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Abstract: As urbanization advances, the issue of urban heat islands (UHIs) grows increasingly
serious, with UHIs gradually transitioning into regional urban heat islands. There is still a lack of
research on the evolution and drivers of the thermal environment in urban agglomerations; therefore,
in this study, we used trend analysis methods and spatial statistical analysis tools to investigate
these issues in the Beijing–Tianjin–Hebei (BTH) urban agglomeration. The results demonstrated the
following: (1) The land surface temperature (LST) exhibited low fluctuation, while the relative land
surface temperature (RLST) fluctuated significantly. In Zhangjiakou and Chengde, the LST and RLST
evolution trends were complex, and the results differed between daytime and nighttime, as well
as between the annual and seasonal scales. In other regions, the trends of LST and RLST evolution
were more obvious. (2) During the daytime, the high UHI clusters centered on “BJ–TJ–LF” and
“SJZ–XT–HD” formed gradually; during the nighttime, the high UHI clusters were mainly observed
in built-up areas. The distribution range and direction of UHIs showed greater degrees of evolution
during the daytime in summer. (3) The total UHI area showed an increasing trend, and the intensity
of heat stress suffered by the BTH agglomeration was increasing. (4) In BTH and Hebei, aerosol
optical depth, surface solar radiation, population density, and gross domestic product were the
dominant factors influencing UHIs; moreover, in Beijing and Tianjin, all factors showed an basically
equal impact. The methodology and findings of this study hold significant implications for guiding
urban construction, optimizing urban structure, and improving urban thermal comfort in the BTH
urban agglomeration.

Keywords: urban heat island; spatiotemporal patterns; Sen+MK/Sen+Hurst analysis; spatial statistics
analysis; OPGD; BTH urban agglomeration

1. Introduction

According to the NOAA National Centers for Environmental Information (NCEI), the
global average surface temperature will be 1.05 ◦C higher in 2023 than it was in the previous
century [1], with extremely high temperatures occurring around the globe, especially in
Europe [2], North America [3], and Asia [4]. Global warming has pushed approximately 9%
of the world’s population, over 600 million people, beyond the boundaries of the “human
climate ecological niche” [5]. Urbanization accelerates the transition from natural to man-
made surfaces, and horizontal and vertical land-use patterns increase building heights,
e.g., the average building height in China is 10.35 m, that in Europe is 7.37 m, and that in
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the United States is 6.69 m [6,7]. Changes in urban morphology affect the concentration
of heat, and the imbalance in surface energy leads to higher temperatures in cities than in
the surrounding areas, thus resulting in the urban heat island (UHI) phenomenon [8,9].
Currently, more than half of the world’s population lives in cities, and the UHI phenomenon
affects the overall livability of cities and reduces the comfort of urban living [10]. The heat
island effect also alters the ecological environment of urban areas by altering air temperature
and precipitation, reducing air quality and vegetation growth [11], and even increasing the
morbidity and mortality of heat-related diseases, which is a serious threat to the health
of residents [12]. Therefore, exploring the evolution of urban thermal environments over
a long-term time series is essential to mitigating the negative impacts of the heat island
effect, improving quality of life, and ensuring sustainable urban development, especially in
developing countries experiencing rapid urbanization.

With the advancement of urbanization, the distance between cities is diminishing, pop-
ulation movements are becoming more frequent, and intercity relationships are growing
closer, leading to the gradual formation of city clusters [13]. These city clusters are spatially
organized, economically connected, and highly integrated urban areas, forming the most
prominent feature of urbanization in the 21st century [14]. The formation and growth of
metropolitan areas have caused the scope of the UHI phenomenon to break through the
boundaries of what would otherwise occur in a single city [15], and the flow of heat articu-
lates originally isolated high-temperature regions to form regional heat islands (RHIs). The
interaction between neighboring heat islands also subjects suburban and rural areas to the
heat island effect [16]. Therefore, continuing to study UHIs from the perspective of single
cities would underestimate the heat island intensity in urban areas and neglect its effects
on rural areas, which is not conducive to urban planning and sustainable development [17].
The RHI perspective has provided new ideas for studying thermal environmental problems
in urban agglomerations, such as through studies conducted in the Guangdong–Hong
Kong–Macao Greater Bay Area (GBA) [18], the Yangtze River Delta (YRD) [16], and the
Pearl River Delta (PRD) [19] in China, as well as in the Great Lakes Area [20] in North
America and the London Metropolitan Area (LMA) in the United Kingdom [21]. The rapid
population and economic growth in Beijing–Tianjin–Hebei (BTH) have made it one of the
more severely heat island-affected regions in China, and some studies have shown that
the region faces stronger UHI effects in the summer, with a significant seasonal pattern of
diurnal heat island intensity [22].

Urban temperature is mainly characterized by air temperature (AT) and land surface
temperature (LST), and the two temperatures correspond to different types of UHIs: canopy
urban heat islands (CUHIs) and surface urban heat islands (SUHIs), respectively [23]. AT
is mainly obtained through weather stations or in situ measurements, which offer the
advantages of high temporal resolution and long-term recorded historical data. How-
ever, due to the limitations regarding the number of meteorological stations and their
spatially distributed locations, CUHI studies are typically conducted at microscale levels
(1–100 m) [24]. LST, on the other hand, can be obtained from remote sensing satellite images
equipped with thermal infrared sensors or via algorithmic inversion; thus, the study of
SUHIs can be carried out at the local scale (1–10 km), the mesoscale (10 km), or even larger
spatial extents [23]. Meanwhile, SUHI research facilitates the study of how urban surface
biophysical characteristics influence heat island formation and evolution [25], so SUHI
data are more suitable than CUHI data for the study of regional heat island effects in urban
agglomerations [17,18,26,27]. Urban heat island intensity (UHII) is an important indicator
through which to study UHIs; it is generally measured by comparing the temperature
difference between urban and suburban or rural areas [28]. In the process of measuring
UHII, there are various methods for determining urban and suburban boundaries, such as
by utilizing urban administrative boundaries, urban ring lines, the extent of urban built-up
areas, or land-use types [29], and different methods for defining urban and suburban
boundaries yield different results [30].
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The evolution of spatial and temporal patterns in UHIs is a hot topic in the current
research on heat island problems [26]. Utilizing long-term time series data enables the
exploration of the intrinsic mechanism driving UHI formation and evolution and helps
decision makers formulate rational urban planning and land-use policies [31], as identifying
potential drivers is crucial for mitigating the heat island effect [32]. The formation and
development of UHIs mainly result from the coupling of natural and socioeconomic
(anthropogenic) factors [33]. Changes in urban formation also alter conditions such as light,
moisture, and soil nutrients, which affect vegetation growth and thus, the urban thermal
environment [34,35]; the normalized vegetation index (NDVI) is often used to study the
effects of vegetation on the UHII [19]. Due to differences in surface albedo, the increase in
man-made surfaces causes urban areas to absorb more solar radiation during the day, and
some scholars have studied the effect of surface solar radiation (RS) on UHIs [36,37]. The
heat island effect is exacerbated by the growing urban population, the continued expansion
of built-up areas, and increased industrial activity. The nighttime lighting index (NTL) [27],
population density (POP) [38], and gross domestic product (GDP) [39] are often used to
study the impacts of socioeconomic factors on the UHI effect and air pollution due to
increased energy consumption [40]. The heat island effect aggravates urban air pollution,
while atmospheric aerosols trap longwave radiation, exacerbating heat island intensity, as
aerosol optical depth (AOD) is related to the amount of air pollution aerosol above the
observation site [40], and an increasing number of scholars have utilized AOD to quantify
the impact of air pollution on the UHI effect [32,41,42].

The UHI problem is studied not only by analyzing its changes during the time series,
but also by examining the evolution of the spatial distribution pattern. Some scholars have
used the coefficient of variation (CV) [26], Theil–Sen trend analysis, and the Mann–Kendall
trend test [17] to explore the fluctuations in the thermal environment over a long-term
time series, the trends of the changes, and the significance of the trends. The evolution
of UHIs in spatial distribution can be investigated using spatial statistical analyses, for
which the hotspot analysis method enables the study of the spatial clustering of high or
low UHII values [27]. The standard deviation ellipse (SDE) can be used to analyze changes
in the direction and extent of the spatial distribution of a UHI over long periods [17,26].
Mathematical analysis models, such as ordinary least squares (OLS) [43], multiple linear
regression (MLR) [42], and multiple stepwise regression (MSR) [44], have been widely
used to clarify the effects of potential drivers on LST or UHIs. However, numerous
studies have confirmed that the relationship between drivers and UHIs is often nonlinear;
therefore, spatial analysis methods, such as the geographically weighted regression (GWR)
model [45,46] and the spatial error model (SEM) [47]; and machine learning methods,
such as random forests (RF), boosted regression trees (BRT), and support vector machines
(SVM), have been used in heat island effect research [48–50]. The optimal parameters-based
geographic detector (OPGD) has been widely used in UHI studies in recent years due to its
immunity to the multicollinearity of variables, as well as its ability to detect relationships
between drivers and geographic phenomena without linearity assumptions [18,27,51].

In this study, we aim to explore the evolution of the diurnal spatiotemporal patterns in
an SUHI (hereinafter, UHI is used in place of SUHI) environment, as well as the impacts of
potential drivers in the BTH urban agglomeration from 2000 to 2020. The objectives of this
study are as follows: (1) to explore the volatility, trend significance, and trend persistence
of LST and relative land surface temperature (RLST) changes at the pixel scale, using the
CV, Sen+MK, and Sen+Hurst methods; (2) to use optimized outlier analysis and SDE to
explore the spatial clustering, spatial distribution range, and evolution of the distribution
direction of high or low UHII values; (3) to calculate the UHII contribution index (CI) to
analyze the trend regarding the degree of heat stress over the time series; and (4) to analyze
the one-way effects and two-way interactions of the drivers on the UHI using the OPGD.
This study contributes to a better understanding of the spatial and temporal evolution
characteristics of the UHI phenomenon, as well as its main driving factors in the BTH
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urban agglomeration, providing scientific suggestions for the optimization of the thermal
environment in the urban agglomeration.

2. Materials and Methods
2.1. Study Area

The BTH urban agglomeration (36◦05′–42◦40′N,113◦27′–119◦50′E) is China’s “capital
economic circle”, with an area of about 218,000 km2, including large, medium, and small
cities, and land-use types including mainly arable land, forest land, and grassland [26].
The phenomenon of rough land use is prominent, and the expansion of construction land
is disordered, which has led to a hot spot of UHI-related research issues in recent years.
The urban agglomeration includes two municipalities, Beijing (BJ) and Tianjin (TJ), and
11 prefecture-level cities in Hebei Province: Baoding (BD), Tangshan (TS), Langfang (LF),
Shijiazhuang (SJZ), Qinhuangdao (QHD), Zhangjiakou (ZJK), Chengde (CD), Cangzhou
(CZ), Hengshui (HS), Xingtai (XT), and Handan (HD) (Figure 1).
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Figure 1. (a) Location of the study area; (b) land-use/-cover type (LUCC) of the BTH urban ag-
glomeration; (c) DEM of the BTH urban agglomeration. BJ: Beijing; TJ: Tianjin; BD: Baoding; TS:
Tangshan; LF: Langfang; SJZ: Shijiazhuang; QHD: Qinhuangdao; ZJK: Zhangjiakou; CD: Chengde;
CZ: Cangzhou; HS: Hengshui; XT: Xingtai; HD: Handan.

According to the Statistical Bulletin of National Economic and Social Development
of the People’s Republic of China 2023, the gross regional product of BTH in 2023 was
about CNY 1.04 billion, and as of 2022, the total population was about 110 million. As
urbanization continues, the built-up area of the BTH urban agglomeration continues to
increase. The overall topography of BTH is high in the northwest and low in the southeast,
with a maximum elevation of about 2855 m. The northwest is dominated by the Taihang
and Yanshan mountain ranges, and the southeast is dominated by plains. Most of the
cities are located in the plains and have temperate continental monsoon climates, with hot
and rainy summers and cold and dry winters, while ZJK and CD encompass mainly the
northwestern mountainous areas, with relatively low temperatures [52].
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2.2. Multi-Source Data

The long-term time series multi-source data used in this study include the land surface
temperature [53,54], aerosol optical depth [55,56], normalized vegetation index [57], surface
solar radiation [58], nighttime lighting index [59], gridded population density, and gridded
gross domestic product.

LST (2000–2020) data were obtained from the National Tibetan Plateau Data Center
(TPDC), https://data.tpdc.ac.cn/ (accessed on 21 February 2023), with a spatial resolution
of 1 km. The Aqua MODIS LST product and GLDAS data were used as the main input
data, with the vegetation index, ground surface albedo, etc., as auxiliary data. Using
the high-frequency and low-frequency components of surface temperature, along with
the spatial correlation of surface temperature provided in the satellite thermal infrared
remote sensing and reanalysis data, a high-quality all-weather surface temperature dataset
was reconstructed.

AOD (2000–2020) data were obtained from the National Earth System Science Data
Center, https://www.geodata.cn/ (accessed on 1 January 2024), with a spatial resolution
of 1 km. Based on multi-source big data obtained from satellite remote sensing, station
observation, and model simulation, the dataset was produced using ensemble missing data
reconstruction, heterogeneous data assimilation, machine learning, and multi-mode data
fusion techniques to produce spatiotemporally seamless AOD datasets.

NDVI (2000–2020) data were obtained from TPDC, with a spatial resolution of 250 m.
A 16-day synthetic monthly NDVI product, based on NDVI (250 m, 16 days) and land-use
data from the MOD13Q1 product, were produced using preliminary reconstruction of
single-period imagery with like-for-like feature noise pixels and long-term time series
imagery S-G filtering techniques.

RS (2000–2017) data were derived from TPDC, with a spatial resolution of 10 km.
The ISCCP-HXG product was used as the main input for the generation of surface solar
radiation data for China, using geographically weighted regression and fusion of surface
solar radiation site data inverted from the sunshine hours from 2261 meteorological stations
in China.

NTL (2000–2020) data were obtained from Harvard Dataverse, https://dataverse.
harvard.edu/ (accessed on 24 November 2023), with a spatial resolution of 500 m. The class
NPP-VIIRS NTL data were constructed using a new crossover model. Sensor calibration
was performed based on DMSP-OLS NTL data and NPP-VIIRS NTL data.

POP and GDP (2000–2019) data were obtained from the Resource and Environmental
Science Data Center (RESDC), https://www.resdc.cn/ (accessed on 17 November 2023),
with a spatial resolution of 1 km. Based on national sub-county demographic data, the data
were spread onto a spatial grid using a multi-factor weight allocation method, taking into
account factors such as land use, nighttime light brightness, the density of settlements, and
other factors, with administrative districts as the basic statistical unit.

Due to the differences in spatial references and resolutions of the data, we processed
the data to unify the spatial coordinate system and spatial resolution, finally obtaining
a dataset with a spatial resolution of 1 km; then, the LST data from 2000 to 2020 were
processed to obtain the seasonal (summer and winter) and annual average LST, RLST, and
UHII data, as well as the six UHI driver data, including the natural factors AOD, NDVI,
and RS, and the socioeconomic factors NTL, POP, and GDP. These data were processed
to obtain the 2000, 2005, 2010, 2015, and 2020 seasonal and annual average data for factor
detection and interaction detection analysis using the OPGD. It should be noted that, for
some datasets, due to the lack of data for 2020, we used the time series from the previous
year instead.

2.3. Methods

In this study, we used the CV, trend significance test (Sen+MK), and trend sustainability
test (Sen+Hurst) to study the volatility of the LST and RLST changes, the significance of
the change trends, and the sustainability of the change trends regarding the future of the

https://data.tpdc.ac.cn/
https://www.geodata.cn/
https://dataverse.harvard.edu/
https://dataverse.harvard.edu/
https://www.resdc.cn/
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BTH urban agglomeration from 2000 to 2020 at the pixel scale; we used spatial statistical
analysis methods, such as optimized outlier Analysis, SDE, and so on, to study the spatial
distribution of high- or low-value clusters of UHII and the long-term time series evolution
of the spatial distribution range and distribution direction of the UHI; we calculated the
UHII contribution index (CI) to study the evolution of the degree of heat stress in the BTH
urban agglomeration; finally, we analyzed the factor and interaction probes of the driving
factors, using the OPGD to study the influences of natural and socioeconomic factors on
the UHI effect. Figure 2 shows the process framework of this study.
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2.3.1. Relative Land Surface Temperature

The identification of the UHI extent and intensity is the key to quantitatively analyzing
the heat island effect. When studying UHI evolution, RLST can effectively express the
contribution of different regions to the thermal environment [17], the formula for which is
as follows:

RLST j
i = LST j

i −
1
n∑n

k=1 LSTBk
i (1)

where i represents one year from 2000 to 2020; j represents one pixel of raster data; RLST j
i

and LST j
i denote the RLST and LST of the jth pixel in the ith year, respectively; n represents

the number of pixel in the background temperature; k represents one pixel in the back-
ground region; and LSTBk

i denotes the LST of the kth pixel in the background region in the
ith year. Referring to previous studies [26,60,61], the region with RLST > 2 k is defined as
the UHI region, and UHII is categorized into the following three classes: weak (L1: 2–4 k),
medium (L2: 4–6 k), and strong (L3: >6 k).

2.3.2. Coefficient of Variation

The CV can be used to measure the degree of variability of the observations and
is often used in geography, mainly to reflect the degree of dispersion and interannual
volatility of time series data [62,63]; its formula is as follows:

CVLST =
δLST

LST
(2)



Remote Sens. 2024, 16, 2601 7 of 31

where CVLST refers to the coefficient of variation of LST, δLST denotes the standard de-
viation of LST, and LST denotes the mean value of LST. The larger the CV value, the
more volatile the data; the smaller the value, the more stable the data. In this study, CV
values were categorized into the following five classes: low volatility (<0.05), relatively low
volatility (0.05–0.1), medium volatility (0.1–0.15), relatively high volatility (0.15–0.2), and
high volatility (≥0.2) [63].

2.3.3. Theil–Sen Trend Analysis and Mann–Kendall Significance Test

The Theil–Sen trend is a robust nonparametric method [64], insensitive to outliers and
effective in calculating non-normally distributed data, but it cannot test the significance of a
trend [65]. The Mann–Kendall significance test determines the significance of the Theil–Sen
trend; the combination of the two methods reduces the effects of outliers and is virtually
immune to the interference of outlier data [63].

The Theil–Sen median is used to calculate the median slope of n (n − 1)/2 data
combinations, as follows:

βLST = Median

(
LSTk

j − LSTk
i

j − i

)
, ∀j > i, 2000 ≤ i < 2020 (3)

where i represents a year from 2000 to 2020, j represents a pixel of the raster data, βLST
represents the trend of LST, βLST > 0 shows an upward trend, βLST < 0 shows a down-
ward trend [63], and LSTk

j and LSTk
i represent the LST of the kth pixel in the jth and ith

year, respectively.
The Mann–Kendall significance test of the original hypothesis implies that βLST = 0,

and there is no monotonic trend in the time series, which is calculated as follows:
The time series LSTi, i = 2000, 2001, 2002, . . ., 2020, is constructed, and the Z statistic is

defined as follows:

Z =


S−1√
var(S)

, S > 0

0, S = 0
S+1√
var(S)

, S < 0

(4)

S =
n−1

∑
i=1

n

∑
j=i+1

sgn
(

LSTk
i − LSTk

j

)
(5)

sgn
(

LSTk
i − LSTk

j

)
=


1,
(

LSTk
i − LSTk

j

)
> 0

0,
(

LSTk
i − LSTk

j

)
= 0

−1,
(

LSTk
i − LSTk

j

)
< 0

(6)

var(S) =
n(n − 1)(2n + 5)

18
(7)

where LSTk
i and LSTk

j denote the LST of the kth pixel in year i and year j, n denotes the
length of the time series, sgn is the sign function, var(S) is the variance, and the Z statistic
is used to evaluate the significance. At a given significance level α, the study series changes
significantly if |Z| > Z1−α/2.

2.3.4. Hurst Analysis

The Hurst exponent was proposed by H.E. Hurst as a method for detecting the
sustainability of time series data [66]; it has been widely used in geography in recent
years to effectively characterize the long-term dependence of geographic data in a time
series [63,64]. There are several methods of calculating the Hurst exponent, the most widely
used of which is the R/S analysis method. The calculation process is as follows:

(1) The time series LSTt, t = 1, 2, 3, . . ., n is constructed;
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(2) The mean sequence of LSTt is constructed as follows:

LST(τ) =
1
τ

τ

∑
t=1

LST(τ), τ = 1, 2, 3, . . . , n (8)

τ is a positive integer greater than t.
(3) The cumulative deviation is constructed as follows:

X(t,τ) =
τ

∑
t=1

(
LST(t) − LSTτ

)
, 1 ≤ t ≤ τ (9)

(4) The scope is calculated as follows:

R(τ) = maxX(t,τ) − minX(t,τ), 1 ≤ t ≤ τ, τ = 1, 2, 3, . . . , n (10)

(5) The standard deviation is calculated as follows:

S(τ) =

[
1
τ

τ

∑
t=1

(
LST(t) − LST(τ)

)2
]1/2

, τ = 1, 2, 3, . . . , n (11)

(6) The Hurst exponent is calculated as follows:

Rτ

Sτ
= cτH (12)

where c is a constant. By performing logarithmic operations on both sides of Equation (12),
log(Rτ/Sτ) = log(c) + H ∗ log τ, the value of the Hurst exponent H can be estimated using
the least squares fit, where the range of the Hurst exponent is (0, 1). When 0 < H < 0.5,
the overall future trend of the time series data is opposite to that of the past, with inverse
sustainability; when H = 0.5, the time series data are in an independent state, without
sustainability; when 0.5 < H < 1, the past trend of the time series data will continue into the
future, with sustainability [64,67,68].

2.3.5. Anselin Local Moran’s I

According to the first law of geography, the closer the spatial distance between objects,
the greater the attribute correlation and the greater the spatial dependence [69]. The Anselin
Local Moran’s I tool was utilized to calculate Local Moran’s I values, z-scores, p-values,
and statistically significant UHII clustering types in order to identify the spatial clustering
of high- and low-value elements, as well as the distribution of outliers; the process of
calculation was as follows:

Ii =
n
(
UHIIi − UHII

)
∑n

j=1,j ̸=i wij
(
UHII j − UHII

)
∑n

i=1(UHIIi − UHII)2 (13)

zIi =
Ii − E[Ii]√

V[Ii]
(14)

E[Ii] = −
∑n

j=1,j ̸=i wij

n − 1
(15)

V[Ii] = E
[

I2
i

]
− E[Ii]

2 (16)

where UHII denotes the mean value of UHII; UHIIi and UHII j denote the UHII at spatial
locations i and j, respectively; wij is the spatial weight matrix; and n is the total number of
elements. In our study, we used the optimized outlier analysis tool that performs Anselin
Local Moran’s I using parameters derived from input data features.
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2.3.6. Directional Distribution Analysis

SDE analysis is a methodology that can effectively demonstrate the overall character-
istics of the spatial distribution of geographic elements. SDEs are created to summarize the
spatial characteristics of the UHII as central, discrete, and directional tendencies [70]; the
formula is as follows:

SDEx =

√
∑n

i=1
(

xi − X
)2

n
(17)

SDEy =

√
∑n

i=1
(
yi − Y

)2

n
(18)

where SDEx is the standard deviation of the x-axis, SDEy is the standard deviation of the
y-axis, xi and yi are the coordinates of element i, and X and Y denote the mean centers of
the x and y elements, respectively.

2.3.7. UHII Contribution Index

To quantify the evolution of the level of thermal threat in the BTH urban agglomeration,
the contribution index of each class of UHII from 2000 to 2020 can be calculated as follows:

CI =
SLi

SUHI
× 100%, i = 1, 2, 3 (19)

where SLi refers to the area of the UHII class Li, and SUHI refers to the total area of the UHI.

2.3.8. Optimal Parameters-Based Geographic Detector

The OPGD is a method for detecting spatial variations in geographic phenomena and
revealing their drivers [71]; this does not require the assumption of linearity; therefore, its
computational process and results are not affected by variable multicollinearity [72]. The
OPGD consists of four modules, namely, factor detection, interaction detection, ecological
detection, and risk detection [71], and we used factor detection and interaction detection to
quantify the effects of drivers on spatial heterogeneity in the UHI.

Factor detection quantifies the influence of a driver with the q value, which ranges
from (0, 1); the larger the value, the greater the influence. In extreme cases, a q of 1 means
that factor X completely controls the spatial distribution of Y, and a q of 0 means that factor
X is irrelevant to Y. The formula for calculating q is as follows:

q(Y|X ) = 1 − ∑L
h=1 Nhσ2

h

Nσ2 , h = 1, 2, 3, . . . , L (20)

where the entire study area consists of N cells and is divided into h classes, which consist
of Nh cells, and σ2

h and σ2 denote the variance of Y-values in class h and the whole region,
respectively [73–75]. ∑L

h=1 Nhσ2
h and Nσ2 are denoted as the Within Sum of Squares and

Total Sum of Squares of the entire region, respectively.
Interaction probes were used to identify the influences of factors X on Y, i.e., whether

factors X1 and X2 interact to increase or decrease the explanatory power of Y, or whether
the effects of factor X on Y are independent. Factor interactions of the drivers [18,27,71] are
shown in Table 1.

Table 1. Factor interactions of drivers.

Description Interaction

q(X1 ∩ X2) < min(q(X1), q(X2)) Weaken, nonlinear
min(q(X1),q(X2)) < q(X1∩X2) < max(q(X1), q(X2)) Uni-weaken

q(X1 ∩ X2) > max(q(X1), q(X2)) Bi-enhance
q(X1 ∩ X2) = q(X1) + q(X2) Independent
q(X1 ∩ X2) > q(X1) + q(X2) Enhance, nonlinear
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3. Results
3.1. Volatility Analysis of LST and RLST Changes

The spatial distributions of the CVs of diurnal LST and RLST at annual and seasonal
scales (summer and winter) in the BTH urban agglomeration from 2000 to 2020 were
significantly different (Figures 3 and 4). The results showed that the spatial distributions of
the CVs of LST at the interannual, summer, and winter scales during daytime and nighttime
were highly similar, and LST changes showed essentially low volatility (CV < 0.05) in more
than 99% of the regions in BTH. (Figure S1). The remaining regions with high fluctuations
in LST changes (CV > 0.05) were distributed in the coastal region of TJ, which may be due
to the sea–land interaction that makes LST changes more complex.
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Fluctuations in RLST changes were evenly distributed in most regions, except for
ZJK and CD, where there were essentially none, possibly due to the higher altitudes of
these two cities and the distribution of more forests, grasslands, and croplands (Figure 1),
which have good cooling effects and help the RLST remain stable. Overall, the BTH urban
agglomeration exhibited large fluctuations in RLST from 2000 to 2020. During the daytime,
RLST fluctuations exhibited both relatively high and high volatility over about 90% of the
region. At night, there were more areas exhibiting relatively low and medium fluctuations
in RLST interannually, covering 61.1% of the area, and, in summer and winter, relatively
high and high fluctuations were noted over 60–80% of the area (Figure S2).
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3.2. LST and RLST Trend Significance Tests

The spatial distributions of trend significance tests (Sen+MK) for diurnal LST and
RLST in the BTH urban agglomeration for the years from 2000 to 2020 are significantly
different (Figures 5 and 6). During the daytime, LST in the cities of ZJK and CD mainly
decreased non-significantly for about 20% of BTH. In our opinion, this may be due to the
higher elevations of the two cities, encompassing more forests, grasslands, and croplands
(Figure 1). In the other regions, LST is predominantly on an upward trend, but non-
significant increases cover 25–45% of the area. In the interannual and summer months,
LST is mainly significantly and very significantly increasing, over a total of about 46% of
the area; however, in the winter months, LST is significantly and very significantly rising,
in a total of 22.1% of the area, which is a significant decrease compared to the results for
the interannual and summer months, since there are more areas exhibiting non-significant
increases in the winter months. At night, the LST of BTH is basically in an upward trend,
but it is noteworthy that the highly significant rise covers about 65–80% of the region during
the interannual and summer months, but in the winter season, the non-significant rise is
observed in about 58.1% of the region, mainly in ZJK, CD, CZ, and XT (Figures 5 and S3).

The results of the trend significance tests for RLST were essentially unchanged in ZJK
and CD. During the day, the area exhibiting significant and highly significant increases in
RLST reached between 16–32% in areas outside of ZJK and CD. Interannually, the area with
a highly significant rise in RLST was larger, but in winter, the area showing a non-significant
increase was larger. At night, the area exhibiting the non-significant increase in RLST was
larger, at around 20%. In addition to this, the areas of significant and highly significant
increase in RLST covered 19.2% and 27.1% of the region interannually and in summer,
respectively, but in winter, the area of non-significant decrease (mainly in CZ, LF, XT, and
TJ) covered only 18.5% of the region (Figures 6 and S4).
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3.3. LST and RLST Trend Persistence Analysis

The spatial distributions of the persistence (Sen+Hurst) of the diurnal LST and RLST
trends in the BTH urban agglomeration from 2000 to 2020 are significantly different
(Figures 7 and 8). The results indicate that, in the future, there will be no area of ran-
dom variation in LST and RLST in the BTH region. During the daytime, about 6.9% of the
interannual LST trends in ZJK and CD will show a continuous decrease; however, about
20% of the LST trends in the whole BTH (mainly in ZJK and CD) will experience a change
from decreasing to increasing. In the other regions in BTH, the future interannual LST
trends indicate mainly a sustained increase, changing from increasing to decreasing in
about 30.5% and 44.6% of the regions, respectively, while the future summer and winter LST
trends mainly change from increasing to decreasing in about 64.6% and 62.5% of the regions,
respectively. At nighttime, interannually, and in summer, the future LST change trends in
the BTH region are continuously upward and downward, with both covering about 99% of
the area, while in the winter, the future LST trend will be upward to downward over 90.5%
of the area (Figures 7 and S5).
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The RLST future change trend is more complex compared to that of the LST, comprising
the following four trends: sustained increase, change from increase to decrease, sustained
decrease, and a change from decrease to increase. During the daytime, the RLST future
sustained decrease and a change from decrease to increase are mainly distributed in ZJK,
CD, and a small portion of the surrounding area, with the proportion of sustained decrease
in 10–17% and the change from decrease to increase in 27–36 of the area. In other regions,
the future trends of RLST are mainly sustained increase and a change from increase to
decrease, with sustained increase occupying 9–18% of the region (mainly distributed in
LF, HS, BJ, and TJ) and a change from increase to decrease covering 36–46% of the region.
At night, the spatial distributions of future trends in interannual and summer RLST are
relatively similar, with continued decrease and change from decrease to increase mainly
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distributed in ZJK and CD, with both trends covering 30–40% of the region. In other regions,
the interannual and summer RLST future trends are dominated by sustained increase and
a change from increase to decrease; however, the change from increase to decrease will
cover 45–52% of the region. During winter nights, the distribution of RLST future trends in
BTH is relatively discrete, but specifically, rising-to-falling and falling-to-falling exhibit two
trends covering about 77% of the region (Figures Figure 8 andS6).
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3.4. UHII Anselin Local Moran’s I

ZJK and CD were largely unaffected by urban heat islands from 2000 to 2020; a few
urban areas in ZJK were affected by the heat island effect during the summer daytime
hours in earlier years, but this effect has been diminishing over time. Figures 9–11 show the
results of the analysis of diurnal UHII clustering and anomalies interannually, in summer,
and in winter, respectively. Significant differences were found in the spatial distributions
of the clusters of high or low daytime and nighttime UHII values, as well as in the sizes
of the distribution areas. From an annual perspective, during the daytime, the regions
with high UHII value clustering showed an increasing trend, from 28.7% to 37.5%. Among
them, there was a significant increase from 2000 to 2005, mainly distributed in HS, CZ,
and LF. The regions of UHII low-value clustering showed a decreasing trend, from 43% to
34.1%, mainly distributed in BJ, TJ, LF, BD, and TS. It can be observed that the regions with
decreasing low-value clustering are mainly replaced with high-value clustering (Figure 9).
At night, the UHII high-value clusters are mainly distributed in HD, XT, SJZ, BD, BJ, and TJ
(mainly built-up areas), while the coverage area remains stable at around 28%. The UHII
low-value clusters are mainly distributed in HS, CZ, HS, and TS (mainly outside of built-up
areas), and the coverage area also remains stable, at around 44% (Figure S7).
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During the winter, the daytime UHII high-value clusters are mainly located in HD, 
XT, SJZ, CZ, and HS, with the coverage area growing from 32.7% to 36.9%. It is noteworthy 
that these cities are located in the southern part of the BTH region. However, in 2005, 
QHD, TS, and LF, which are located in the north, also showed UHII high-value clustering 

Figure 9. Spatial distributions of UHII Anselin Local Moran’s results for the BTH urban agglom-
eration from 2000 to 2020: (a) 2000 daytime; (b) 2005 daytime; (c) 2010 daytime; (d) 2015 daytime;
(e) 2020 daytime; (f) 2000 nighttime; (g) 2005 nighttime; (h) 2010 nighttime; (i) 2015 nighttime; and
(j) 2020 nighttime.
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time; and (j) 2020 nighttime.
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Figure 11. Spatial distributions of UHII Anselin Local Moran’s I results for the BTH urban ag-
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During the summer, the area of BTH impacted by the UHI effect during the daytime
is increasing (mainly in XT, HS, CZ, and TJ). The UHII high-value clusters are mainly
observed in HD, XT, SJZ, LF, TS, BJ, and TJ, with an increase in the area of coverage from
24.6% to 31.4%, with increases observed in the areas of HS, LF, and, most notably, CZ. The
UHII low-value clustering is mainly observed in QHD, BD, LF, XT, and HS, with a decrease
in coverage area of about 6.2% to about 37.4% in 2020. At night, the UHII high-value
clusters are mainly noted in HD, XT, SJZ, HS, CZ, LF, BJ, and TJ (mainly built-up areas),
with a slight rise in the coverage area to 24.6% in 2020, an increase of about 4.6%. The UHII
low-value clusters are mainly in SJZ, BD, LF, TS, and QHD (mainly outside of built-up
areas), and, similar to the results for the daytime hours, there is a slight downward trend,
at 38% in 2020, down about 3.5% (Figures 10 and S8).

During the winter, the daytime UHII high-value clusters are mainly located in HD, XT,
SJZ, CZ, and HS, with the coverage area growing from 32.7% to 36.9%. It is noteworthy
that these cities are located in the southern part of the BTH region. However, in 2005, QHD,
TS, and LF, which are located in the north, also showed UHII high-value clustering in some
areas, which were gradually replaced by UHII low-value clustering over time. In 2000 and
2005, UHII low-value clusters were distributed in HS, SJZ, BD, CZ, and other regions, which
were largely replaced by high-value clusters by 2010. In 2020, UHII low-value clustering
was mainly distributed in BJ, TJ, QHD, LF, TS, and XT, covering about 37.1% of the area,
with a decrease of about 6.1%. Unlike the daytime results, the nighttime UHII high-value
clusters were mainly distributed in HD, XT, SJZ, BD, BJ, and TJ, and the coverage area is
stable, at about 29%. the UHII low-value clusters were mainly distributed in HS, SJZ, LF,
TS, and QHD, and the coverage area is also basically unchanged, at about 46%. The areas
of UHII high- and low-value clusters are stable, but it is noteworthy that the distributions
in LF and QHD are not stable at all; however, the distributions in LF, TS, and CZ are stable,
in that there is no heat island effect in areas with large distributions (Figures 11 and S9).



Remote Sens. 2024, 16, 2601 17 of 31

3.5. UHII Direction Distribution Analysis

Figure 12 and Table S1 show the evolution of the spatial extent and direction of
distribution of UHI in the BTH region from 2000 to 2020. The results of the SDE analyses of
the UHI are highly similar under all conditions, except during the daytime in the summer,
both in terms of the extent of the spatial distribution and the direction of the distribution.
The location of the center of the UHI is distributed at the boundaries of BD, HS, and CZ,
and the center of the UHI shifts slightly along the direction of the elliptical distribution
(southwest–northeast) during the time series period; the direction of the distribution
remains unchanged, while the orientation angle of the five different scenario ellipses was
increased by about 4◦. It can be observed that the trends of both the evolution of the spatial
distribution range and the direction of the distribution of the UHI remain stable.
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However, during the daytime in summer, there is a significant change in both the
extent and direction of the spatial distribution of the UHI. Compared with other scenarios,
the spatial distribution range of the UHI is larger, but there is a trend of narrowing in the
distribution range. From 2000 to 2010, the center of the UHI was located in the southeast
of BD, but was observed gradually moving southward; from 2010 to 2020, it gradually
moved westward to CZ, and the distribution direction of the ellipse shifted along the
clockwise direction. By 2020, the distribution direction had become similar to that in the
other scenarios (southwest–northeast), while the ellipse direction angle is 38.41◦, which
is an increase of 17.18◦ compared to the results for 2000; these results have been verified
in other studies [26]. The shift in the direction of the UHI distribution indicates that the
intensity of the heat island in BJ, TJ, and LF increased from 2010 to 2020, which may be
related to the rapid urbanization processes occurring in these areas in recent years.
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3.6. UHII Contribution Index Analysis

Figures 13–15 show the trends of UHII classes and the evolution of the total UHI
area in the BTH, BJ, TJ, and HB regions from 2000 to 2020. Overall, the evolution of the
UHII class in the BTH region is characterized by a gradual shrinkage of the L1 (weak,
2–4 k) region and gradual expansions of the L2 (medium, 4–6 k) and L3 (strong, >6 k)
regions, with the L2 region expanding at a faster rate. On an interannual scale, the regions
of UHII enhancement were larger during the day than at night. During the daytime, the
area covered by BTH region L1 decreased by 53.4%, while the areas occupied by L2 and
L3 increased by 35.4% and 18%, respectively. At night, the area covered by BTH area L1
decreased by 17.8%, while the areas occupied by L2 and L3 increased by 14% and 3.8%,
respectively. However, it is worth noting that at night, TJ exhibits a larger proportion of
L3 regions compared to the other municipalities, suggesting that TJ has a higher degree of
thermal conduction at night, and the thermal comfort experience of the residents would be
reduced (Figure 13).
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During the summer months, the BTH regions with increased UHII were similarly
greater during the day than at night, and the degree of heat stress would be higher. During
the day, the L1 region decreased by 45.9%, and the L2 and L3 regions increased by 26.7%
and 19.2%, respectively. In contrast, at night, the L1 region decreased by 35.7%, and the L2
and L3 regions increased by 30.6% and 5.2%, respectively. Notably, by 2020, the L3 region
reached 40.3% and 32.3% in BJ and TJ, respectively, as well as 21% in the HB region, which
indicates that the region of high-intensity heat stress expanded during the daytime in the
summer, especially from 2010 to 2020 (Figure 14).

During the winter months, changes in UHII within the BTH region varied considerably
between daytime and nighttime. During the daytime, the L1 coverage area was shrinking,
while the L2 and L3 coverage areas were expanding; however, during nighttime, the
proportion of UHII in each class remained essentially unchanged. Specifically, during
the day, the L1 area contracted by 21.1%, and the L2 and L3 areas expanded by 6.2% and
15%, respectively, which are relatively small changes compared to those observed in the
interannual and summer periods. However, it is worth noting that, within BJ and TJ, the
L1 region is very highly weighted. In the territory of HB, the L1 region is smaller, but the
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L3 region has a higher share, reaching 30.9% in 2020. However, at night, changes in the
L1, L2, and L3 regions are all relatively stable. It should be noted that the share of the L3
region in TJ is relatively high compared to in other cities, which suggests that we should
pay attention to the degree of thermal stress in TJ at night during the winter (Figure 15).
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Figure 14. Changes in the percentage of each class of UHII and the total area of the UHI in summer
from 2000 to 2020: (a) BTH daytime; (b) BJ daytime; (c) TJ daytime; (d) HB daytime; (e) BTH nighttime;
(f) BJ nighttime; (g) TJ nighttime; and (h) HB nighttime. Percentage stacked plots indicate the share
of each class of UHII, and curve plots indicate the change in total area of the UHI.
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Figure 15. Changes in the percentage of each class of UHII and the total area of the UHI in winter from
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The trends regarding total diurnal UHI area in BTH were similar interannually, in
summer, and in winter, showing overall increasing trends, but decreasing trends from 2005
to 2010, and then increases in total area from 2010 to 2015—the same trend described above
for BJ, TJ, and HB, specifically. It is also important to note that the total area of UHI in BJ
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was consistently decreasing during the summer and winter months of 2000–2010. In BTH,
although there is a higher proportion of high-grade areas in UHII during the daytime than
at night, the total area of UHI at night is larger than during the daytime, and the same result
is also true, specifically for BJ, TJ, and HB, indicating that the BTH region is less impacted
by the heat island effect during the day than at night, but the degree of heat stress is higher
during the day; likewise, at night, the area impacted by the heat island effect is larger than
that affected during the day, but the degree of heat stress is lower at night.

3.7. Factor Detection and Interaction Detection Analysis for OPGD
3.7.1. Single-Factor Effects of Drivers on UHI

Figures 16–18 show the results of factor probes for the impact of drivers on the UHI
from 2000 to 2020. In BTH, the drivers are sorted according to the magnitude of the q-value,
AOD > POP > GDP > RS > NTL > NDVI in the daytime, and AOD > RS > POP > GDP
> NTL > NDVI during the nighttime. Based on the magnitudes of the q-values, it can
be determined that AOD, RS, POP, and GDP are the dominant factors. However, in BJ,
TJ, and HB, different detection results were obtained. In HB, the factor detections were
largely consistent with those from BTH, which is to be expected since HB occupies most
of the BTH region. In BJ, during the daytime, the influences of NDVI and NTL on the
UHI were significantly enhanced, in the order of AOD > NDVI > NTL > POP > GDP > RS.
However, during the nighttime, the influences of NDVI and NTL were significantly reduced
in comparison to those in the daytime; instead, the role of RS was enhanced, in the order of
AOD > POP > GDP > RS > NTL > NDVI. The q-values of all drivers in TJ were very close
to each other, and the dominant factors were not distinguished (Figure 16). We speculate
that this may be due to the particular geographic location of Tianjin, which is close to the
coastline, and that the interaction between sea and land differentiates the factor detection
results from those of other regions.
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Figure 16. Factor detection analyses of the impacts of drivers on the UHI from 2000 to 2020: (a) BTH
daytime; (b) BJ daytime; (c) TJ daytime; (d) HB daytime; (e) BTH nighttime; (f) BJ nighttime; (g) TJ
nighttime; and (h) HB nighttime. All results passed the significance test (ρ < 0.001).

In summer, the influences of daytime drivers on the UHI in BTH varied compared
to those during the interannual period, with a relatively large increase in the influence of
NDVI, in the order of NDVI > AOD > POP > GDP > RS > NTL, with the dominant factors
being AOD, NDVI, POP, and GDP. During the nighttime, the influences of the drivers on
the UHI were essentially constant compared with those of the interannual period. Similarly,
the factor detections for HB were largely consistent with those for BTH, while the detections
for BJ and TJ were largely consistent with those of the interannual periods.
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nonlinear enhancements: only NDVI ∩ RS during the daytime, and NDVI ∩ NTL, NDVI ∩ 
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interactions with other factors; meanwhile, during the nighttime, AOD or RS had the 
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differences in the results of interaction detection. In BJ, all interactions were bi-
enhancements; in the daytime, AOD or RS interacted most strongly with other factors; at 
nighttime, AOD interacted most strongly with other factors. In TJ, during the day, only 
AOD ∩ NDVI, NDVI ∩ NTL, and NTL ∩ POP were bi-enhancements; at night, the 
interactions of AOD and RS with other factors showed nonlinear enhancements. In HB, 
only NDVI ∩ RS and NDVI ∩ NTL were nonlinear enhancements, during daytime and 

Figure 17. Factor detection analyses of the impacts of drivers on the UHI in the summers from 2000
to 2020: (a) BTH daytime; (b) BJ daytime; (c) TJ daytime; (d) HB daytime; (e) BTH nighttime; (f) BJ
nighttime; (g) TJ nighttime; and (h) HB nighttime. All results passed the significance test (ρ < 0.001).
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Figure 18. Factor detection analyses of the impacts of drivers on the UHI in winter from 2000 to 2020:
(a) BTH daytime; (b) BJ daytime; (c) TJ daytime; (d) HB daytime; (e) BTH nighttime; (f) BJ nighttime;
(g) TJ nighttime; and (h) HB nighttime. All results passed the significance test (ρ < 0.001).

In winter, the factor detections of BTH, TJ, and HB were largely consistent with those
of the interannual period, but there were differences in the detections for BJ, the main
manifestation of which is that, during the daytime, the influence of NDVI on UHI exhibited
a relatively large decrease, in the order of AOD > POP > GDP > NTL > RS > NDVI, and all
the drivers can be regarded as dominant factors.

3.7.2. Double-Factor Interaction Effect of Drivers on UHI

Figures 19–21 illustrate the results of the two-way interactions of the effects of drivers
on the UHI, with all of the factor interactions being augmented effects (bi- or nonlinear
enhancements); however, the results of the interactions can differ significantly across time
and regions. Interannually, in BTH, only the interactions of NDVI with other factors
were nonlinear enhancements: only NDVI ∩ RS during the daytime, and NDVI ∩ NTL,
NDVI ∩ POP, and NDVI ∩ GDP during the nighttime. During the daytime, AOD had
the strongest interactions with other factors; meanwhile, during the nighttime, AOD
or RS had the strongest interactions with other factors. In BJ, TJ, and HB, there were
significant differences in the results of interaction detection. In BJ, all interactions were
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bi-enhancements; in the daytime, AOD or RS interacted most strongly with other factors;
at nighttime, AOD interacted most strongly with other factors. In TJ, during the day,
only AOD ∩ NDVI, NDVI ∩ NTL, and NTL ∩ POP were bi-enhancements; at night, the
interactions of AOD and RS with other factors showed nonlinear enhancements. In HB,
only NDVI ∩ RS and NDVI ∩ NTL were nonlinear enhancements, during daytime and
nighttime, respectively. During the day, AOD exhibited the strongest interactions with
other factors; at night, AOD or RS showed the strongest interactions with other factors.
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Figure 19. Interaction detection analyses of the impacts of drivers on the UHI, from 2000 to 2020:
(a) BTH daytime; (b) BJ daytime; (c) TJ daytime; (d) HB daytime; (e) BTH nighttime; (f) BJ nighttime;
(g) TJ nighttime; and (h) HB nighttime. NE denotes nonlinear enhancement; no labeling denotes
bi-enhancement. All results passed the significance test (ρ < 0.001).
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nighttime; (g) TJ nighttime; and (h) HB nighttime. NE denotes nonlinear enhancement; no labeling
denotes bi-enhancement. All results passed the significance test (ρ < 0.001).
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nighttime; (g) TJ nighttime; and (h) HB nighttime. NE denotes nonlinear enhancement; no labeling
denotes bi-enhancement. All results passed the significance test (ρ < 0.001).

During the summer, all interaction detections resulted in bi-enhancements in BTH,
BJ, and HB. In the daytime, the interactions between NDVI and other factors were the
strongest; at nighttime, the interactions between AOD and other factors were the strongest.
However, in TJ, during the day, AOD ∩ RS, AOD ∩ POP, AOD ∩ GDP, RS ∩ NDVI, RS ∩
NTL, RS ∩ POP, RS∩GDP, and POP ∩ GDP exhibited nonlinear enhancements; at night,
AOD ∩ NDVI, AOD ∩ RS, AOD ∩ NTL, AOD ∩ POP, AOD ∩ GDP, RS ∩ NDVI, RS ∩ NTL,
RS ∩ POP, and RS ∩ GDP showed nonlinear enhancements.

During the winter, in both BTH and HB, only NDVI ∩ NTL showed a nonlinear
enhancement, both during daytime and at nighttime, with AOD having the strongest
interactions with other factors. In BJ, the interactions of the daytime drivers were all bi-
enhancements, with AOD interacting the most strongly with the other factors. At night,
NDVI∩AOD and NDVI∩RS were nonlinear enhancements, while the other interactions
were bi-enhancements. In TJ, during the day, NTL ∩ AOD, NTL ∩ NDVI, POP ∩ AOD,
POP ∩ NDVI, POP ∩ NTL, GDP ∩ NDVI, GDP ∩ NTL, and GDP ∩ POP were nonlinear
enhancements, and the interactions of AOD or NDVI with other factors were the strongest.
At night, AOD ∩ POP, AOD ∩ GDP, RS ∩ NDVI, RS ∩ NTL, RS ∩ POP, RS ∩ GDP, and POP
∩ GDP were nonlinear enhancements, and NDVI showed the strongest interactions with
other factors.

4. Discussion
4.1. Trend Analyses of LST and RLST Evolution

The results of the volatility analyses of LST and RLST are significantly different in
that LST exhibits low volatility in all regions (CV < 0.05), while RLST does not show
higher volatility (CV > 0.05) in any of the studied regions aside from in CD and ZJK
(Figures 3 and 4). It is obvious that the changes in LST in BTH are relatively stable, but the
changes in RLST are very unstable, which also indicates that there is a significant difference
between changes in LST and in background LST (suburban and rural). The prolonged
effect of this difference is such that RLST shows an increasing trend in most of the BTH
agglomeration (except in CD and ZJK) (Figure 6) and will continue to increase in the future
if steps are not taken to control it (Figure 8). It is imperative that action should be taken
to intervene; otherwise, this trend will continue to exacerbate the UHI in these areas and
reduce the livability of the cities. CD and ZJK are largely unaffected by the UHI effect,
which may be very much related to their altitudes and land-use/-cover types, with CD
averaging 350 m above sea level, and ZJK averaging 1203 m above sea level; both areas also



Remote Sens. 2024, 16, 2601 24 of 31

encompass relatively large amounts of croplands, grasslands, and forests (Figure 1). These
land-cover types have better cooling effects, which can effectively reduce LST and mitigate
the heat island effect, in addition to the ecological grassland construction and protection
measures implemented in the two areas [76].

Using the spatial statistical tools of clustering and outlier analysis to analyze the UHII,
it is determined that the UHII high-value clustering area in the BTH region continued to
expand during the period from 2000 to 2020 (Figures 9–11), which indicates that the scope
of influence of the high-intensity heat island effect is increasing, and that more people will
be affected by higher-intensity UHIs. At the same time, the spatial distributions of UHII
high-value clusters during the daytime and at nighttime exhibit significant differences.
Specifically, during the daytime, the UHII high-value clusters break through the original
urban administrative boundaries, the distribution of the UHI effect is no longer manifested
in the traditional “island” pattern of the built-up area of the city, and the high-temperature
areas are gradually connected. Thus, not only will the urban area be affected by the heat
island effect, but the suburbs and even the rural areas will also be impacted, forming the
“high-temperature agglomeration area” centered on “BJ-TJ-LF” and “SJZ-XT-HD”, which
was previously considered to be the “high-temperature agglomeration area”, as verified in
previous studies [17,26]. However, at night, the clustering of high UHII values is mainly
distributed in the built-up urban area, which indicates that the high-intensity heat island
effect is still mainly distributed in the urban area at night, but the phenomenon of high
UHII value clustering still occurs in HD and XT. This phenomenon of the heat island
effect breaking through the urban boundary aggregation within urban agglomerations
is known as the RHI effect, a concept pioneered by Yu et al. in 2019 [19], which pays
more attention to the interactions of the heat island effect among cities within urban
agglomerations, emphasizing the study of the UHI aggregation phenomenon generated by
urban agglomerations as a whole [17]. Cities and rural areas are not independent, and their
development is a dynamic and continuous process; thus, with the rapid development of
the regional economy, the distance between cities continues to shorten, the regional energy
and material flow between cities grows closer [26], the traditionally isolated UHI from the
urban core area spreads to the suburbs and rural areas, and eventually, the UHIs gradually
converge to form an RHI. The construction and development of urban agglomerations not
only tightens economic connectivity and the flow of human circulation, but also connects
the originally isolated UHI, thus changing the thermal environment in suburban and rural
areas. This issue demonstrates that, when studying the regional thermal environment, we
can no longer focus on the morphology and layout of a city alone, but we should start from
the perspective of the urban agglomeration as a whole, as well as consider the synergistic
development of cities within the urban agglomeration when formulating relevant policies.

We recorded the changes in the total area of diurnal and nocturnal UHI in the BTH,
BJ, TJ, and HB regions from 2000 to 2020 and calculated the CIs of the three UHII classes
in each studied year, determining that the total area of the UHI at night was larger than
that during the daytime, but that the area affected by the middle (L2: 4–6 k) and high (L3:
>6 k) classes of UHII during the daytime was larger than that noted during the nighttime
(Figures 13–15). This suggests that the area impacted by the heat island effect is more
extensive at night, but the high-intensity heat island effect is more extensive during the
day. Combined with Figures 9–11, it can be observed that the high-intensity heat island at
night is mainly concentrated in the urban built-up areas, while, in addition to the built-up
areas, the suburbs and rural areas are also affected by the medium- and high-intensity UHI
present during the daytime. This phenomenon may occur because during the daytime,
the urban impermeable layer absorbs more solar radiation due to low albedo, while the
natural surface possesses high albedo and absorbs relatively less energy, and at night, the
man-made surface releases more heat, resulting in the phenomenon of high values of UHII
clustering in the built-up areas of the city [45,50]. Although the total area of the UHI in
the BTH region was generally on an upward trend from 2000 to 2020, the total area of the
UHI decreased from 2005 to 2010, which we believe may be related to the BTH ecosystem’s
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joint prevention and control activities during the Beijing 2008 Olympic Games, but after the
short-term joint management was over, the total area of the UHI from 2010 onwards again
continued to rise, which also indicates that ecosystem management requires the adoption
of a long-term regional joint prevention and control mechanism.

4.2. Impact of UHI Drivers from 2000 to 2020

The results from the factor probes of the potential drivers of the UHI effect in the BTH
region show that the dominant factors are constant over the period from 2000 to 2020, as
AOD, RS, POP, and GDP are significant regardless of day and night conditions. Specifically,
for BJ, TJ, and HB, depending on the size of the q-value, the dominant factors change,
and the factors selected in BJ and TJ can be regarded as the dominant factors, whereas the
dominant factors in HB and BTH are consistent with the results for BTH, which may be
because HB occupies a larger part of the BTH region (Figures 16–18). The mechanisms of
impact from natural and socioeconomic factors on LST are different, but both have signifi-
cant effects on the UHI [27]. AOD is a key physical quantity characterizing the degree of
atmospheric turbidity, and the increase in anthropogenic aerosols is closely associated with
air pollution [41,42]. Both UHIs and air pollution are serious urban problems; meanwhile,
they interact with each other, which seriously affects the livability of the city [32,41]. In the
BTH region, AOD has always had a strong influence on the UHI effect, which suggests that
we should continuously strengthen the prevention and control of air pollution, especially
regarding the treatment of anthropogenic aerosol emissions. Vegetation offers good cooling
effects [19], especially during the daytime, when it can absorb a large amount of solar radi-
ation and through its own transpiration and shading effects, effectively inhibit increases
in LST [77,78]. In summer, especially during the daytime, the factor detection results for
NDVI also indicate that vegetation has a greater effect on UHIs.

Surfaces made of different materials have different albedos, and man-made surfaces
can absorb more solar radiation compared to natural surfaces, which is a major factor
contributing to the heat island effect [36,37]. Impervious layers can absorb a significant
amount of solar radiation during the daytime, and then at night, when the solar radiation
disappears and the surface begins to dissipate heat, man-made surfaces will release more
heat than natural surfaces, which will exacerbate the heat island effect at night. Reasonable
urban naturalization, orderly expansion of built-up areas, and increases in the coverage of
urban vegetation can effectively mitigate the negative impacts of the UHI effect. Natural
elements generally affect UHIs by directly or indirectly altering solar radiation, but socioe-
conomic elements are able to affect them through anthropogenic heat, while altering solar
radiation [27].

NTL denotes the brightness of lights at night, which can reflect the population density,
as well as the intensity of industry, especially in areas with the highest brightness levels at
night, which are likely to represent industrial parks [79]; they also consume large amounts
of energy and generate heat during the daytime, resulting in higher urban temperatures
that are more evident in areas with higher population density and industrial development,
such as BJ and TJ. Population density can indirectly reflect the degree of development in
the region, as well as the complexity of the urban form [27]; the concentration of the popu-
lation will intensify the expansion of the built-up area and the transformation of natural
surfaces to man-made surfaces, which also implies an increase in energy consumption
and anthropogenic heat emissions. Energy consumption is indispensable for economic
development, and there are significant positive correlations between population size and
economic output and electricity consumption [27], especially in more developed industrial
areas, where socioeconomic activities consume energy, while directly (metabolic heating) or
indirectly (anthropogenic heat emissions) increasing the local LST [79]. Our factor probes
in the BTH region also indicate that POP and GDP are dominant factors influencing the
heat island effect.

Figures 19–21 show the results of factor interaction detection for the mean values
of the drivers in BTH from 2000 to 2020; in the TJ region, the interactions exhibit more
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nonlinear enhancements, specifically the interactions between AOD and RS and other
factors, which will exacerbate the impacts on the UHI. In other regions, however, the
interactions between the factors are bi-enhancements, which we suggest may be because
TJ is a city near the sea, and the interaction between the sea and the land complicates the
intrinsic mechanism of the UHI effect [27]; this also shows that we should focus on the
prevention and control of air pollution and the rational planning of the urban structure in
this region. In addition, we calculated the results of interaction detection among the drivers
in 2000, 2005, 2010, 2015, and 2020 (Figures S10–S15) and found that as bi-enhancements,
they remained stable; however, the interactions between NDVI and other factors changed
from bi-enhancements to nonlinear enhancements during the nighttime in winter between
2005 and 2010, which indicated that the impact of the interactions between NDVI and
other factors on the UHI effect was intensifying, possibly related to the joint ecological and
environmental management activities carried out in the BTH region during the Beijing 2008
Olympic Games, which improved the vegetation cover in the BTH area during these years.

4.3. Impact of Drivers on UHI in Built-Up Areas

Due to the continuous development of urban agglomerations, the cities within the
agglomerations are more closely connected, becoming closer to each other, and the material
and energy flows between the cities have led to the gradual development of the originally
isolated UHI into an RHI [17,19,26]. Therefore, the results presented in Figures 19–21
contain not only urban areas, but also suburban and rural areas affected by the heat
island effect. To explore the impacts from urban regions, we screened out the data from
urban built-up areas and conducted two-factor interaction detection analyses of the drivers
separately (Figures S16–S18). It was found that, compared with the overall region, some of
the interactions between NDVI and other factors would change from bi-enhancements to
nonlinear enhancements in the built-up areas of BTH and HB, suggesting that the coupling
of vegetation and other factors had a stronger impact on the UHI effect than individual
factors in some urban built-up areas of HB, which once again demonstrates the importance
of rationally planning the urban structure and enhancing the vegetation cover. The results
for the built-up areas of BJ and TJ are consistent with the results of the overall region,
which may be because these two municipalities have higher urbanization rates, larger built-
up areas, and denser populations compared to the cities in HB, which makes their RHI
phenomenon more significant. In addition, by comparing the factor interaction detection
results of the urban built-up area and the whole region, combined with the results of
UHII clustering and outlier analysis (Section 4.4), we found that, from 2000 to 2020, the
heat island management of the BTH urban agglomeration was gradually forming an RHI
centered on “BJ–TJ–LF” and “SJZ–XT–HD”. Therefore, we believe that the governance of
heat islands in the BTH urban agglomeration can no longer adopt the strategy of individual
governance in each city, but should formulate and implement the policy of joint governance
of the BTH ecosystem from the perspective of the urban agglomeration, and coordinate
this change, shifting from the governance of the UHI to the governance of the RHI.

4.4. Policy for Mitigating the UHI in BTH

The heat island effect in the BTH region is gradually evolving from UHIs to an RHI,
and strategies for mitigating the UHI effect should be developed by integrating urban
characteristics from the perspective of the urban agglomeration as a whole. Forests and
grasslands can regulate local climate patterns, and it is important to continue to adhere to
the grassland ecological construction and protection measures implemented in ZJK and
CD [76], as well as to strengthen the protection of forest ecosystems, which can mitigate the
heat island effect from the surrounding cities, to a certain extent. Combining the results of
the UHI driver factor and interaction detection, we suggest strengthening the management
of air pollution to attenuate its enhancement effect on UHII, strengthening the supervision
of related sewage enterprises, and reducing anthropogenic pollutant emissions. We also
recommend reasonable urban planning, less disorderly expansion of impermeable layers,
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and increased vegetation coverage in built-up areas. For areas with higher urbanization
rates and more developed industries in BJ and TJ, it is necessary to optimize the urban,
industrial, and energy structures, as the increasing concentration of the urban population
will increase energy consumption and release more heat [27], and the process of the “rural
revitalization” strategy should be accelerated to liberate the rural labor force and relieve
the pressure on the urban population.

4.5. Limitations and Future Research

In this study, we analyzed the trends of LST and RLST in a long-term time series of
BTH urban agglomeration from multiple perspectives, as well as the factor detection and
interaction detection of UHI drivers, but there are still some limitations that need to be
improved upon in future work. Firstly, there are multiple spatial resolutions of the data we
selected, and some of them have lower accuracy (1 km and 10 km); in addition, due to some
data missing for 2020, we employed the data closest to that for 2020 instead. Secondly, we
analyzed the results of factor detection and interaction detection for BTH, BJ, TJ, and HB,
which will allow us to study each prefecture-level city within the BTH urban agglomeration
more specifically in the future. Moreover, we selected only six drivers, including natural
factors (AOD, NDVI, and RS) and socioeconomic factors (NTL, POP, and GDP), and more
drivers can be included in future studies for a more comprehensive understanding of the
intrinsic mechanisms of the heat island effect. Finally, the factor detectors we used did
not identify the impact of the directions of influence (positive or negative effect) for the
drivers on the UHI effect, and the interaction detectors could only identify the results
of interactions between two factors, and not interactions among three or more factors.
Examining the higher-order interactions among the drivers could provide a more nuanced
understanding of the intrinsic mechanisms behind UHI formation.

5. Conclusions

In this study, using the BTH urban agglomeration as the study area, the impact of
the long-term time series evolution of LST and RLST on the image metric scale from 2000
to 2020 was analyzed for volatility, trend significance, and trend sustainability using CV,
Sen+MK, and Sen+Hurst; Anselin Local Moran I and SDE analyses were used to study the
UHII high- and low-value clusters in the spatial distribution, spatial distribution range,
and distribution direction evolution; CIs were calculated to analyze the evolution of heat
stress levels; and the OPGD was used to measure the one- and two-way interaction effects
of the drivers on the UHI effect; the main conclusions can be summarized as follows:

(1) The LST change exhibited low volatility, and the RLST change was more volatile,
but there was no volatility in the RLST changes in ZJK or CD. During the daytime,
LST does not decrease significantly in ZJK and CD, but increases significantly in
other regions (|Z| ≥ 1.96); during the nighttime, LST increases very significantly
interannually and in the summer (|Z| ≥ 2.58). RLST is essentially unchanged in ZJK
and CD. During winter nights, RLST declined significantly in some regions of LF, TJ,
CZ, SJZ, and XT, and increased significantly in some regions of QHD, TS, BJ, BD, HS,
HD, and SJZ. In the other scenarios, it rose significantly in most regions (|Z| ≥ 1.96).
Daytime LST trends changed from decreasing to increasing in most regions of ZJK and
CD; meanwhile, in summer and winter, most of the other regions switched from rising
to falling trends, while for still more regions, they continued to rise interannually.
Nighttime LST trends continued to rise in most regions during the interannual and
summer months, but BTH largely switched from a rising to a falling trend during the
winter months. RLST trends switched from falling to rising in most regions of ZJK
and CD; meanwhile, nighttime RLST trends went from falling to rising in parts of
LF, TJ, CZ, SJZ, and XT during the winter months, and most of the region went from
rising to falling trends in the other scenarios.

(2) During the daytime, the UHI gradually formed a high-value clustering area centered
on “BJ–TJ–LF” and “SJZ–XT–HD”, while at night, the high-value clusters of the UHI
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were mainly distributed in the built-up areas of the city. At the same time, the heat
island effect in the BTH urban agglomeration gradually changed from that of a UHIs
to an RHI, and the direction of the spatial distribution range of the UHI changed
greatly during the daytime in summer.

(3) The total UHI area showed an increasing trend from 2000 to 2020, but decreased from
2005 to 2010. More recently, the degree of heat stress is increasing, the share of the L1
area is gradually decreasing, and the shares of the L2 and L3 areas are increasing.

(4) In BTH and HB, AOD, RS, POP, and GDP were the dominant factors impacting the
UHI effect; however, in BJ and TJ, all factors affected it. In BTH, BJ, and TJ, the inter-
action detection results were largely bi-enhancements, while in TJ, the results were
dominated by nonlinear enhancements. The effects of separate driver interactions on
the UHI in the built-up areas are largely consistent with the results for the region as
a whole.

In this study, by detecting and analyzing the long-term time series thermal environ-
ment evolution trend and its related drivers, we provide a deeper understanding of the
intrinsic mechanisms behind UHI formation and evolution, which can provide scientific
guidance for the management planning of the BTH urban agglomeration.
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