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Abstract: Compared with atmospheric urban heat islands, surface urban heat islands
(SUHIs) are easily monitored by the thermal sensors on satellites and have a more stable
spatial pattern resembling the urban and built-up lands across single cities, large metropoli-
tans, and urban agglomerations; hence, they are gaining more attention from scholars and
urban planners worldwide in the search for reasonable urban spatial patterns and scales
to guide future urban development. Traditional urban–rural dichotomies, being sensitive
to the representative urban and rural areas and the diurnal and seasonal variations in the
land surface temperature (LST), obtain inflated and varying SUHI spatial footprints of
approximately 1.0–6.5 times the urban size from different satellite-retrieved LST datasets
in many cities and metropolitan areas, which are not conducive to urban planners in de-
veloping reasonable strategies to mitigate SUHIs. Taking the Yangtze River Delta urban
agglomeration of China as an example, we proposed an improved structural similarity
index to quantify more reasonable spatial patterns and footprints of SUHIs from multiple
LST datasets at an annual interval. We identified gridded LST anomalies (LSTAs) related to
urbanization by adopting random forest models with climate, urbanization, geographical,
biophysical, and topographical parameters. Using a structural similarity index of the LSTA
annual cycle at a grid point relative to the urban reference LSTA annual cycle in terms of
average values, variances, and shapes to characterize the SUHIs, cross-validated SUHI
footprints ~1.06–2.45 × 104 km2 smaller than the urban size and clear transition zones
between urban areas and the SUHI zone were obtained from multiple LST datasets for
2000–2022. Hence, urban planners can balance urbanization’s benefits with the adverse
effects of SUHIs by enhancing the transition zone between urban areas and the SUHI zone
in future urban design. Considering that urban areas rapidly transformed into SUHIs, with
the ratio of the SUHI extent to the urban size increasing from 0.43 to 0.62 during 2000–2022,
urban planners should also take measures to prevent the rapid expansion of high-density
urban areas with an ISA density above 65% in future urban development.

Keywords: Yangtze River Delta; surface urban heat islands; land surface temperature;
structural similarity index; MODIS
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1. Introduction
Urban heat islands (UHIs) refer to the phenomena of higher surface and air temperatures

in urban centers than in their adjacent rural areas [1,2], and they are defined differently
depending on the layers in which the highest temperatures are recorded, namely, surface
UHIs (SUHIs), canopy-layer UHIs (CUHIs), and boundary-layer UHIs (BLUHIs) [3–5]. The
intensity and spatial scales of CUHIs and BLUHIs are generally quantified by the urban–
rural contrast in air temperature and the temperature cliffs from urban to rural areas, and
they strongly vary with the weather and climate conditions and human activities at various
spatiotemporal scales [6]. SUHIs primarily arise from thermal differences between urban and
other land covers and show a relatively stable spatial pattern resembling built-up land covers
across single cities, large metropolitans, and urban agglomerations [7–10]. The SUHI intensity
is quantified by the urban–rural difference in buffer-averaged land surface temperatures (LSTs)
from high-density ground stations or thermal sensors on satellites. Urban agglomerations
and metropolitan areas have gradually become the primary forms of urbanization in many
developing countries in recent years [11], and their rapid expansion has brought increasingly
severe threats to the ecological environment [12]. In China, regional-level SUHIs generated by
the development of high-speed urbanization have become one of the major problems affecting
the urban eco-environment in the urban agglomerations of Beijing–Tianjin–Hebei, the Yangtze
River Delta, and the Guangdong–Hong Kong–Macao Greater Bay Area [13–19]. Given the
more stable spatial patterns resembling built-up land covers relative to CUHIs and BLUHIs
and the advantage of being easily monitored by thermal sensors on satellites [20], scholars
and urban planners have paid more attention to SUHIs and strive to search for reasonable
urban spatial patterns and scales to balance the benefits of urbanization and SUHI-related
environmental degradation in planning future urban development [21].

The urban–rural dichotomy is most frequently used to quantify the intensity and foot-
print of SUHIs from satellite-retrieved LST datasets. A breakpoint of the buffer-averaged
SUHI intensity from an urban center to its rural surroundings is assumed to exist. Urban
areas with an SUHI intensity higher than the breakpoint value are then identified as the
footprint of SUHIs [22–24]. The difficulty with this method is determining the extent of
the rural background according to the distance from the urban center, topography, imper-
vious surface area (ISA), urban boundary, land use, and vegetation cover [25,26], leading
to strongly varying SUHI intensities and inflated SUHI spatial footprints of approximately
1.0–6.5 times the urban size from various data sources in many cities and metropolitan
areas worldwide [22,27–30]. Ambiguous definitions of urban and rural areas and the pre-
defined models used to quantify SUHIs are mainly responsible for the varying intensities
and inflated footprints of SUHIs [31–33]. For instance, using nearby suburban areas as the
reference background led to an underestimation of the SUHI intensity of approximately
1.48 ◦C, whereas ignoring the effects of elevation and water bodies on the selection of rural
areas led to an SUHI intensity overestimated by 1.68 ◦C in 31 provincial capital cities of
China [34]. Satellite-retrieved LSTs and land use covers overcome many of the limitations
of in situ measurements in providing accessibility, broader coverage, and repeat observa-
tions, and they have been widely used to investigate the regional-level SUHIs over urban
agglomerations [20,21,35–40]. Following the 1 km × 1 km satellite-retrieved land surface
temperature (LST) data, many studies have identified urban and built-up areas by applying
a 1 km × 1 km sliding window to the 30 m × 30 m or 10 m × 10 m impervious surface area
(ISA) data from Landsat TM/ETM or Sentinel-2 and divided urban and surrounding areas
into urban (ISA density greater than 50%), suburban (ISA density range of 10–50%), and
rural areas (ISA density less than 10%) [5,41–43]. However, using the 50% ISA threshold to
identify urban areas can result in underestimating the urban extent and inflating the ratio of
the SUHI footprint to the urban size. Moreover, the integration of the urban–rural dichotomy
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with machine learning algorithms, such as the two-dimensional Gaussian, random forest
(RF), cubist regression, and support vector machine algorithms, has yielded varying SUHI
footprints of approximately 2.3–3.9, 1.3–2.5, 1.5–2.0, and 1.0–6.5 times the urban size based
on the LST data of the Moderate Resolution Imaging Spectroradiometer (MODIS) sensors
onboard the Terra and Aqua satellites in many urban agglomerations [6,29,44–46]. Urban
planners require sufficiently stable and reliable spatial information on SUHIs that can be
cross-validated among different data sources to guide urban design to mitigate the adverse
effects of SUHIs in rapidly developing metropolitan areas.

Considering the great difficulty in selecting representative urban and rural areas due to
the presence of multiple adjacent high-temperature centers in urban agglomerations [47–49],
more reasonable methods are needed to investigate the relationship between urbanization
and SUHIs as a continuous and dynamic system rather than a rigid dichotomy [50]. The
local climate zone (LCZ) classification system, introduced by Stewart and Oke (2012) [51],
has been adopted to quantify the gridded intensities and spatial information of SUHIs,
yet it relies strongly on the accuracy of the classification of local climate zones [52]. For
instance, the 100 m resolution global LCZ-based classification probabilities in 2019 showed
mean classification probabilities across the globe greater than 50% for all LCZ classes and
the highest classification probability values of ~80% to 100% for LCZs 6, 8, A (“Dense
trees”), and G (“Water”) [53]. Achieving large-scale, temporally continuous, and accurate
LCZ mapping in a long period is another challenge for large areas, as well as the need for
more ground truth data to validate the LCZ classification results [54]. As the relatively
static nature of LCZ maps may hinder the ability to capture interval annual changes in the
footprints of SUHIs, reliable methods for continuously identifying SUHIs over multiple
years or decades are essential for understanding the temporal dynamics of SUHIs and
assessing the effectiveness of mitigation strategies.

When the development of urban agglomerations needs to balance regional economic
growth and environmental degradation, urban designs require adequate high-precision
measurements to quantify the pattern and scale of SUHIs in the mitigation of heat-related
health risks [55]. Defining an SUHI as an additional anomaly on background conditions at
each grid point in an urban agglomeration, we previously proposed a machine learning-
assisted solution to quantifying the gridded intensities and spatial scales of SUHIs in the
Yangtze River Delta urban agglomeration of China (YRDUA) and obtained a varying footprint
that was approximately 38,884–42,328 km2 larger than the urban size for the period of 2003–
2020 from multiple LST datasets [21]. The varying footprint of the SUHIs most likely resulted
from the similarity index IRegM, proposed by Xie et al. in 2022 [20], which ignores the effect
of gridded SUHI intensities on the spatial similarity of LST annual cycles between urban
and other land cover types. Here, we investigated the spatiotemporal footprints of SUHIs
in the YRDUA region from multiple satellite-retrieved LST datasets in 2000–2022. Given
the spatial complexity of regional SUHIs, the gridded intensities of regional SUHIs and
their spatial patterns and extent in urban agglomeration were quantified separately in this
study. Applying the structural similarity (SSIM) index proposed by Wang et al. in 2004 [56],
we improved the estimation of spatial patterns and footprints of regional SUHIs from the
spatial similarity of the annual cycle of LST anomalies (LSTAs) related to urbanizations. The
SSIM index accommodates the average values, variations, and shapes of LSTA annual cycles.
Hence, we identified the LSTAs related to urbanization by adopting RF models with climate,
urbanization, geographical, biophysical, and topographical parameters to provide adequate
information for the SSIM index, rather than first identifying the SUHI zone from the IRegM
index before estimating the gridded SUHI intensities in the SUHI zone [21]. Since 2016,
the concept of an ecological redline has been emphasized in urban development planning
for the YRDUA region to avoid the too-fast expansion of high-density urban areas. We
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further explored the ISA threshold for urban and built-up lands associated with a stable
SUHI phenomenon, aiming to identify the ecological redline control of high-density urban
areas in the YRDUA region. The improved solution generated stable spatial patterns and
cross-validated SUHI footprints smaller than the corresponding urban sizes from multiple
data sources in the YRDUA region during 2000–2022. The solution will enable decision-
makers and urban planners to search for more reasonable spatial patterns and scales of SUHs
to balance urbanization’s benefits and the damage to the eco-environment by enhancing the
transition zone between urban areas and the SUHI zone in future urban development.

2. Materials and Methods
The YRDUA is located along the Western Pacific coast in eastern China and borders

Hangzhou Bay to the south. It encompasses the Shanghai metropolitan area, southern
Jiangsu province, and northern Zhejiang province, within the coordinates [117.5◦–123◦E,
28.5◦–33.7◦N]. According to the MCD12Q1 data with an International Geosphere–Biosphere
Program (IGBP) classification scheme, the main land cover types are cropland, forest, water
bodies, and urban and built-up lands in the YRDUA region (Figure 1a), in which spatially
continuous large cities with an ISA area exceeding 100 km2 are identified as representative
areas having notable SUHI effects [20].

Figure 1. Spatial distribution of the five dominant land use types from the MCD12Q1 data in 2022
(a); the TRIMS Aqua LSTA on days 255 and 25, 2022 (b,c); and the LSTA annual cycles of forests,
cropland, towns, and middle and large cities in 2000–2022 (d).

2.1. Data Sources and Preprocessing

Among the currently available all-weather and gap-free LST products derived from
polar-orbiting and geostationary satellites [57], the daily 1 km TRIMS LST and GF LST
data retrieved from the MODIS sensors onboard the Terra and Aqua satellites have well
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captured the SUHI phenomenon and were used to quantify regional SUHIs in the YRDUA
region for 2000–2022 [58,59]. A 500 m MODIS MCD12Q1 land cover dataset for 2001–2022
and a 30 m annual land cover dataset in China for 2000–2022 (referred to as CLCD data)
were used to extract urban and built-up areas [41,60]. A global 8-day composite fractional
vegetation coverage (FVC) dataset from MODIS and Sentinel-3 data for 2000–2022 and a
suite of global 1 km topographic variables were used to input features into RF models to fit
the 8-day composite MODIS LST data in the YRDUA region [61,62].

All these data are spatially and temporally continuous with no gaps or missing
values. Determined by the data source of the MODIS/LSTs and topographic variables, we
investigated the SUHIs in the YRDUA region at a spatial resolution of 1 km × 1 km with
an 8-day composite. A simple 8-day averaging method was conducted for the daily LST
dataset to fit the 8-day composite FVC products in 2000–2022. The 30 m CLCD ISA data
were up-scaled to 1 km by summarizing the ISA density to the 1 km grid. Finally, all these
gap-free data were re-projected to a latitude–longitude grid at a resolution of 30 arc seconds
(approximately 1 km × 1 km) to generate all variables for training the RF models.

2.2. Estimation of the Local LST Anomaly Related to Urbanization

Instead of the urban–rural dichotomy, the local LST anomaly (LSTAi) related to urban-
ization is calculated as the difference between actual (Ti) and background (TBi) LSTs at grid
point i:

LSTAi = Ti − TBi. (1)

The urban LST background can be estimated using RF models and high-quality satel-
lite data because the LST background depends on the climate, environmental, geographical,
biophysical, and topographical conditions [21]. The seasonally varying biophysical factors
related to SUHIs and the complex terrain, geographical, and environmental conditions are
well quantified by high-quality datasets without gaps and missing values [61,62]. Similar
to the case for the MCD12Q1 land cover data, a 30% ISA threshold was used to identify
non-urban areas in the CLCD ISA data. RF regression is a nonlinear machine learning tech-
nique based on decision trees with a good generalization ability [63], and it was used to fit
LST samples in rural areas with a CLCD ISA proportion below 30% with the geographical,
biophysical, and urbanization input features. Three critical hyper-parameters used in the
RF models—the tree depth (max_depth), the minimum number of samples at a leaf node
(min_sample_count), and the maximum number of trees (ntree)—were first determined
by evaluating the out-of-bag error across the ranges of 5–25, 0.5–3%, and 5–300, respec-
tively, with increments of 1, 0.05%, and 5 during the training. As a result, all RF models
showed a small out-of-bag error for the optimal parameters min_sample_count = 1.05%,
max_depth = 10, and ntree = 200 for the 8-day composite LSTs from the GF Aqua, TR-
MIS Terra, and TRIMS Aqua data in 2000–2022. The detailed procedure for adopting
RF models to estimate the LST background and anomaly at each grid point is described
in Sections 2.4 and 3.2 of our previous work [21]. A brief description is given as follows.

An RF model was first trained by the FVC samples from the non-urban areas with a
CLCD ISA proportion below 30%, using the above-mentioned input features and optimal
hyper-parameters. This model was then used to estimate the vegetation background
FVCbkg without the urban effect (the CLCD ISA was set to zero) at each grid point for each
8-day composite FVC dataset in the YRDUA region during 2000–2022. In the same way,
the non-urban LST samples were used to train another RF model for each 8-day composite
LST during 2000–2022. This RF model was subsequently used to estimate the temperature
background LSTbkg, with the ISA set to zero and the FVC set to FVCbkg at each grid point.
The RF models performed well in fitting rural LSTs, yielding simulation errors of 0.07–0.85,
0.12–1.03, and 0.08–0.95 ◦C for the TRMIS Terra, TRIMS Aqua, and GF Aqua datasets. The
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gridded LSTAs related to urbanization were finally obtained from the difference between
actual and background LSTs (Figure 1b,c).

2.3. Automatically Detecting Each Annual Cycle of the Urban Reference LSTA Series

The LSTA series exhibited 23 annual cycles that are not completely consistent with
the calendar cycles in the period of 2000–2022 (Figure 1d). Characterizing the yearly
footprints of regional SUHIs from the spatial similarity of LSTA annual cycles requires
accurate annual cycles of the urban reference LSTA series. Here, we adopted the AMP peak
detection algorithm proposed by Scholkmann et al. in 2012 to identify each annual cycle in
the urban reference LSTA series for 2000–2022 [64].

Let X = [x1, x2, . . ., xi, . . ., xN] be the samples of the urban reference LSTA series. The
local maxima for each scale k and i = k + 2, . . ., N − k + 1 are expressed as

mk,i =

{
0, xi−1 > xi−k−1 and xi−1 > xi+k−1

1, otherwise
, (2)

γk = ∑N
i=1 mk,i, for k ∈ {1, 2, . . . , N/

2 − 1}. (3)

The global minimum of λ = argmin(γi) represents the scale k with the most local
maxima. All elements mk,i with k > λ are removed from the matrix M = (mk,i), leading to
the new λ × N-matrix Mr = (mk,i), for i ∈ {1, 2, . . . , N} and k ∈ {1, 2, . . . , λ}. Thus, each
peak in the urban LSTA series is identified as a point with σi = 0 in the matrix Mr:

σi =
1

λ− 1∑λ

k=1

[(
mk,i −

1
λ∑λ

k−1 mk,i

)2
]1/2

, for i ∈ {1, 2, . . . , N} (4)

The AMP peak-detecting algorithm (black lines in Figure 1d) detected all troughs that
corresponded to the peaks in the reverse urban reference LSTA series on days 1, 9, 17, 25,
345, and 361.

2.4. Quantifying SUHI Footprints from the Structural Similarity of LSTA Annual Cycles

Figure 1a–c show the intensity, spatial patterns, and extent of regional SUHIs varying
with seasonal variations in solar, vegetation, and climate conditions. The spatial extent
of SUHIs is most likely less than the MCD12Q1 urban size because there is no SUHI
phenomenon in many small cities and towns. Compared with the strong variations in the
intensity, spatial patterns, and extent of seasonal SUHIs [20,21], the information on SUHIs
at the annual scale is more conducive for urban planners to find reasonable urban spatial
patterns and scales to mitigate the adverse effects of SUHIs (Figure 1a–c).

Applying the spatial similarity of the LSTA annual cycle at each grid point to the urban
reference LSTA annual cycle provides an effective solution for characterizing the spatial
features of regional SUHIs in urban agglomerations. This approach is based on distinct
differences in the curve shapes (quantified by the correlation coefficient), average values,
and amplitudes of LSTA annual cycles among large cities, mid-sized cities, towns, cropland,
and forests (Figure 1d). Replacing the IRegM model proposed by Xie et al. (2022) with a
structural similarity index to quantify the similarity of LSTA annual cycles between urban
and other land cover types [20], we further improved the previously proposed solution for
characterizing the regional SUHIs from multiple LST data sources in the YRDUA region.
The structural similarity index SSIM(x, y), defined as the combination of the averaged
values l(x, y), variations c(x, y), and correlation coefficient s(x, y) of two images [56], has
been widely used to quantify the quality of images and videos based on human visual
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perception. Here, it was used to characterize the spatial patterns and footprints of regional
SUHIs at annual intervals.

SSIM(x, y) = l(x, y)·c(x, y)·s(x, y) =
2|µxµy|+ C1

µ2
x + µ2

y + C1
·

2σxσy + C2

σ2
x + σ2

y + C2
·
σxy + C3

σxσy + C3
∈ [−1, 1], (5)

if C3 =
C2

2
, SSIM(x, y) =

(
2|µxµy|+ C1

)(
2σxy + C2

)(
µ2

x + µ2
y + C1

)(
σ2

x + σ2
y + C2

) , (6)

where C1 = (0.01 Lmax)2 and C2 = (0.03 Lmax)2 are small positive values set to avoid unstable
SSIM(x, y) values resulting from (µ2

x + µ2
y

)
= 0 or

(
σ2

x + σ2
y

)
= 0. Lmax is the maximum

of all LSTA values in the YRDUA region during 2000–2022. In particular, when the average
value at a grid point in the LSTA annual cycle was more than the average in the urban
LSTA annual cycle (µx > µy), we adjusted the LSTA annual cycle to the urban LSTA annual
cycle with µx = µy to increase the SSIM index and thus avoid high-LSTA grid points from
being wrongly marked as belonging to rural areas. All SSIM(x, y) values were classified into
five zones—two zones with strong positive or negative values (SSIM ~ ±1.0), two transition
zones with positive/negative correlations, and an uncorrelated zone (SSIM ~ 0)—using a
natural-break algorithm. Ultimately, the zone with high positive SSIM values was taken as the
SUHI zone. The positive SSIM transition zone comprised the background areas surrounding
the SUHI zone. The SUHI intensity at each grid point in the SUHI zone was thus calculated
as the LSTA minus the regional averaged value in background areas.

2.5. Selection of the Optimal Urban LSTA Reference Series Having Stable SUHI Effects

Adopting the SSIM index to quantify regional SUHIs requires reliable urban reference
LSTA samples that accurately represent a stable SUHI phenomenon in the YRDUA region.
Spatially continuous large cities, covering more than 100 km2, had low-density urban and
built-up areas in their peripheral zones, as classified by the MCD12Q1 IGBP urban types at
an ISA density of at least 30% (Figure 1a). During the period of 2000–2022, the peripheral
zones of large cities experienced the largest increase in the yearly LSTA, exceeding 1.5 ◦C,
with the long-term average LSTA being below 1.0 ◦C (Figure 2b,d–f). Conversely, yearly
LSTAs showed a slight decrease of approximately 0.5 ◦C in the urban center of large cities
owing to the implementation of mitigating SUHIs. When selecting LSTA samples in large
cities as urban reference data, the urban centers of large cities were wrongly excluded from
the regional SUHIs, as indicated by the SSIM values lower than 0.83 in Figure 2e. This
exclusion was mainly attributed to the SSIM index reflecting LSTA annual cycles better
within the peripheral areas of large cities than within the urban centers during the period of
2000–2022. Hence, the large cities in the MCD12Q1 urban and built-up areas at a 30% ISA
density did not well represent the urban reference areas with a stable SUHI phenomenon
over the YRDUA region in 2000–2022.

To identify reasonable urban reference LSTA samples exhibiting a stable SUHI phe-
nomenon in the YRDUA region during 2000–2022, we adopted a K-means clustering
method with K = 2–8 to classify long-term average LSTAs that relate to urbanization,
resulting in seven high-LSTA series that served as urban reference data for quantifying
the regional SUHIs. The SSIM-estimated SUHIs progressively covered the corresponding
high-LSTA zone as K increased from 2 to 4 (Figure 2c,e,f). The high-LSTA zone, obtained
from the long-term average LSTA values adopting K-means clustering with K = 4, was
selected as the representative urban area exhibiting a stable SUHI phenomenon.



Remote Sens. 2025, 17, 892 8 of 21

Figure 2. Urban areas from the MCD12Q1 land cover data in 2003, 2013, and 2022 (a); the long-
term averaged LSTA in 2000–2022 (b); the LSTAavg-estimated SUHI zones by applying a K-Means
clustering method at K = 2–8 (c); the LSTA linear increments from the GF Aqua, TRIMS Aqua, and
TRIMS Terra LSTA datasets in 2003–2020 (d–f); and SSIM-estimated SUHI zone from the urban
reference LSTA series of large cities (d) and the high averaged LSTA zone (g–i).

3. Results
3.1. Temporal Variations in the Footprint of SUHIs in the YRDUA Region During 2000–2022

Each grid point classified as part of the SUHIs was identified on the basis that its LSTA
annual cycle significantly resembled the urban reference LSTA annual cycle in terms of
average values, variations, and shapes in the YRDUA region for each year in 2000–2022
(chi-square test, 0.05 significance level). Using the seven urban reference LSTA series
generated from long-term mean LSTAs adopting K-means clustering with K = 2–8, the
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SUHI footprints were found to have consistent linear growth rates of 0.74–0.80 × 104 km2,
0.70–0.94 × 104 km2, and 0.82–0.87 × 104 km2 per decade for the GF Aqua, TRIMS Terra,
and TRIMS Aqua datasets, respectively, in the same period of 2003–2020. Differences in
the SUHI footprints between two adjacent urban reference LSTA series decreased from
1.0 × 104 km2 at K = 2–3 to 0.15 × 104 km2 at K = 4 and were lower than 0.03 × 104 km2 at
K = 5–8 (Figure 3a–c). Barely urban grid points were wrongly excluded from the SUHIs
within the urban reference areas at K >3 (Figure 3d–f). We selected the maximum SUHI
footprint obtained from the urban reference LSTA with K = 4 in the K-means clustering
as the optimal footprint for each year in 2000–2022 (purple lines in Figure 3d–f). These
optimal SUHI footprints were cross-validated among the TRIMS Terra, TRIMS Aqua, and
GF Aqua datasets for the same period of 2003–2020, showing the same linear growth rate
of 0.80 × 104 km2 per decade and consistent ranges of approximately 1.06–2.39 × 104 km2,
1.09–2.44 × 104 km2, and 1.06–2.45 × 104 km2.

Figure 3. Variations in the SSIM-estimated SUHI footprints using the LSTA data of large cities and
the high averaged LSTA zones classified by a K-Means clustering method at K = 2–8 (a–c) and the
non-SUHIs within the urban reference areas (d–f) for the GF Aqua, TRIMS Aqua, and TRIMS Terra
datasets during 2000–2022.

Importantly, the consistent footprints of the SUHIs derived from the TRIMS Terra,
TRIMS Aqua, and GF Aqua datasets were far smaller than the corresponding urban sizes
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indicated by the MCD12Q1 and CLCD datasets at a 30% ISA threshold (Figure 4a), meaning
that urban planners can enhance the transition zone surrounding the SSIM-estimated SUHI
zone in urban areas to mitigate the adverse effects of SUHIs over the YRDUA region in
future urban development.

Figure 4. Temporal variations in the urban areas from the MCD12Q1 and CLCD datasets and the
SUHI areas from the GF Aqua and TRIMS Aqua and Terra datasets (a); the proportion of SUHIs
within the MCD12Q1 (b) and CLCD (c) urban areas; and the spatial footprints of regional SUHIs
from the GF Aqua (d), TRIMS Aqua (e), and TRIMS Terra (f) datasets in the period 2003–2020.

3.2. Spatial Expansions of the SUHIs in the YRDUA Region During 2000–2022

Accurate spatial information on the transition zone between urban areas and the SUHI
zone assists urban planners in developing strategies for mitigating SUHIs. The SSIM-
based method captured similar spatial patterns and consistent footprints of the SUHIs
from the GF Aqua, TRIMS Terra, and TRIMS Aqua datasets in the YRDUA region during
the period of 2003–2020 (Figure 4). The SSIM-estimated SUHIs and the MCD12Q1 and
CLCD urban areas showed linear growths of approximately 0.80 × 104 km2, 0.60 × 104

km2, and 1.30 × 104 km2 per decade, respectively (Figure 4a). In addition, the ratio of
the SSIM-estimated SUHI footprint to the MCD12Q1 urban size increased notably from
43.0% in 2000 to 62.0% in 2022 (Figure 4b). After 2005, this ratio fluctuated approximately
within the range of 54.5–68.2% relative to the CLCD urban size at a 30% ISA threshold
(Figure 4c). Regional SUHIs had a spatial size larger than the CLCD high-density urban and
built-up areas at a 50% ISA threshold (Figure 4a), and they experienced rapid expansion
over mid-sized and large cities, with a footprint less than the urban size derived from the
low-density to high-density MCD12Q1 and CLCD urban and built-up areas at a 30% ISA
threshold (Figure 4d–f). Since the Chinese government implemented a development plan
in 2016 to restrict the rapid expansion of large cities in the YRDUA region, the growth of
SUHIs has shifted from large cities (e.g., Nanjing, Changzhou, Shanghai, and Hangzhou)
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along the Yangtze River and in Hangzhou Bay in 2003–2010 to small- and mid-sized cities
in the middle and northern YRDUA after 2015.

Urban reference areas exhibiting a stable SUHI phenomenon had the highest yearly
LSTA, exceeding 3 ◦C for the GF Aqua and TRIMS Aqua datasets and 2 ◦C for the TRIMS
Terra dataset. The transition zone between the MCD12Q1 urban areas and the SUHI zone
exhibited a relatively weak LSTA lower than 1.5 ◦C for the GF Aqua, TRIMS Aqua, and
TRIMS Terra datasets (Figure 5a,c,e). Importantly, the ratio of the average SUHI footprint
from the three LST data sources to the MCD12Q1 urban size increased monotonically from
0.43 to 0.62 because of rapid urbanization in 2000–2022 (Figure 4b), with there being a
stable transition zone of approximately 1.2 × 104 km2 between the MCD12Q1 urban areas
and SUHI zone, meaning that the YRDUA region experienced worsening SUHIs over
low-density MCD12Q1 urban areas in 2000–2022 (Figure 5b,d,f).

Figure 5. Temporal variations in the yearly LSTA related to urbanization (a,c,e) and the area of
regional SUHIs from the GF Aqua, TRIMS Aqua, and TRIMS Terra datasets, and the transition zones
(b,d,f) between the urban reference areas and MCD12Q1 urban areas and the SUHI zone during
2000–2022.
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3.3. ISA Proportion Threshold of Urban and Built-Up Areas Related to a Stable SUHI Phenomenon

Ecological redline controls in urban and built-up areas should urgently be strength-
ened to prevent urban filling and clustering expansion in many urban agglomerations of
China [65]. An ecological redline to limit the rapid expansion of high-density urban areas
has been emphasized in urban development planning for the YRDUA region since 2016.
We further investigated the ISA threshold of urban and built-up areas related to a stable
SUHI phenomenon to identify the ecological redline control of high-density built-up areas
in the YRDUA region. Following the 1 km × 1 km LST data, we identified urban and
built-up areas with a continuous ISA density by applying a 1 km × 1 km sliding window
to the 30 m × 30 m CLCD ISA data for 2000–2022.

Figure 6a–c show that the footprint of regional SUHIs was notably less than the spatial
extent of urban and built-up areas derived from the CLCD and MCD12Q1 land cover data
at a 30% ISA threshold. Here, using 20 ISA thresholds from 0% to 100% at 5% intervals,
we identified the urban and built-up areas and assessed their relationship with the SUHIs
according to the continuous density of the CLCD ISA data. The spatial extent of SUHIs
expanded more rapidly within the mid- and low-density urban areas (ISA density below
60%) than within the high-density urban areas (ISA density above 60%) during 2000–2022
(lines in Figure 6d–f). The low-density CLCD urban areas experienced a growth rate of
approximately 0.53–0.80 × 104 km2 per decade, whereas high-density urban areas grew
more slowly at a rate of approximately 0.08–0.49 × 104 km2 per decade. Correspondingly,
a stable SUHI proportion above 90% persisted within the high-density urban regions with
an ISA density exceeding 65%, and urban areas with an ISA density below 60% exhibited a
rapidly increasing tendency in SUHI proportion during the period of 2000–2022 (shading in
Figure 6d–f). Therefore, the rapid expansion of SUHIs was mainly located within the mid-
and low-density urban areas with an ISA density below 60%. Furthermore, no specific ISA
threshold accurately captured the spatial size of regional SUHIs equal to the CLCD urban
size in the YRDUA region during 2000–2022, mainly attributed to the strong fluctuations
in the proportion of SUHIs within urban areas at a 25–60% ISA threshold, along with the
high-density urban size being far less than the scale of the SUHIs (shading in Figure 6d–f).
Given a stable SUHI proportion of approximately 90% within the high-density urban areas
during 2000–2022, we recommend an ISA proportion of 65% as the ecological redline of
urbanization to prevent the worsening of SUHIs in the YRDUA region.

3.4. Temporal Variations in SUHI Extent at Different SUHI Intensities in the SUHI Zone

The rapid expansion of SUHI footprints derived from the GF Aqua, TRIMS Aqua,
and TRIMS Terra datasets mainly occurred in areas with moderate-to-high levels of yearly
maximum and average SUHI intensities, with a severe SUHI intensity corresponding to
a higher CLCD ISA density (Figure 6 and Table 1). A weak SUHI intensity was observed
in urban areas with a CLCD ISA density below 60%, whereas moderate and severe SUHI
intensities corresponded to a high CLCD ISA density above 60% in 2000–2022. The spatial
extent of areas experiencing moderate and severe intensities of the yearly maximum GF
Aqua SUHI expanded rapidly, by approximately 0.23–0.39 × 104 km2 per decade; the
spatial extent of areas experiencing moderate and severe intensities of the yearly maximum
TRIMS Aqua SUHI increased linearly at approximately 0.15–0.28 × 104 km2 per decade;
and the spatial extent of areas experiencing a moderate intensity of the yearly maximum
TRIMS Terra SUHI had the highest linear increases of approximately 0.21–0.40 × 104 km2

per decade from 2000 to 2022.
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Figure 6. Spatial distribution of the regional SUHIs from the GF Aqua, TRIMS Aqua, and TRIMS
Terra datasets and the MCD12Q1 and CLCD urban areas at a 30% ISA threshold in 2020 (a–c), and
temporal variations in the ratio of SUHI area to CLCD urban area at an ISA threshold within 0–95%
during 2000–2022 (d–f).

Compared with the yearly maximum SUHI derived from the GF Aqua, TRIMS Aqua,
and TRIMS Terra datasets, the yearly SUHI showed a faster spatial expansion of approxi-
mately 0.11–0.43 × 104 km2 per decade for the moderate type of SUHI, whereas the severe
SUHI type exhibited a slower linear increase of 0.01–0.16 × 104 km2 per decade (Table 1).
Except for the weak and severe types of the yearly maximum TRIMS Aqua SUHIs, all
other SUHI types had a stable CLCD ISA density (the line graphs in Figure 7). In the
SSIM-estimated SUHI zone, areas of a low CLCD ISA density showed a rapid decline of
approximately −0.58 to −0.02 × 104 km2 per decade, whereas areas of moderate and high
CLCD ISA densities showed notable expansion at a rate of approximately 0.04–0.15 × 104

km2 per decade. Urban planners and decision-makers should take effective measures to
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prevent the rapid expansion of moderate and severe SUHIs in moderate- and high-density
urban areas in the YRDUA region.

Table 1. Linear tendencies in the spatial extent of SUHIs at different intensities and the CLCD urban
areas during 2000–2022 (unit: 104 km2 per decade).

SUHI levels
Weak Moderate Severe

2 ◦C 3 ◦C 4 ◦C 5 ◦C 6 ◦C 7 ◦C 8 ◦C 9 ◦C 10 ◦C

Maximum SUHI

GF/Aqua – −0.17 0.38 0.39 0.23 0.07 0.02 – –

TRIMS/Aqua – −0.15 0.08 0.28 0.25 0.15 0.08 – –

TRIMS/Terra −0.18 0.29 0.4 0.21 0.05 0.01 – – –

SUHI levels
Weak Moderate Severe

0.5 ◦C 1.0 ◦C 1.5 ◦C 2.0 ◦C 2.5 ◦C 3.0 ◦C 3.5 ◦C 4.0 ◦C 4.5 ◦C

Averaged SUHI

GF/Aqua – −0.14 −0.01 0.41 0.32 0.18 0.06 0.01 –

TRIMS/Aqua – −0.13 −0.14 0.11 0.28 0.24 0.16 0.09 0.05

TRIMS/Terra −0.12 −0.16 0.43 0.34 0.17 0.06 0.01 – –

CLCD/ISAlevels
Low density Moderate density High density

10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Tendency −0.58 −0.18 −0.02 0.04 0.09 0.10 0.13 0.15 0.15 0.15

Note: “–” represents no data.

Figure 7. Temporal variations in the spatial scale of yearly maximum (a–c) and averaged (d–f) SUHIs
at different intensities for the GF Aqua, TRIMS Aqua, and TRIMS Terra datasets during 2000–2022.
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4. Discussion
4.1. Advantages of the SSIM-Based Method in Quantifying Regional SUHIs

Setting the long-term mean LSTA to 1.0 ◦C as an intensity threshold to quantify SUHI
footprints led to overestimations in the Shanghai metropolitan area and underestimations
in the Nanjing and Hangzhou metropolitan areas (Figure 2b). Therefore, no single threshold
can accurately capture the spatial patterns and footprints of regional SUHIs, given the
large spatial differences in LSTAavg over the YRDUA region. By applying a natural-break
algorithm to classify the LSTAavg, IRegM, and SSIM values into five categories for each
year in 2000–2022, we defined the first category—characterized by the highest LSTAavg

and SSIM values and the lowest IRegM values—as the LSTAavg-estimated, SSIM-estimated,
and IRegM-estimated SUHI zones. This classification revealed diverse spatial patterns and
footprints of the SUHIs in the YRDUA region during 2000–2022 (Figure 8). The LSTAavg-
based method, by ignoring spatial differences in the SUHI intensity, generated inconsistent
spatial patterns in the Shanghai and Nanjing metropolitan areas and underestimated SUHI
footprints as being approximately one-third of the MCD12Q1 urban size in the YRDUA
region, as evidenced by the GF Aqua, TRIMS Aqua, and TRIMS Terra datasets (Figure 8a–f).
Compared with the IRegM-estimated and SSIM-estimated SUHIs, the LSTAavg-estimated
SUHIs exhibited the slowest growth, expanding by approximately 0.39–0. 50 × 104 km2 per
decade. Among the three methods, the IRegM-based method was sensitive to urbanization
and the weather and climate conditions, resulting in the most inflated and fluctuating SUHI
footprints exceeding the MCD12Q1 urban size in 2000–2022. This overestimation was due
to the method not accounting for spatial differences in the annual averaged SUHI intensity
within urban agglomerations (Figure 8g–i), resulting in a maximum linear increasing rate
of approximately 1.02–1.15 × 104 km2 per decade across the GF Aqua, TRIMS Aqua, and
TRIMS Terra data in 2000–2022. Given that the footprints of the IRegM-estimated SUHIs
exceeded the MCD12Q1 urban size, urban planners have almost no chance of balancing
the social and economic benefits of urbanization with worsening regional SUHIs in future
urban planning.

The SSIM-based method effectively integrated the structural similarity of the LSTA an-
nual cycle at each grid point with the urban reference LSTA annual cycle in terms of average
values, variances, and shapes. This method yielded stable spatial patterns and consistent
footprints of the SUHIs from the GF Aqua, TRIMS Aqua, and TRIMS Terra data, despite
notable differences in LSTAs among the three LST data sources (Figures 1c and 5a,c,e). In
comparison with the IRegM-based and LSTAavg-based methods, the SSIM-based method
generated more reliable spatial patterns (Figure 8g–l) and yielded more reasonable foot-
prints of regional SUHIs that were smaller than the urban size in the YRDUA region from
2000 to 2022. Hence, urban planners can enhance the transition zone between the SSIM-
estimated SUHI zone and the MCD12Q1 urban areas to mitigate the adverse effects of
SUHIs in future urban planning (Figure 8j–l).

4.2. Potential Implications of the SSIM-Estimated SUHIs in Urban Planning

Since 2016, urban development planning for the YRDUA has emphasized the need for
an ecological redline to slow the expansion of high-density urban areas. In 2019, the Chinese
government further established a demonstration zone of green and integrated ecological
development to maximize the benefits of urbanization at the minimum cost of resources,
the eco-environment, and the climate over the YRDUA region. This demonstration zone
comprises the Qingpu district of Shanghai, the Wujiang district of Suzhou in Jiangsu
province, and the Jiashan County in Zhejiang province, depicted by a purple polygon in
Figure 8.
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Figure 8. Temporal variations in (a–c) and spatial distributions of (d–l) the SUHI footprint generated
from the GF Aqua, TRIMS Aqua, and TRIMS Terra datasets by applying the LSTAavg, IRegM, and
SSIM methods in the middle YRDUA region during 2000–2022.

The LSTAavg-based and IRegM-based methods yielded contradictory guidelines for
urban planning. The weak LSTAavg-estimated SUHIs in the demonstration zone suggest
that reasonable urbanization can be encouraged, whereas the inflated IRegM-estimated
SUHIs larger than the MCD12Q1 urban size suggest that rapid urbanization should be
restricted. Figures 1b and 2b,c show that the demonstration zone had a small spatial
extent of SUHIs in 2000–2022. Correspondingly, the SSIM-based method yielded a spatial
extent of SUHIs less than the MCD12Q1 urban size in this demonstration zone (Figure 8j–l).
Hence, the SSIM-estimated SUHIs provide unambiguous guidance for urban planning in
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mitigating the adverse effects of SUHIs in this demonstration zone; that is, urban planners
can restrict the excessive expansion of urban areas with an ISA density exceeding 65%,
and they can enhance the transition zone between urban areas and the SSIM-estimated
SUHI zone by reasonably allocating commercial, industrial, and other functional zones in
future development.

4.3. Uncertainties of SSIM-Estimated SUHIs over Urban Agglomerations

The SSIM index of the annual cycles of LSTAs between urban and other land cover
types was adopted to characterize the spatial patterns and footprints of regional SUHIs. This
approach considers that several factors potentially affect the accuracy of SSIM-estimated
SUHIs. Given its strong dependency on variations in the annual LSTA cycle between urban
areas and other land cover types, the SSIM-based method is more effective for characterizing
the SUHI during the day than at night. As shown in Figures 2 and 3, the performance of
the SSIM-based method in quantifying regional SUHIs depends on the selection of urban
reference LSTA series. Seven urban reference LSTA series, derived from the long-term
averaged LSTA from 2000 to 2022 by applying a K-means approach, corresponded to
different SUHI footprints and can introduce uncertainty in the characterization of regional
SUHIs. Moreover, uncertainties in SSIM-estimated SUHIs are linked with the accuracy of
quantifying the LSTA related to urbanization using the RF algorithm together with climate,
environmental, geographical, biophysical, and topographical parameters.

Fortunately, despite the strong effects of inter-annual variations in weather and climate
and different LST data sources on SUHI intensities, the SSIM-based method generated
stable spatial patterns and reasonable footprints of the SUHIs from three data sources
in the YRDUA region during 2000–2022. This stability is attributed to the SSIM index
accommodating the integrated contribution of the averaged values, variations, and shapes
of all LSTA annual cycles within urban agglomerations.

5. Conclusions
Previous studies have reported inflated and varying SUHI spatial footprints of ap-

proximately 1.0–3.0 times the urban size from the 8-day composite daytime MODIS Aqua
LST datasets in the metropolitans of Nanjing, Shanghai, and Hefei over the YRDUA region
during 2003–2012 [22] and of approximately 42,328 km2 and 38,884 km2, being 1.58 and
2.0 times the urban size in the entire YRDUA region, from the 8-day composite MODIS
Terra and Aqua LST datasets in 2015–2020 [21]. The varying and inflated footprints of
SUHIs from different methods and LST datasets are not conducive to urban planners
developing reasonable strategies to mitigate the SUHIs in future urban development. Our
proposed solution classified each grid point as part of the SUHIs on the basis that its LSTA
annual cycle significantly resembled the urban reference LSTA annual cycle in terms of
average values, variations, and shapes, thereby yielding stable and reliable spatial patterns
of the SUHIs. A clear transition zone within urban areas and cross-validated footprints of
approximately 1.06–2.39 × 104 km2, 1.09–2.44 × 104 km2, and 1.06–2.45 × 104 km2 were
obtained from among the TRIMS Terra, TRIMS Aqua, and GF Aqua datasets for the same
period of 2003–2020, although significant differences in the seasonal or diurnal SUHI inten-
sity were observed among the three LST datasets. The consistent footprints of the SUHIs
derived from the TRIMS Terra, TRIMS Aqua, and GF Aqua datasets were far smaller than
the corresponding urban sizes indicated by the MCD12Q1 and CLCD datasets at a 30% ISA
threshold, meaning that urban planners can enhance the transition zone surrounding the
SSIM-estimated SUHI zone in urban areas to mitigate the adverse effects of SUHIs over the
YRDUA region in future urban design.
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Given that all SUHIs derived from the TRIMS Terra, TRIMS Aqua, and GF Aqua
LST datasets maintained a stable proportion of approximately 90% in high-density urban
regions with an ISA above 65%, we recommend the 65% ISA threshold as an ecological
redline control for the expansion of high-density urban areas to prevent the worsening of
SUHIs in the YRDUA region. In 2019, the Chinese government established a demonstration
zone to maximize the social and economic benefits at a minimum cost of resources, the
environment, and the climate in the YRDUA region. The SSIM-estimated SUHIs exhibited
a spatial extent smaller than the urban size, providing clear guidance for urban planning to
mitigate SUHI-related adverse effects in this demonstration zone; that is, urban planners
can restrict the excessive expansion of urban areas with an ISA density exceeding 65%,
and they can enhance the transition zone between urban areas and the SSIM-estimated
SUHI zone by reasonably allocating commercial, industrial, and other functional zones in
future development. Considering that urban areas rapidly transformed into SUHIs, with
the ratio of the SUHI extent to the urban size increasing from 0.43 to 0.62 during 2000–2022,
urban planners should also take measures to prevent the rapid expansion of high-density
urban areas. In summary, this study provides a practicable solution for decision-makers
and urban planners to systematically understand the spatiotemporal variations in regional
SUHIs and search for cross-validated urban spatial patterns and scales from multiple data
sources to guide future urban development.
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