difference between positive and negative values,
whereas the spatial distribution of high and low values showed

the opposite trend to that of the first mode. The mean EOF
values were ranked as natural areas (5.42) > urban stabilization
areas (−5.28)> urban expansion areas (−9.15)> urban renewal
areas (−10.41). Urban expansion and renewal areas had notably
lower EOF values. Combined with the PC, the second mode
demonstrated a gradual shift in the study area from positive
regions, contributing significantly to the thermal environmental
change, to unusually prominent negative regions, contributing
significantly to thermal environmental change.

In this study, the high-value anomalous regions in the first
model and the corresponding low-value anomalous regions in
the second model were further analyzed as the regions of interest.
If the two modes are considered together, the values of EOF∗PC
for the two modes in the regions of interest have a positive
and negative neutralizing effect before 2012 and a positive and
positive superimposing effect after 2012. It is possible that this
reflects a change in LTI in the urban expansion area. Therefore,
we further used bivariate local spatial autocorrelation analysis to
illustrate the role of LTI changes on the formation of the regions
of interest, and the results are shown in Fig. 7. The regions of
interest were above the mean in the first mode and below the
mean in the second mode. Since LTI was higher than the mean
if the urban morphology is highly variable, the regions of interest
show high–high cluster in EOF 1 and low–high outlier in EOF
2. We extracted the overlapping parts of the two as the regions
of interest, and the LCZ transition types and compositions of
the regions of interest were counted, as shown in Table II.
The remaining regions with clustered or outlier features all
had significantly lower absolute EOF values than the region of
interest and were therefore not included in the analysis.

The results showed that 64.49% of the regions of interest were
urban expansion areas and 23.40% were urban renewal areas.
The proportion of high-rise built-up landscapes in the regions
of interest exceeded 30%, with the highest EOF values in both
modes. This indicated that LCZ 1 and 4 high-rise buildings in the
expansion area had the most significant warming effect on the
nighttime thermal environment among residential landscapes.
In addition, LCZs 2, 5, 8, and 10 also had > 20% share, while
low-rise built-up landscapes (LCZ 3, 6, and 9) had a lower share
in this area. Formation of the regions of interest may reflect the
high thermal emission behavior of the residential landscape at
night. Previous studies have shown that this observation varies
by city. For example, Sydney, Rio de Janeiro, and Jakarta, where
LCZ 1 and 4 high-rise buildings tend to concentrate along
waterfronts or in central business districts with large green areas,
have lower intensity urban heat island effects [45]. In Shenyang,
LCZ 1 in the expansion area is embedded in the surrounding
built environment with a high construction intensity, producing
a stronger warming effect, similar to the case of Los Angeles.
Therefore, it is necessary to pay more attention to the impact
of localized overheating phenomenon in middle and high-rise
built-up areas in Shenyang.

V. DISCUSSION

A. LCZ Mapping Based on Remote Sensing Workflow

Remote sensing workflow that utilizes exclusively Earth ob-
servation data for classification has been widely adopted in
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Fig. 6. EOF modes of the nighttime thermal environment. (a) First mode. (b) Second mode.

the LCZ mapping process. In previous studies, convolutional
neural networks tend to improve overall accuracy by 6–8% and
construct type accuracy by 10–13% compared to random forest
methods [46], [47], and are the main development direction
for LCZ mapping [48]. On the basis of convolutional neural
networks, special networks such as LCZ–NET and MSMLA
have been developed for image classification [48], [49]. Some
scholars further introduced the object-oriented classification
method to classify the very high resolution images and obtained
the classification result with 89% accuracy [50], [51]. However,
the year of availability of Sentinel 2 image data, which is widely
used in convolutional neural networks, is after 2015. This limits
the acquisition of urban morphology in long time series. There-
fore, the random forest-based LCZ mapping workflow designed
by WUDAPT is selected for this study. The WUDAPT process
allows earlier Landsat 7 images to be entered for classification.
Furthermore, due to its good transfer properties, the process has
been widely promoted worldwide [52], [53]. By applying the
LCZ concept, this study further explains the differences in the
role of 3-D morphology on the thermal environment compared
to previous studies focusing on 2-D urban morphology.

B. Application of Adaptation and Mitigation Strategies

The causes of changes in the global thermal environment are
complex and have led to its oscillatory nature, showing a general
upward trend [12]. Previous studies have used similar signal ex-
traction methods to extract hidden information from oscillatory
changes in the thermal environment and have found that once the
influence of background climate effects is removed, local factors
with urbanization as the main driver cause common features in
urban temperatures [24]. This study decomposed the thermal
environment into background and perturbation fields using EOF

at the urban scale [22], further confirming that the contribution
of global effect to urban thermal environment change is much
larger than that of local effects, especially at night. This will
help to better understand the impacts of background climate
change and urbanization on the urban thermal environment so
that mitigation and adaptation strategies can be better targeted.

The core objective of this mitigation strategy is to reduce
carbon emissions and increase carbon sinks to slow the warming
rate of the background climate [54]. This study demonstrates that
background climate effects are the dominant factors in thermal
environmental change and that mitigation measures can funda-
mentally reduce the adverse effects of thermal environmental
change. The main expansion type in Shenyang in recent years
has been LCZ 8, which is dominated by industrial land use, and it
is important to reduce fossil fuel use, improve energy efficiency,
and promote clean energy to reduce carbon emissions [55], [56],
[57]. At the same time, a large amount of agricultural land LCZ
D exists in Shenyang, and there is a need to focus on GHS
emissions caused by soil management, fertilizer use, and rice
cultivation in the land system [58], [59].

This study demonstrated that urban sprawl behavior can have
a significant impact on thermal environmental change, and the
intensity of the effect at the local scale is even higher than that of
the background climate effect [60]. Owing to urban development
and historical emission problems, changes in the thermal envi-
ronment are inevitable in the future. [61]. Therefore, adaptation
to changes in the thermal environment must be enhanced on
a local scale [62]. Nature-based solutions have become a hot
topic of international interest following the UN Summit in New
York in September 2019 [63]. In the field of urban planning
and management, the program emphasizes the important role of
nature-based approaches, such as afforestation and ecological
restoration, in regulating the urban climate. This approach is
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Fig. 7. Results of bivariate local spatial autocorrelation analysis of nighttime
EOF and LTI. (a) First mode. (b) Second mode. We focused on the association
of the anomalous part with LTI in the EOF of both modalities. The anomalies
are shown as high values in the first mode and low values in the second mode,
and high values for large changes in LTI. Therefore, the anomalies are shown
as high-high cluster in the first mode and high-low outlier in the second mode,
and the overlap of the two is considered as the region of interest. Other types
of spatial autocorrelation are not obvious on the EOF of the nighttime mode, so
they are not analyzed.

characterized by low energy consumption, high sustainability,
and flexibility compared with active adaptation strategies, such
as air conditioning [64], [65], [66]. In built-up industrial and mid-
rise building areas, the thermal environment can be improved
by planting street trees to increase vegetation or by promoting
green façades and roofs [67], [68], [69]. Among the emerging
expansion areas, attention should be paid to the construction
of urban parks [70], [71]. The design and planning of ventila-
tion and ecological corridors on a macroscopic scale to create
connections with cold-source areas can play an effective role in
cooling by improving the efficiency of air circulation in areas of
high construction density [72], [73]. Moreover, existing studies
have shown that the knowledge level of high-temperature adap-
tation is lower among the elderly, less educated, and unhealthy
groups [74]. Therefore, providing citizens with knowledge to
adapt to changes in the thermal environment through sound
policies, social and economic support also plays an important
role [75].

C. Limitations

This study provides a novel perspective to clarify the global-
local causes of urban diurnal thermal environment changes.

However, the EOF method is more subjective, so the results may
vary in different cities. In subsequent studies, further expansion
of the study cities is needed to analyze the stability of the results
and ways to improve them.

V. CONCLUSION

Based on the LST and LCZ datasets for a long time series, this
study explored the contribution of background climate effects
and local effects to changes in the thermal environment in
Shenyang City using correlation analysis and bivariate spatial
autocorrelation analysis, and explained the warming effect of
the landscape on the thermal environment. The main conclusions
are as follows:

1) Background climate significantly contributes to the ther-
mal environment. The correlation coefficient between the
PC of the first mode and mean LST was > 0.99, re-
flecting the daytime background temperature trend. The
effect of background climate is generally reflected in
time as a warming effect, with the warming effect of
the daytime thermal environment being more oscillatory,
whereas the nighttime thermal environment is smoother.
Spatially, the urban expansion area is more synergistic
with changes in the background climate effect, whereas
the urban stabilization and renewal areas shows lower
synergy.

2) Urban expansion makes a secondary contribution to the
thermal environment. This study shows that the EOF of
the second mode has a clear spatial correlation with LTI
change, forming a circular zone of synergistic change
during the daytime and multiple outlier prominent areas
at night, reflecting the local landscape and urbanization
effects brought about by urban expansion and renewal.
The PC of the second mode had a more obvious single
change trend, and the turning point of the PC sign was
in around 2010, indicating that suburban sprawl behavior
contributed to thermal environment change after 2010.

3) Among the expansion and renewal zones, the industrial
landscape represented by LCZ 8 large low-rise and LCZ
10 heavy industrial zones, and the compact high-rise
landscape LCZ 1 had the most obvious warming effect
on the daytime thermal environment, which may be due
to the synergistic effect of the local landscape effect
generated by daytime radiative forcing and the high heat
emission from the industrial zone. The compact mid-rise
buildings represented by LCZ 1, 2, 4, and 5 had the
most obvious warming effect on the nighttime thermal
environment, which may be due to high heat emissions
at night, mainly concentrated in high-density residential
areas.

The results of this study demonstrate the need to exploit
the synergy between global mitigation and local adaptation
strategies. In Shenyang City, there is a need to emphasize
the mitigation role of industrial and agricultural areas through
energy conservation and emission reduction measures, and to
focus on nature-based solutions to enhance adaptive capacity in
urban expansion areas.
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APPENDIX

TABLE III
DEFINITION, REAL SCENE, AND PARAMETERS OF LCZ
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TABLE IV
DATA SOURCES AND DESCRIPTIONS

TABLE V
ACCURACY EVALUATION OF LCZ MAPPING RESULTS
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