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ARTICLE INFO ABSTRACT
Keywords: The frequent occurrence of extreme heat events has notably affected human’s living environment,
Urban thermal environment and a considerable number of studies have reported that green space is an efficient measure by

Spatial pattern
Spatiotemporal regression analysis
Spatiotemporal non-stationarity

investigating the correlation between green space and land surface temperature (LST). However,
spatiotemporal effects of green space on LST still remain unclear. In this study, green space
patterns (e.g., core, islet, perforation, edge, loop, bridge, and branch) were identified through
morphological spatial pattern analysis (MSPA). Moreover, the effects of green space pattern on
LST in three periods were investigated through three kinds of models. As indicated by the results:
(1) the geographically and temporally weighted regression model exhibited the optimal perfor-
mance compared with other two models. (2) in general, the core, the edge, the bridge, and the
branch significantly contributed to cooling, and the islet hindered cooling. However, the perfo-
ration and the loop exerted significant dual nature effects with the similar quantity of the negative
and positive coefficients, showing relatively complex impact mechanism. (3) the intensity of the
effect of the respective MSPA class varied across the study area. The core had the most substantial
effect, which distributed in the south and middle corners. (4) the result suggested that a neigh-
borhood scale in China, which was 960 m in this study, served as a basic unit in green space
management. The spatiotemporal non-stationarity of the effects of green space morphological
patterns on LST provided important insights into urban thermal environment improvement
through urban green space planning and design.

1. Introduction

Extreme heat events occurred more and more frequently in recent years, which has notably affected human’s daily life. It is
noteworthy that an increasingly higher land surface temperature (LST) results in a wide variety of problems (e.g., air pollution,
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decreased energy efficiency, thermal discomfort, and harmful health effects) [1-4]. Notably, urban green space is capable of efficiently
alleviating LST, mainly due to the effect of evapotranspiration and shading of vegetation [5-8]. In general, green space comprises any
vegetation area in the urban environment [9]. To be specific, at a micro level, various green space areas, perimeters, patterns, and tree
species, vegetation configuration, planting design, and facade greening can result in the generation of different cooling effects and
thermal comfort [10-15]. The local air or surface temperature can be even reduced by pocket parks, green roofs, and street trees in a
high-density area [16-18]. Besides, at a macro level, a change in the green space system significantly affects the spatial pattern of the
urban thermal environment [19,20]. To guide green space practice, Zhang et al. [21] found that area metrics of green spaces play an
important role in predicting local surface temperatures. Kubota et al. [22] have developed several green space planning strategies to
obtain differences in their cooling effects through simulation. The expansion of urban green space areas can lead to directly and
effectively reduced LST, whereas its method does not practically apply to most cities. Accordingly, a proper arrangement and spatial
pattern of green space should be considered to form a better spatial pattern of an urban thermal environment.

The effect of green space spatial pattern on LST has been investigated in extensive research, where the spatial pattern of the green
space was primarily measured with the landscape composition and configuration metrics that included the size, density, edge, shape,
and connectivity of green space [21,23-26]. Most studies have suggested that the green space with a larger scale tends to exhibit a
lower LST, primarily manifested as a significantly negative correlation among the percentage of landscape (PLAND), mean patch area
(AREA_MN), largest patch index (LPI) and LST [21,27-31]. In addition, a positive correlation was usually found between LST and the
mean fragmentation index (FD), Euclidian nearest neighbor distance (ENN_MN), patch cohesion index (COHESION), suggesting that a
higher connectivity is conducive to exhibit a lower LST [24,32,33]. However, the correlation between some metrics and LST exhibits
conflicting results. For instance, the effects of patch density (PD) and landscape shape index (LSI) on LST varied among study sites [31,
34]. Pramanik and Punia [31] suggested that green space with a regular and straightforward shape was conducive to reduce LST,
whereas Jia and Zhao [23] suggested an irregular green space shape. The edge density (ED) was negatively correlated with LST [30,
35], whereas a positive correlation was found in other studies [29,36]. In addition, the above-mentioned landscape metrics focus on
the composition and configuration of green space and reflect quantitative values of green space spatial patterns, making it challenging
to take adequate measures for LST mitigation.

Complex impact mechanisms of green space on LST have attracted many scholars to conduct research from various aspects. With
the rapid urbanization and the removal of green spaces, fragmentation and isolation in the green spaces increased significantly, which
reduced the potentiality of green space as a cooling mechanism over the city [37]. As an important component of green space, city
parks are usually considered as a key element for LST mitigation [38]. The relative contribution of composition and configuration of
green space patterns to LST was identified in an urban agglomeration study, where the magnitude of contribution of different green
space patterns varied [39]. Moreover, other studies indirectly concluded the influence of green space on LST. For example, Das et al.
found that the relationship between the quality of living and green space was negative, which may promote several environmental
problems, such as the emergence of the UHI effect [40].

On that basis, the correlation between green space and LST should be explored using a quantitative metric that can characterize
green spaces in a spatially explicit way. Thus, the green space morphological pattern can be evaluated through morphological spatial
pattern analysis (MSPA), i.e., an image-processing method that has been preliminarily adopted to study the simple linear correlation
between green space and LST based on several sample sites [41]. MSPA has been recently adopted to examine spatiotemporal dy-
namics of urban green space [42]. It was also used to identify heat sources [43,44]. Furthermore, MSPA was combined with other
methods to make a deeper study, especially for network construction. Luo et al. [45] applied MSPA and landscape connectivity indexes
to identify heat island and cold island patches. Zhao et al. [46] adopted circuit theory to identify the thermal connectivity corridors and
key nodes among heat island sources based on MSPA. Jiang et al. [47] constructed a heat exposure spreading network and a green
infrastructure network using MSPA and circuit theory, so as to propose key areas and measures to mitigate heat exposure risk. Liu et al.
[48] integrated the above methods to construct a cold island network for the urban heat island effect mitigation. Other methods,
including two-step floating catchment area, minimum cumulative resistance model, were also applied in research on thermal envi-
ronments and green space [49,50]. In addition, the non-linear correlation has been found between green space pattern and urban heat
island intensity at a 3-km grid size [51]. As the important components of green space, grassland, wetland, and forest were taken as
research objects in different studies, usually used for cold island patches identification [52-54].

Most relevant research has considered the effect of green space spatial pattern on LST to be spatially stationary and used a global
regression, mainly for ordinary least squares (OLS), or the Pearson correlation to analyze their correlation [29,35,55-57]. However,
there are significant differences in LST across urban areas that have numerous influences. The above-described methods also ignored
spatial non-stationarity and the spatial dependence of variables [58]. Other studies have used spatial regression models (e.g., spatial
lag model, spatial error model, and general spatial model) to optimize the regression results [59,60] A local regression (e.g.,
geographically weighted regression (GWR)) was also employed for analysis between LST and land cover, urban morphology, or
landscape characteristics [61-63], whereas it has been rarely employed for green space pattern analysis, especially MSPA method.
Basu et al. [64] used GWR, multiscale GWR, and robust GWR to explore correlation between green space landscape pattern and LST.
However, temporal effect of green space on LST was not included in their study. Besides, results of these methods usually focus on the
spatial distribution of each independent variable. However, the quantity of regression coefficient, which reflects the influence strength
of independent variables on the dependent variable, has rarely been considered. Since LST and green space are dynamic, this issue
should be considered in the study of green space and LST.

Overall, there are two gaps in the knowledge regarding the green space spatial patterns and LST. Firstly, although MSPA was widely
used in the LST and green space studies, this method was usually used for cold or hot island identification or network construction.
There is rare research on quantitatively revealing the relationship between green space morphology and LST, especially in further
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revealing the spatial differences in the impact of green space on LST. Secondly, spatiotemporal effects of green space on LST still
remain unclear. Although most previous studies on the green spaces and LST have considered multiple periods, they have mostly
compared the impacts of green space on LST in different periods [24,64,65]. In this way, the temporal characteristics of green space
and LST cannot be reflected. The spatiotemporal influence mechanism needs to be paid more attention to provide reference for the
green space optimization.

Based on the above-mentioned limitations, this study was conducted to investigate the spatiotemporal non-stationarity of the
effects of green space morphological patterns on LST. This study aimed to: (1) examine the spatiotemporal pattern of green space
morphological pattern characterized by MSPA, LST, and its spatial auto-correlation, (2) assess the spatiotemporal non-stationarity of
the effect of green space morphological patterns on LST using geographically and temporally weighted regression (GTWR), and (3)
investigate the spatial sensitivity of the above correlations to determine an optimal scale for practice.

2. Data and methods
2.1. Study site

Wuhan (113°41-115°05' E, 29°58-31°22' N), the capital of the Hubei Province, is a megacity and is known as one of the “four
ovens” in China. It has a subtropical monsoon climate with an annual mean temperature of 17 °C in recent years.

The downtown area of Wuhan was divided into three areas, Hankou, Hanyang, and Wuchang, by the Yangtze River and the
Hanjiang River (Fig. 1). Since LST is affected by a wide variety of factors and that the study area should be representative, Hankou was
selected for analysis for the following reasons: (1) Hankou has a higher population density compared with the other two areas, where
people may be in a worse environment with higher LST (2) the area of the water body (e.g., rivers and lakes) is the least in Hankou,
reducing the interference of water bodies on LST regulation; (3) diversified green spaces are densely distributed in Hankou (e.g., park
green space, attached green spaces, and ecological green spaces). The spatial distribution of the above-described green spaces reflects

Hubei Province Wuhan City

Legend

Downtown

.
Yangize River & Hanjiang River

I Lakes

Legend
I Green space
Downtown boundary
Water front

Fig. 1. Location and green space distribution of the study site. (For interpretation of the references to color in this figure legend, the reader is
referred to the Web version of this article.)
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the typical characteristics of megacities (Fig. 1). In brief, the study site was an integral land that did not contain large water bodies,
with an area of nearly 138 km?.

2.2. Research methods

A methodological framework was built to analyze the spatiotemporal effect of green space morphological pattern on LST (Fig. 2).
First, the green space vector data were obtained from Gaofen-2 imageries and Google earth imageries to calculate seven MSPA classes
indicators, and LST was retrieved from Landsat-7 and Landsat-8 imageries. Second, four scales were determined to evaluate the
optional scale on LST study. Then, multicollinearity test and auto-correlation analysis were conducted before regression model con-
struction to ensure rationality of the regression model to be built. Furthermore, the correlation between MSPA classes and LST was
examined through OLS, GWR, and GTWR models. Although these methods are commonly used, GTWR is rarely applied in the studies
on green space and thermal environment, thereby revealing spatiotemporal influence of green space on LST. Notably, the statistics of
regression coefficient was used to reveal the spatiotemporal non-stationarity of the influence pattern and strength of MSPA classes on
LST. Finally, implications for green space planning and design were put forward according to the above quantitative analysis.

2.3. Data source and pre-processing

Three periods indicating the early, middle and late stages of rapid urbanization (2006, 2013, and 2017/2018) were selected to
represent the development of green space and LST. Firstly, the green space was extracted using high-resolution remote sensing im-
ageries with a 0.8-m spatial resolution taken by Gaofen-2 satellite in 2016 as the basis for obtaining green space data for three periods.
Then, green space data in 2006, 2013 and 2017 were adjusted based on the data acquired in 2016 through Google earth history
imageries (0.26-m spatial resolution). LST was retrieved in different years using Landsat-7 and Landsat-8 imageries with a 30-m spatial
resolution. In general, the acquired data achieved the cloud cover of less than 10 %, and no cloud cover was observed in the study area.
Table 1 lists the detailed information of the above-mentioned remote sensing imageries of the three years. The data of adjacent periods
were selected for analysis. Due to the accessibility of Google earth history imageries in 2006, the winter season was considered for
analysis. We can still accurately identify green space area through the morphology and texture of trees by means of the high resolution
of Google earth imageries. Even though the last period spanned over one year, green spaces were nearly unchanged from 2017 to 2018
in the study area, such that they are considered appropriately comparable. Two types of imageries were first radiometrically calibrated
prior to green space extraction and LST retrieval. Since Landsat-7 was subjected to the stripe loss problem, strip repairing was con-
ducted using ENVI plug-in components. Subsequently, the imageries for green space extraction were rectified and georeferenced to the
Landsat imageries. Furthermore, the FLAASH atmospheric correction was performed for the above-described data.

/ Landsat-7 image / / Landsat-8 imageries / / Gaofen21mager1es / / Google earth imageries

(2006) (2013, 2018) (2006, 2013 2018)
LST maps LST maps Green space vector data Ll Green space maps
(2006) (2013, 2018) (2016) (2006, 2013, 2018) ) .
T ] T Morphological spatial
LST retrieval and green space o N4 pattern analysis
morphological pattern indicators LST in four-scale grids MSPA classes in four-scale grids

To ensure that there is no collinearity

between seven MSPA classes WL i itgo Wity iresi |

The multicollinearity of independent variables

Global spatial auto-correlation analysis
Local spatial auto-correlation analysis

To examine spatial heterogeneity of LST

Whether LST has spatial autocorrelation

SEstishical Sualysis The spatial pattern of LST cluster

OLS models
To clarify the influence mechanism of GWR models
green space morphological pattern on LST ' GTWR models

Effects of green space morphological patterns on LST I

Spatial difference of the seven MSPA classes regression coefficient

Spatiotemporal non-stationarity of the influence of green Spatial sensitivity of the above relationships
space morphological patterns on LST + to obtain an optimal scale for practice

Fig. 2. Methodology flowchart used in this study.
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Table 1
Attributes of the remote sensing imageries.
Imageries for green space extraction Imageries for LST retrieval
Satellites Sensors and Cloud cover in study Acquisition Satellites Sensors and Cloud cover in study Acquisition
bands area dates bands area dates
Gaofen-2 PMS 3 and 4 0 2016-09-01 Landsat- ETM+ 6 0 2006-07-18
7
Google / 0 2006-12 Landsat- TIRS 10 0 2013-07-31
earth 8
/ 0 2013-07 Landsat- TIRS 10 0 2018-09-15
8
/ 0 2017-07

Note: Acquisition dates of Google Earth cannot be precise to the day.

2.3.1. Green spaces extraction and morphological patterns calculation

The accurate green space maps were obtained using three high-resolution imageries. The object-oriented classification method was
performed to accurately extract green space using ENVI 5.4 software on the patch level [66]. Normalized difference vegetation index
(NDVI) has been confirmed as a vital index to identify green space; it was determined based on the near-infrared band and the red band
[67,68]. Subsequently, the vector data of the green spaces were extracted based on a certain threshold of NDVI. In this study, green
space was more effectively identified under the NDVI of a pixel of over 0.7. Next, visual interpretation was performed to optimize the
results using the ArcGIS 10.7 software, such that green spaces can be mapped with the maximum accuracy (Fig. 1). On that basis, green
space vector data in 2006, 2013, and 2017 were adjusted manually according to Google Earth history imageries in the three years.

MSPA involves a number of image processing techniques that can identify and measure raster data at the pixel level based on
mathematical morphological techniques such as erosion, dilation, opening, and closing operations [69]. Given the above data, green
space was considered foreground and others was regarded as background. They were converted into the binary raster data in a TIFF
format. Subsequently, the data were inputted into Guidos Toolbox software for morphological spatial pattern analysis. The core is
identified first based on the connectivity rule (four or eight neighbors) and edge width value. With the increase in edge width, the
minimal size of core increases and the number of pixels classified as core reduces, which results in gains for other MSPA classes. For
example, with the increase in edge width, a linear small-area core can be changed to bridge or branch. Due to edge effect, two
parameters—the spatial resolution of the input binary raster data and the size parameter set in the software—will influence the MSPA
results, including the edge and perforation width, the maximum size of the islet, and the minimum size of the core [70]. For a given
sufficient edge width, a higher spatial resolution and size parameter will retain more spatial detail and information of the MSPA maps
[71]. To better identify the seven MSPA classes, 2-m spatial resolution, size parameter value of 7, and eight-neighbor connectivity were
used in this study, reflecting the different morphological patterns of green space at the central city-scale [72] (Fig. 3b). Finally, seven
non-overlapping MSPA classes (e.g., core, islet, perforation, edge, loop, bridge, and branch) were obtained (Fig. 3). The seven MSPA
classes indicate the different morphological patterns of green space and have specific ecological meanings and spatial attributes
(Table 2).

Green space morphological patterns were measured using the seven MSPA classes, which were indicated by the proportion of the
respective MSPA class area in the grid area [73]. The area of the corresponding MSPA class was increased with the increase of the
proportion. For each grid scale, the calculation of the seven MSPA classes can be expressed with Equation (1).

MSPA; =S; / S x 100% 6]
. Legend N
m m Core / \ 3
B [slet /’X ;
mm Perforation % ,
MHH\H::#E -525;3) (!_Zl_z'lkm', 7
H == Bridge
Branch

MCore ' Loop MPerforation M Branch
Hislet MBridge MEdge Background
(a) (®)

Fig. 3. Illustration of the seven MSPA classes (a) and the MSPA results in Hankou (b).
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Table 2
Characteristics of the seven MSPA classes.
MSPA classes Mlustration Characteristics
Core Interior of a green patch with large size, such as park green space or a community park of a particular scale

Islet The small green patches that are isolated from each other, such as scattered street trees and pocket parks
Perforation Internal perimeters of the core class

Edge External perimeters of the core class

Loop Linear green space connected to the same core class, such as road greenbelt, landscape belt

Bridge Linear green space connected to the adjacent core class

Branch Linear green space connected at one end to perforation, edge, loop, or bridge

where i = 1-7, stands for the seven MSPA classes. S; is the area of the i-th MSPA class (mz), and S is the area of a grid (mz).

For each scale, the overall quantity and spatial distribution characteristics of each MSPA class were presented. The MSPA; value in
all grids was showed in the form of a box plot. The specific spatial distribution of the MSPA,; value in each grid was dis-played through
colors of different shades.

2.3.2. LST retrieval

In accordance with the radiometric calibrated Landsat-7 and Landsat-8 imageries, LST was retrieved from an enhanced thematic
mapper sensor (ETM+) that was mounted within the Landsat-7 satellite and a thermal infrared remote sensor (TIRS) that was mounted
within the Landsat-8 satellite. LST was retrieved using radiative transfer equation, i.e., a mature and standard retrieval method [74,
75]. Landsat-7 inversion was performed using Band 6. Since the calibration parameters of TIRS 11 band were not stable, and the band
was located in a high atmospheric absorption region, TIRS 10 (resampling to 30 m) was employed for inversion. Accordingly, LST with
30 m spatial resolution was determined. The specific inversion steps are expressed as follows.

1) Calculation of land surface emissivity

Land surface emissivity was accurately calculated with Equations (2)—(4).

E,=0.995 2
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&£5=0.9625 + 0.0614F, — 0.0461F> 3)
&n =0.9589 + 0.086F, — 0.0671F> ()]

where F, is the vegetation fraction. Ey, €, and &, are the emissivity of the water body, natural surface (soil), and human-made surface
(e.g., building, road), respectively.

2) Calculation of blackbody radiance

Blackbody radiance can be expressed with Equation (5).
B(Ty = [Ly - Ly — t(1-€)L,1/7¢ )

where B(T) denotes the blackbody radiance derived from Planck’s law; L, represents the spectral radiance of thermal infrared ra-
diation received by satellite sensor (W-m~2um™!.sr1); ¢ expresses land surface emissivity. Ly, L;, and 7 represent aggregated values (i.
e., radiances of atmospheric upward and downward, and the transmittance of the atmosphere in the thermal infrared band, respec-
tively). Their values were determined using the imaging time and the longitude and latitude of the imagery in accordance with NASA
website (http://atmcorr.gsfc.nasa.gov/). In this study, L, reached 3.93, 4.54, and 4.40 (W m~2 pm’l‘sr’l) in 2006, 2013, and 2018,
respectively, L reached 5.85, 6.86, and 6.46 (W m2 pm’1~sr’l), respectively, while 7 reached 0.55, 0.47, and 0.46, respectively.

3) Calculation of LST

In accordance with the inverse function of Planck’s formula, the LST of centigrade was obtained after conversion with Equation (6).
Ts = ky/In[k/B(Ts) + 1] - 273.15 (6)

where T is the LST (°C), k7 and k; are the calibration constant 774.89 (W m 2 pm’l-sr’l) and 1321.08 (K) for TIRS 10, and 666.09 (W
m~2 pm’l-sr’l) and 1282.71 (K) for ETM+ 6.

4) Validation of LST

Based on the method employed by An et al. [76], the observed air temperature and the retrieved LST were compared to verify the
precision of LST. The observed air temperature was derived from eteomanz.com, where data by hours and history data can be obtained.
However, there is only one alternative meteorological station in the study area (Fig. 1). The retrieved LST of the pixel where the station
located was extracted, and the average value of retrieved LST from the 5 x 5 pixels close the station was obtained for a better
comparison of the observed air temperature and the retrieved LST [76]. The time of observed air temperature was determined in
accordance with the satellite transit time (GMT 3:00 in 2006, 2013, and 2018) (Table 3). The comparison results suggested that LST
was usually higher than air temperature. The results of this study were also consistent with the regression model built by An et al. [76].
Thus, retrieved LST is reliable and can be employed for analysis in this study.

2.4. Statistical analysis

Four extensively employed analysis scales were proposed based on previous research to investigate the spatiotemporal effect of
green space morphological patterns on LST. However, existing research has focused on the spatial non-stationarity in the correlations
between green space/land cover and LST, using GWR, spatial lag model, or spatial error model [59,60]. Temporal effects of inde-
pendent variables on dependent variables were not covered in the above-mentioned methods. Despite several studies covering mul-
tiple periods, the above-described methods were employed for analysis in terms of the respective period [19,41,64]. Limited studies
have examined the effect from both spatial and temporal perspective. Although Hasan et al. [77] analyzed that urban green space
mediated spatiotemporal variation in LST for 19 periods, they adopted Pearson’s correlation to reveal the correlation between green
space indicators and LST. An appropriate method is required to explore the in-depth spatiotemporal effect of green space on LST.
Accordingly, GTWR was developed to reveal the spatiotemporal influence mechanism in this study. On that basis, the spatial and
temporal effects will be considered.

Table 3

Comparison between retrieved LST and observed air temperature.
Year 2006 2013 2018
Observed air temperature (°C) 33.2 35.1 29.2
Retrieved LST in a pixel (°C) 34.4 35.1 32.3
Retrieved LST in 5 x 5 pixels (°C) 32.6 35.2 32.4
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2.4.1. Analysis scale

Since the spatial resolution of the extracted green space (0.8 m) and retrieved LST (30 m) are different, a unified spatial scale should
be defined to investigate the correlation between the morphological patterns of green space and LST. As indicated by the existing
research on the effects of green space on LST [36,78-80], four spatial scales (i.e., grids of 960 m, 720 m, 480 m, and 240 m) served as
the appropriate scales and were adopted to unitize the two data spatially, such that the scale effects of green space morphological
patterns on LST were synthetically examined.

2.4.2. Multicollinearity test

The multicollinearity of independent variables should be analyzed before the model building process, so as to ensure the rationality
of the regression model. The multicollinearity test was carried out for the four grid scales. Variance inflation factor (VIF) refers to an
indicator that has been extensively employed to detect multicollinearity between independent variables. It was employed to perform a
collinearity test on the correlation between LST and MSPA classes in this study, such that the regression analysis results can be avoided
from being affected. The larger the VIF, the greater the possibility of collinearity between independent variables. A VIF value of less
than 10 suggested that the corresponding independent variables were not highly collinear, and regression analysis can be conducted
directly [81].

2.4.3. Spatial auto-correlation analysis

LST was resampled by calculating the mean LST in the respective grid at the four spatial scales. Since LST usually exists spatial
heterogeneity [82], spatial auto-correlation analysis should be conducted to gain more insights into the spatial patterns of LST and the
effects of green space in geographical space [75,83]. The degree of spatial auto-correlation for the LST was tested using Moran’s I, a
widely applied geospatial correlation index [84]. Global Moran’s I was first calculated based on ArcGIS 10.7 software to determine
whether and to what extent spatial auto-correlation exists in the LST. The Global Moran’s I value ranged from —1 to 1. A positive value
and a negative value indicated the clustering and dispersion distribution of LST, respectively, and no spatial auto-correlation was
detected with a Global Moran’s I value of 0. Subsequently, Local Moran’s I was obtained to find the cluster locations of low LST areas
with lower LST and surrounded by grids with lower LST and vice versa (high LST clusters). The Local Moran’s I value was visualized as
high-high cluster, low-low cluster, high-low outlier, or low-high outlier of LST in the grids. The global and local Moran’s I values were
calculated with Equations (7) and (8), respectively.

Ig = (7)
non n .2
2 E%) > (% —X)
i=1 j=1 i=1
n
Ii =X WiiX; (8)
LA

where I and I; are the global and local Moran’s I, respectively; n refers to the number of the grid; x;, xj represent the spatial position of
the grid i, j, respectively, and W; and wy; are the spatial weight between grid i and j and its standardized value, respectively.

2.4.4. Regression analysis

OLS, GWR, and GTWR models at different spatial scales were built for empirical analysis on the LST and green space. The data of the
dependent variable and seven independent variables were normalized prior to the building of the three models to compare the
regression coefficients of the respective independent variable. Based on the comparison of the goodness of three types of models,
whether the GTWR model is the optimal model for processing multi-period LST and green space data can be determined.

The OLS is a commonly used traditional linear regression model, which estimates model parameters in a global perspective, and
cannot reflect the spatial non-stationarity of each parameter. The OLS model can be expressed with Equation (9):

Yi=Po+ Zkﬂk Xik + & 9)

where y; is the LST (°C) of the ith grid, xj is the kth independent variable, f is the regression parameter of the k-th predictor
variable, f is the regression constant, and ¢; is the random error of a grid i.

The GWR is an improved model based on the OLS model. It applies the spatial weight matrix to the regression model, so as to better
show the spatial non-stationarity of regression parameters. The GWR model can be expressed with Equation (10):

Yi=Fo (ui,vi) + Zkﬁk(uu Vi) X + & 10

where y; is the LST (°C) of the i-th grid, xj is the kth independent variable, (u;, v;) is the spatial coordinates of grid i, fx (u;, v;) is the
regression parameter of the k-th predictor variable, fy (u;, v;) is the regression constant, and ¢; is the random error of a grid i.

For a specific grid, distant grids have less weighting than those located nearby. This geographical weighting was implemented using
a fixed Gaussian kernel. Considering there were four analysis scales in this study, corrected Akaike information criterion (AICc) was
used to set bandwidth, which can search for the best distance or the number of adjacent features.

The GTWR makes up for the limitation of GWR, which only considers the spatial effect. It can reflect the temporal variation of
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variable data and capture the temporal and spatial heterogeneity of variable data. The GTWR can be expressed with Equation (11):

Yi=Ph (ui,Vhti)+Zkﬂk(ui~,Vi,ti) Xik + & amn

where y; is the LST (°C) of the i-th grid, x; is the kth independent variable, i ranges from 1 to n, representing the number of grids, (u;,
v;, t;) is the spatiotemporal coordinates of grid i, Sk (w;, v;, t;) is the regression parameter of the k-th predictor variable, Sy (u;, vy is the
regression constant, and ¢; is the random error of a grid i.

In this model, a fixed Gaussian kernel was applied and the bandwidth was set using AICc. The ratio of spatiotemporal distance
parameters was set to 1.

AICc and R? were proposed in accordance with existing research to compare the fitting effect between GTWR, GWR, and OLS [62].
A lower AICc value and a higher R? value can indicate a better fitting effect of a model. Adj_R? denotes the adjusted R, eliminating the
influence of the sample size difference on the fitting degree in a wide variety of spatial scale models. The three types of regressions were
executed with ArcGIS 10.7.

2.4.5. Data statistical

First, the mean, the minimum, the maximum and the quartile were adopted to express the regression coefficient of the GTWR
model. Second, the frequency and spatiotemporal distribution of the coefficient of the respective variable were plotted respectively.
The 0 was set as an interval value to distinguish positive and negative coefficients. As indicated by a negative coefficient, the MSPA
class can facilitate the cooling process, while a positive coefficient means an opposite effect. The effect was increased with the rise of
the absolute value of the coefficient.

3. Results
3.1. Spatial pattern of green space and LST

3.1.1. Spatial characteristics of green space morphological patterns

The quantity of green space was significantly close in the first two years. However, in 2013 and 2017, significant differences were
found between seven MSPA classes (Fig. 4). At the grid scale of 960 m, despite the increase of the area of green spaces, the general
spatial pattern of the green spaces showed a fragmented distribution. The proportion of the core declined significantly, and the
proportion of the islet was elevated notably from 2013 to 2017. According to the total proportion of the seven MSPA classes in the
entire study area, the core was the first dominant MSPA class in 2006 and 2013, which mainly consists of a certain number of urban
park green spaces, ecological green spaces, and attached green spaces. However, the islet became the first dominant MSPA class in
2017. At the other three scales, the spatial pattern of green spaces exhibited similar characteristics (Tables S1-S3).

As for spatial distribution characteristics of MSPA classes, the same MSPA class was similar, but there were significant differences
between different MSPA classes (Figs. S1-S3). The core and edge accounted for a high proportion along the fringe of the site and in the
urban park green space zones, respectively. The islet and branch proportion were similar in high values scattered among most areas of
the entire site. Likewise, the high values of loop and bridge proportion were dispersed in the site exhibiting a lower density. The
perforation, displaying a similar spatial pattern to that of the core, accounted for the lowest proportion.
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Fig. 4. Proportion of the seven MSPA classes in the three years at the scale of 960 m.



M. Chen et al. Heliyon 10 (2024) e31363

3.1.2. The spatial pattern of LST

In general, the LST of Hankou reached its maximum in 2013 and its minimum in 2006 (Fig. 5). The above trend was consistent with
the fluctuation of the air temperature when the three Landsat satellites were acquired in accordance with the national meteorological
station in Wuhan.

Despite different LST ranges reported in three periods, the LST spatial patterns were similar (Fig. 5a). As depicted in Fig. 5b, several
low-temperature zones were primarily located in the north areas. In contrast, the high-temperature zones scattered in the study area
mostly lacked green space and primarily comprised impervious surfaces.

In general, LST of the four spatial scales exhibited significant positive spatial auto-correlation in three years (p < 0.0001) (Table 4).
Besides, the spatial auto-correlation became more significant at a smaller scale. As Fig. 5b shown, at the scale of 960 m, the high LST
clusters were distributed in the southwest of Hankou, and the low LST clusters were located in the northeast corner. The site
encompassed one grid with high LST surrounded by low LST and two grids with low LST surrounded by high LST. With the decrease in
the spatial scale, the grids around the second ring road in the middle of Hankou were identified with high LST clusters and the grids
along the eastern shoreline and between the third and second ring roads exhibited low LST clusters. Furthermore, the high-low outlier
and low-high outlier of LST tended to disappear.

3.2. Regression model comparison

As indicated by the result of the multicollinearity test, the seven independent variables (MSPA classes) did not exhibit multi-
collinearity at the four scales. As Table S4 shows, GTWR model can better explain the data with spatiotemporal characteristics and the
impact of MSPA classes on the LST. With GTWR models, most MSPA classes can account for more than 80 % of LST variance. The scales
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Fig. 5. LST maps in the three years (a) and their spatial auto-correlation analysis at the four spatial scales (b).
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Table 4

Global Moran’s I of LST at different scales.
Scale 240 m 480 m 720 m 960 m
2006 0.70 0.66 0.55 0.42
2013 0.74 0.56 0.58 0.48
2018 0.63 0.51 0.46 0.33

of 960 m for the MSPA classes were found for the most likely alternative scale to explain LST variance.

3.3. Spatiotemporal characteristics of regression coefficients of GTWR model

As Fig. 6 shown, the respective MSPA class showed different effects on LST and their regression coefficients had certain differences
at the four scales. In general, the core was negatively correlated with LST. Notably, the maximum regression coefficient of the core was
negative at the 960 m and 240 m scale (Fig. 6a and d). In contrast, the islet was positively correlated with LST. The coefficient of the
perforation displayed a multi-peak distribution while playing an opposite role at the large scale and small scale (Fig. 6a and c), with the
main peak greater than O or close to 0. The edge almost adversely affected LST in addition to 960 m scale. The main peaks of co-
efficients of the loop were close to 0 and the frequency of negative and positive value was similar, suggesting loop’s complicated effects
on LST. The bridge almost adversely affected LST. The branch was also dominated by cooling effects except at the 720 m scale (Fig. 6b).

As Fig. 7 shown, grids with red color represent positive coefficients (warming effect) and blue color for negative coefficients
(cooling effect). Because variables were normalized, the above-described coefficients can be compared and can reflect the extent of
their contribution. Given display quality of other three smaller scales and, their regression coefficients were displayed in Tables S5-S7.
The table contains longitude and latitude coordinates of the respective grid center.

Regression coefficients of the seven MSPA classes notably varied from different grids and different periods in Hankou. At the first
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stage (2006) (Fig. 7), the core in all grids adversely affected LST, and the islet exerted warming effects. The most substantial cooling
effects of the core were located in the south and middle corners, respectively. Besides, the islet exhibited the most impact strength in
the north and west corners. The coefficients of the perforation and edge were dominated by positive values. Most coefficient values of
the perforation were small. The edge displayed a distribution pattern with higher coefficients in the east and north, and it had barely
effects on LST in the west. The loop, the bridge, and the branch (i.e., three types of linear MSPA classes) achieved small coefficient
values. The bridge exerted a slight cooling effect in the middle and south corners, and the branch exerted this effect in the west and
south corners. The coefficients of the loop varied from negative to positive from north to south.

In 2013, the bridge in all grids had adversely affected LST. The trend of the coefficients of the other six MSPA classes was consistent
with that in 2006. At the third stage, the core contributed the most to LST in the whole region, and the impact strength of the islet
decreased. However, the negative coefficient of the branch and perforation increased in the west. The above-mentioned phenomena
indicate spatiotemporal differences of the influence of MSPA classes on LST.

In addition, the south corner, the densest area in Hankou, exhibited the highest frequency of a considerable negative coefficient
value, suggesting that a small increase in the MSPA class proportion can lead to a significant decrease in LST. The LST regulation effect
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of green space was dominated by cooling. In the north area, the green space area was relatively large. The increase of the islet also led
to the increase of LST. Except for the islet, although a positive coefficient of the other MSPA classes was observed in some grids, they
usually achieved small values.

4. Discussion

This study makes contributions to neighborhood-level green space planning and design for the thermal environment improvement.
First, although significant were found between spatial patterns of green space measured by landscape metrics, this study used MSPA to
further explore the relationship between green space pattern and LST in a new way, which can provide visual images of different green
space classes to guide the optimization of green space morphological pattern in a spatially explicit way. Second, to our knowledge, this
study may the first to test the spatiotemporal influence of green space pattern on LST using GTWR models, which consider both spatial
and temporal non-stationarity of the influence.

4.1. Influence of MSPA classes on LST

Among the various types of urban land cover, green space usually considered one of the most efficient factors for LST regulation [7,
16]. Mumtaz et al. [85] suggested that conversion from vegetation into built-up or barren lands resulted in the increase in LST.
However, given the complex relationship among the above-described land cover factors, it is difficult to completely eliminate the
influence of other factors in an empirical study. Thus, this study placed a focus on green space. As Lin et al. found that the core,
perforation, loop of green space exerted huge influences on heat island intensity [51], in this study, there were significant relationships
between seven MSPA classes and LST. In the study conducted by Xie et al. [41], the OLS composed of five samples revealed that
increasing areas of all the seven MSPA classes resulted in cooling the environments. In particular, the edge, bridge, and branch had a
significant influence. However, our results add the dimensions of the relationship between these indicators and LST. The effects of
seven MSPA classes showed vast differences. Some influence rules can be summarized based on the frequency maps.

As revealed by the lower proportions of the positive regression coefficient of the core in GTWR, a higher proportion of the large
green space patch in a specific area can be conducive to mitigating LST, consistent with the relationship between the landscape metric
LPI [29], thus suggesting the most massive green patch in a green space. A larger green space had a better cooling benefit since more
tree canopies and leaf areas or densities can be used for solar radiation interception and shading [86,87]. The cluster of trees also
increased the roughness of the surface, enhancing local air circulations or inversions [8], which can contribute to heat removal. Be-
sides, the cooling effect of extensive green space can extend to its surrounding areas, and the green space with a more substantial area
or tree canopy generally exhibits a longer cooling distance and a higher cooling intensity [88-90], such that more LST can be
effectively reduced. As the internal boundary of the core, Xie et al. [41] suggested that perforation keeps thermal environments stable
most effectively. However, in this study, the spatial non-stationarity of the influence of this index on LST was proposed. We found that
an increase in the perforation’s proportion led to an increase in LST in most area, probably due to the damage of the integrity of the
core.

The islet was dominated by a warming effect, because the area was too small for the islet to generate cooling benefits [91], such that
the LST tended to be increased. Forman [92] has suggested that the fragmentized distribution of green space will result in low LST,
primarily arising from the increase of the shade area and the interaction between green spaces and their surrounding areas. It
dependent on the vegetation type and its canopy; trees with small canopies exerted a warming effect [93], suggesting that the area of
green space should reach a certain threshold containing sufficient leaf area [94].

The edge’s influence on LST presented a scale difference. On the one hand, the edge consistently showed a negative relationship
with LST at the scale of 720 m and 480 m, consistent with the existing research that LST was lower in an area with a higher ED due to
more areas of shade [95]. The edge proportion in this study reflected the dispersion of the core, thus contributing to the cooling process
due to a sufficient area despite high scatter [94]. On the other hand, an opposite result was found at the scale of 240 m, consistent with
the research of Masoudi and Tan [24] using the same spatial scale of 240 m, reported a positive relationship between the ED and LST.
The possible reason is that under a constant green space area, a large ED indicated a high fragmentation of the green space.
Accordingly, there were usually a considerable number of small green patches, such that an ineffective cooling effect was generated.

As a green belt connecting two large green patches, the bridge mainly showed a cooling effect, suggesting that the bridge with a
higher proportion tended to have a lower LST. The bridge closely links the relationship among different green patches, undertaking the
function of an urban ecological corridor. The strong cooling effect of green belt space at the block scale was confirmed in this study.
Through ENVI-met simulation, Sodoudi et al. [93] showed that belt green spaces with a more stretched shape had better cooling
effects. The above-mentioned phenomena may be due to the ecological benefits of their linear morphology that can more effectively
penetrate surrounding areas [96]. The positive and negative frequency of the loop and branch was similar. On the one hand, the loop
increases the connectivity within the green space. On the other hand, with the increase in the proportion of the loop, it also weakens
the area of the core to a certain extent, leading to the increase in LST. The warming effect of the branch may be due to its morphology
extending from the core or other MSPA classed, which is exposed to the hard surface. Accordingly, an area with too high proportion of
the branch is not conducive to the decrease of LST of the green space.

4.2. Implications of spatiotemporal non-stationarity, spatial scale effect, and green space strategies
The GTWR model shows a significant advantage that its regression coefficients indicate the spatiotemporal variation characteristics
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of the influence of MSPA classes on LST. For instance, at the scale of 960 m, nearly 74 % of the grid had a coefficient derived from the
GTWR model less than that in the OLS model (—1.933), suggesting that the effect of increasing the core proportion on LST would be
overestimated for about 74 % of the study site if using an OLS model. Notably, there were 26 % of the area with an enhanced cooling
effect of increasing the core on LST.

The spatiotemporal patterns of the coefficient derived from GTWR models can provide correct information to guide LST reduction
and raise appropriate planning strategies. The negative relationships between MSPA classes (mainly the core) and LST were influential
in the densely built area (e.g., the south corner in Hankou), suggesting that a small increase in MSPA proportion in such areas leads to a
more significant reduction in LST compared with elsewhere. However, there were many positive regression coefficients for the islet.
The positive relationship was considerably strong in the north and west corners close to urban fringes, suggesting that a small increase
in the islet in such areas can lead to a more considerable increase in LST compared with elsewhere. Accordingly, the green space of
different morphological patterns was preferentially arranged in the high-density areas of this study site, while the fragmentation of
green space in fringe areas was avoided, and small-sized green patches were formed.

The spatial auto-correlation of LST and its relationship with MSPA classes were affected by the statistic grid-scale. In GTWR models,
the R? reached its peak at the 960 m scale, suggesting the scale-dependence for green space morphological pattern optimization in the
neighborhood. In China, 960 m refers to the scale that defines the neighborhood, i.e., the range between 800 m and 1200 m composed
of urban trunk roads. Consequently, the relationship between the MSPA-based morphological pattern of green space and LST can be
examined at the 960 m grid more effectively. Although 960 m may not serve as an optimal scale, a neighborhood scale should be
employed as a basic unit for green space adjustment strategies in an ordinary urban neighborhood under the general planning of green
space system.

Inconsistent with landscape metrics analysis, MSPA can be more effectively employed in green space management based on the
visualized distribution of green space with different morphological patterns. To be specific, the quantity, spatial pattern, and location
of the green space can be conclusively determined. Different MSPA classes can transform each other. It is noteworthy that the islet can
be transformed into the branch or core through its expansion if possible. On that basis, a MSPA-based green space micro-network
should be developed, which is dominated by a large green patch and connected with the surrounding small-to-medium-sized green
patches via a green belt. A simulation study on green space network planning to optimize the thermal environment has suggested that a
comprehensive organization of green patches and corridors will exert a better cooling effect than that of a single spatial element of
green space [97]. Since increasing a sizeable green space may be limited in urban high-density areas, the small-to-medium-sized green
space should be increased maximally, which can be adopted to optimize the local thermal environment. Even a small green space, a
network, or a dispersion layout is also strongly recommended to across the entire area [98]. Furthermore, combined with greenway
construction, streets should be fully afforested and link adjacent green patches based on the level and condition of the street. Trees with
large canopies and leaf density serve as optional green spaces.

5. Conclusion

Based on the green space and LST data with 0.8 m and 30 m resolution, respectively, in the three periods, the spatiotemporal
influence of morphological spatial pattern of the green space on LST was revealed through GWTR models. The findings are as follows:
(1) The GTWR model of the respective MSPA class outperformed the corresponding OLS and GWR models since the considerably
higher R? and the lower AICc value were determined from GTWR models. For GTWR models, the lowest Adj_R2 was 0.808 at the 240 m
scale. (2) In general, the core, the edge, the bridge, and the branch achieved negative coefficients, and the islet achieved a positive
coefficient. However, the perforation and the loop exerted significant dual nature effects with the similar quantity of the negative and
positive coefficients. The temporal characteristics of the influence pattern and strength of the most MSPA classes were similar in 2006
and 2013. Some differences in the spatial distribution of the regression coefficient of the edge, loop, and branch were found in 2018.
(3) The intensity of the effect of the respective MSPA class varied across the study area. At the 960 m scale, the absolute value of the
regression coefficient reached its highest (—3.31) and lowest (—0.02) value for the core and the edge, respectively. (4) A neighborhood
scale, which was 960 m in this study, was demonstrated as a basic unit in green space management. The spatiotemporal non-
stationarity of the relationships offers essential insights for urban thermal environment improvement through urban green space
planning and design.

Several limitations remained in this study. The study was conducted based on LST derived from one daytime remote sensing
imagery. Multi seasonal effects of green space on LST can be investigated in depth. Whether the findings can be applied to small-to-
medium-sized cities or megacities in other climate zones requires multicity comparison research. In particular, further studies are
required to explore whether the suggested scale (960 m) is applicable to other regions. Also, the numerical interval of multi-scale can
be set smaller, so as to more finely reveal the appropriate scale. Finally, other factors, (e.g., water bodies, built-up areas, and barren
land) can be controlled on a similar level for future research by thoroughly selecting research areas or using simulation methods.
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