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Urban greening is increasingly viewed by cities worldwide as an effective measure to mitigate adverse impacts of
urban heat island (UHI) effect. Despite the recognition of the possible influence of spatial pattern of urban green
spaces (UGS) on their cooling effect by a small, yet growing body of literature, the results are inconsistent and
inconclusive. This may be due to varying numbers and types of landscape metrics, and different statistical
methods used in different studies, as well as scale-dependency of metrics and contextual differences between
cities. We believe that comparative study across time and space using consistent methodology may overcome
these challenges. We examined the relationships between spatial pattern and cooling effect of UGS in Singapore
from 1973 to 2015 using a range of statistical and spatial methods. Landsat images were used to derive land
cover and land surface temperature (LST) maps. Our results showed that: (1) four metrics of PLAND, SHAPE_AM,
PD, and ENN_AM could effectively quantify UGS pattern and its relationships with LST across the years; (2) in
addition to the amount of UGS (composition), four aspects of UGS configuration significantly influenced LST
across the years namely, patch size, shape complexity, aggregation and fragmentation, and connectivity; (3)
relative importance of composition versus configuration may depend on the existing UGS pattern; (4) relatively
larger patches that are simpler in shape, more connected, and less fragmented were associated with lower LST.
We discuss the significance of the results and insights they provide on optimizing UGS pattern for higher cooling
effects.

1. Introduction
Urban areas have been frequently observed to be warmer than their
rural surroundings in ambient (air) temperature, a phenomenon called
as “urban heat island (UHI) effect” (Landsberg, 1981). UHI has emerged
as a significant environmental concern, as it leads to a wide range of
negative impacts, such as reduced thermal comfort of urban dwellers
and increased health problems (Patz, Campbell-lendrum, Holloway, &
Foley, 2005), increased mortality rates (Luber & McGeehin, 2008), increased threat to biodiversity (Harvell et al., 2002), and increased energy consumption (Akbari & Konopacki, 2005). With UHI being exacerbated by intensification of urbanization (i.e. urban areas become
more built-up and dense with diminished amount of green spaces)
(Zhou & Wang, 2011) and climate change (Parry, 2007), mitigation of
UHI in cities has attracted increasing attention in urban studies (Akbari
et al., 2016; Ferrari, Libbra, Muscio, & Siligardi, 2013; Santamouris,
2013; Zinzi & Agnoli, 2012; Zoulia, Santamouris, & Dimoudi, 2009).
UHI has traditionally been studied by monitoring the difference in
the air temperature between city and rural area at 1–2 m above the
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ground using fixed or mobile stations (Stewart & Oke, 2012). However,
as air temperature measurements are primarily point source data,
which cannot adequately provide information on spatial variations of
temperature, remotely-sensed land surface temperature (LST) is also
increasingly used to investigate UHI. LST has also been shown to possess moderate to strong correlations with air temperature (Gallo, Hale,
Tarpley, & Yu, 2011; Mutiibwa, Strachan, & Albright, 2015; Schwarz,
Schlink, Franck, & Großmann, 2012). LST is now routinely used to
investigate UHI in a wide range of climatic conditions as shown in recent studies (Chen, Zhao, Li, & Yin, 2006; Connors, Galletti, & Chow,
2013; Shih, 2017; Weng, Lu, & Schubring, 2004; Zhou, Huang, &
Cadenasso, 2011).
Among the range of measures to mitigate the UHI effect, one of the
most studied approaches is the use of urban green spaces (UGS). UGS in
this study includes all types of vegetation that are present in the built
environment, such as tree, shrub, grass, turf, etc. (Tan, Wang, & Sia,
2013). The promotion of UGS as an UHI mitigation measure is reflected
in an extensive body of literature that has examined the effects of the
amount of UGS on their cooling effect. Generally, it is accepted that
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higher amount of UGS confers higher cooling effect (Buyantuyev & Wu,
2010; Chen et al., 2006; Estoque, Murayama, & Myint, 2017; Oliveira,
Andrade, & Vaz, 2011; Weng et al., 2004; Zhang, Odeh, & Ramadan,
2013; Zhou & Wang, 2011). However, we contend that this knowledge
is inadequate to fully optimize the value of UGS to mitigate UHI, as the
size, shape and distribution of UGS patches should also influence their
ability to cool adjacent areas. In other words, in addition to the quantity
of UGS, their spatial pattern within a region of interest, e.g. neighbourhood, town, city, region, etc., also matters, as it influences the
cooling effects of UGS on the built environment. The spatial pattern of
UGS refers to the spatial distribution and characteristics of UGS, and is
generally described as having two independent components: configuration and composition. Configuration describes the spatial character
and placement of patches (e.g. shape complexity of patches, connectivity, and fragmentation), whereas composition refers to measures
of spatial characteristic that are not associated with placement of patches (e.g. variety and abundance of varying patch types). Varying aspects of spatial composition and configuration of patches can be
quantified using mathematical constructs called landscape metrics
(McGarigal & Marks, 1995).
That the spatial pattern of UGS should determine their cooling effects can be deduced from a principle tenet of landscape ecology — that
the spatial pattern of landscape elements in a landscape influences the
ecological processes in that landscape (Turner, 1989). This idea is also
supported by a small number of studies that has evaluated the relationship between UGS spatial pattern and cooling effect of UGS
(Asgarian, Amiri, & Sakieh, 2015; Bao, Li, Zhang, Zhang, & Tian, 2016;
Chen, Yao, Sun, & Chen, 2014a; Chen, Yao, Sun, & Chen, 2014b;
Connors et al., 2013; Estoque et al., 2017; Kong, Yin, James, Hutyra, &
He, 2014; Li et al., 2011; Li, Zhou, Ouyang, Xu, & Zheng, 2012; Li,
Zhou, & Ouyang, 2013; Maimaitiyiming et al., 2014; Shih, 2017;
Zhibin, Haifeng, Xingyuan, Dan, & Xingyang, 2014). The results from
these studies are, however, inconclusive and contradictory, and rarely
were the same methods replicated. For example, three studies have
suggested that more fragmented UGS could bring about higher cooling
effects (Bao et al., 2016; Li et al., 2011; Maimaitiyiming et al., 2014),
while four others reached the opposite conclusion (Kong et al., 2014; Li
et al., 2012; Xie, Wang, Chang, Fu, & Ye, 2013; Zhibin et al., 2014).
UGS patches with more complex shapes have also been shown to be
more effective in cooling (Asgarian et al., 2015; Bao et al., 2016; Chen
et al., 2014b; Estoque et al., 2017; Li et al., 2012, 2013; Shih, 2017;
Zhang, Zhong, Feng, & Wang, 2009; Zhou et al., 2011), which contrasts
with the findings of two other studies (Kong et al., 2014; Xie et al.,
2013). The effects of aggregation of UGS patches are not consistent
either. Several studies have suggested the positive effects of aggregation
(Estoque et al., 2017; Xie et al., 2013; Zhibin et al., 2014), whereas Bao
et al. (2016) observed its negative impacts. Kong et al. (2014) also
detected a quadratic relationship, which showed that LST initially increases with the increase in the level of aggregation of patches, but then
decreases as aggregation continues to increase. Similar uncertainties
can be seen on the influence of connectivity among UGS patches on the
resultant cooling effect – higher connectivity can either increase
(Asgarian et al., 2015; Chen et al., 2014b; Zhibin et al., 2014) or reduce
cooling effects of UGS (Li et al., 2012, 2013; Zhou et al., 2011).
The inconsistencies highlighted above regarding the UGS patterncooling effect relationships are perhaps expected for the following
reasons: (1) the number of studies is still very small for adequate generalizations to be made, and to account for outliers; (2) data has been
collected for individual cities at one single snapshot in time using different methodologies; (3) the spatial forms of cities are different and
these differences in turn, might influence the extent of cooling provided
by UGS, and (4) spatial scales of analysis differ in different studies.
Scale of studies is critical, as landscape metrics are known for their
sensitivity to changing scales (Turner, O’Neill, Gardner, & Milne, 1989;
Wu, Jelinski, Luck, & Tueller, 2000; Wu, Shen, Sun, & Tueller, 2002).
Therefore, different values for a given landscape metric may be

obtained when the landscape is of varying grain (i.e. the smallest
identifiable object in a landscape that is typically equivalent to the
resolution of the satellite image used to derive the land cover) and
extent (i.e. the boundary of the whole landscape, also typically denoted
as the size of the analytical units in a landscape) (Turner et al., 1989).
Different statistical methods used in different studies may also hinder
comparability of different studies. Seldom did past studies validate their
results on UGS pattern-LST relationships across different years, except
in the recent study of Bao et al. (2016).
Given the incomplete knowledge of the relationships between spatial pattern and cooling effects of UGS, further studies are needed to
develop generalizations that are useful to guide efforts to optimize
cooling effects of UGS. We suggest that there are two broad approaches
for studies to achieve this objective: one is to use single city study to
examine temporal changes over time, and the second is to use comparative study of multiple cities using consistent methodologies. In this
paper, we used the first approach and report on a study conducted in
Singapore from 1973 to 2015 to examine UGS spatial pattern-LST relationships using same set of data source and methodologies. This is
part of a larger study using comparative approach to develop more
generalizable relationships between UGS pattern and LST. The key research questions that we ask are, to what extent does the LST of
Singapore depend on the spatial pattern of UGS, and how has this relationship changed over time. In order to address these questions adequately and also use of the knowledge gained to facilitate comparative
studies of UGS-LST relationships, it was also necessary to investigate
the usefulness of different methodological approaches. The specific
objectives of this study are thus: (1) to determine if there is an optimum
spatial scale to study UGS pattern, and UGS pattern-LST relationships
(2) to determine which landscape metrics can adequately and consistently capture changes in UGS pattern and its relationship with LST;
(3) to investigate the historical changes in spatial pattern of UGS and
compare UGS pattern-LST relationships over time; and (4) to explore
alternative methods of assessing UGS pattern-LST relationships.
2. Methodology
2.1. Study site
Singapore was used as the study site for this research. Singapore, a
small island city-state, is located immediately north of the Equator, off
the southern tip of peninsula Malaysia. Singapore covers an area of
719.2 sq. km with a population of 5.399 million as of 2015 (Fig. 1). It
has a tropical climate with uniform temperature throughout the year
ranging from 26.4 to 28.3 °C (average monthly), mean annual rainfall of
2166 mm and mean relative humidity of 83.5% (National Environment
Agency, 2017). Despite being a heavily urbanized compact city, it is
also well-known as “Garden City” (Tan, 2016; Warren, 2013). This reputation was achieved through successful greening efforts over the past
five decades, which has led to restoration of a significant portion of its
original vegetation cover that had been lost due initially to crop cultivation and subsequently to urbanization (Tan et al., 2013). The relatively short developmental history of Singapore, its compact form of
urban development and emphasis on urban greening present Singapore
as an interesting case study to investigate the ecological impacts of
urbanization (Tan & Abdul Hamid, 2014), alternative patterns of urban
development (Alberti, 2005) and the extent to which urban greening
has mitigated UHI over the past five decades.
2.2. Data collection
Five satellite images used in this study were acquired on 17 Oct
1973 (Landsat MSS), 11 March 1991 (Landsat TM), 3 Sep 1997 (Landsat
TM), 28 Jan 2005 (Landsat TM) and 25 Feb 2015 (Landsat OLI). The
images were selected to be as cloud-free as possible. Ideally, the images
should also be used from around the same time of the year, but this
45
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Fig. 1. Red line indicates the administrative boundary used to demarcate the study area of Singapore in this study. The image at the top derived from Google Maps
and the image at the bottom is the satellite image acquired on 25 Feb 2015. (For interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)

criterion could not be met due to lack of suitable images. Nevertheless,
given Singapore’s location on the Equator, seasonal temperature differences is expected to be small compared to high latitude locations.
However, the lack of suitable images of the same time of year should
remain a limitation of this study. All images were downloaded through
LandsatLook Viewer (United States Geological Survey, n.d.).

best model was then selected based on a twofold criteria of lowest Root
Mean Squared (RMS) (i.e. a measure of the goodness-of-fit of the
model) and physically meaningful fractions of land covers (i.e. fractions
between 0 and 1) (Rashed et al., 2001). A decision tree was then constructed using the Classification and Regression Trees (CRT) algorithm
of growing using SPSS Statistics version 23 (IBM Corp, Armonk, NY,
United States) based on 30–60 training samples per class of land cover
chosen from the false-colour image. The resultant splitting rules were
next applied to the SMA fraction outputs to translate them into each of
the land covers. Water bodies were masked prior to image processing by
setting an appropriate threshold to the modified Normalized Difference
Water Index (MNDWI) image. The MNDWI was calculated following Xu
(2006) by employing the reflected shorter shortwave-infrared (SWIR)
(i.e. band 6 in Landsat 8 and band 5 in earlier Landsats). The shorter
band was used, as it was shown to produce more stable thresholds
compared to both near-infrared (NIR) and longer shortwave (SWIR)
bands (Ji, Zhang, & Wylie, 2009). Water bodies in the MNDWI typically
possess positive values, whereas vegetation, soil and built-up areas have
negative values (Xu, 2006).
Once the land cover maps were produced, accuracy assessment was
conducted at the native resolution of resultant land cover maps
(30 m × 30 m) to verify the quality of resultant maps by comparing
them against a reference map (a pre-existing map of known accuracy of
the actual site). In this study, due to the absence of reference maps for

2.2.1. Production of land cover maps
Spectral mixture analysis (SMA) was used to derive land cover maps
following Rashed, Weeks, Gadalla, and Hill (2001). SMA has been
shown to be more effective than conventional methods, such as maximum-likelihood supervised methods (Lu, Mausel, Batistella, & Moran,
2004; Rogan, Franklin, & Roberts, 2002) or NDVI-based methods
(Elmore, Mustard, Manning, & Lobell, 2000) in mapping land cover in
urban landscapes. Vegetation cover estimated using SMA has been
shown to be within ± 4% of the field-estimated vegetation cover
(Elmore et al., 2000).
Automatic Spectral Hourglass Wizard of ENVI version 5.3 (Exelis
Visual Information Solutions, Boulder, Colorado, United States) was
used to select the endmembers (homogeneous land covers) and run the
unmixing models (Hahs & McDonnell, 2006). Endmembers in this study
represented vegetation, impervious and soil following the vegetationimpervious-soil (VIS) classification scheme proposed by Ridd (1995).
Multiple models of endmembers were constructed for each year and the
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Landscape and Urban Planning 184 (2019) 44–58

M. Masoudi, P.Y. Tan

Fig. 2. Land cover map for Singapore 2015 with an overall accuracy of 86.3%. Soil for Singapore 2015 was not mapped, as it was rare and not detectable during
image processing.
Table 1
Accuracy assessment results per land cover per year.
Year

Type of accuracy

Vegetation

Impervious Surface

Soil

Overall

Singapore 2005

Producer’s accuracy
User’s accuracy
Producer’s accuracy
User’s accuracy

89.2%
84.1%
87.5%
85.4%

82.4%
71.2%
85%
75.6%

54.8%
94.4%
N/A
N/A

80.6%

Singapore 2015

all studied years, Google Earth images were used for accuracy assessment. Accuracy assessment was conducted following Congalton and
Green (1999). Google Earth images are deemed appropriate when a
coarse resolution image, such as Landsat is used in land cover production, as Google Earth images are of higher resolution (Congalton &
Green, 1999). No Google Image was available for land cover maps prior
to 2001, as Google Earth only launched in 2001. The lack of reference
maps for assessment of the accuracy of land cover maps produced before 2001 is a limitation of this study. Accuracy assessment revealed the
overall accuracies of 86.3% and 80.6% for Singapore 2015 and 2005,
respectively (Fig. 2). Table 1 shows the detailed class-by-class metrics
for accuracy assessment for 2015 and 2005. It should also be noted that
the satellite image for 1973 had the original spatial resolution of
60 m × 60 m, which was then resampled (based on the majority algorithm) in ArcMap to 30 m × 30 m for consistency and comparability.

86.3%

temperature image was corrected for land surface emissivity based on
Artis and Carnahan (1982). The emissivity values of 0.928 and 0.982
were assigned to soil and dense vegetation in this study, respectively
following Wittich (1997). Clouds were masked in the resultant LST
maps, as clouds were on average several degrees colder than the coldest
object on the ground. It should be noted that it was not possible to
produce LST map for Singapore in 1973, because the MSS type of sensor
was not equipped with thermal infrared sensors. All steps were performed using ENVI version 5.3.
2.3. Spatial pattern analysis
Landscape metrics are sensitive to changing scales (Lustig, Stouffer,
Roige, & Worner, 2015; Turner et al., 1989; Wu et al., 2002) and this
dependence on scale also affects the pattern-process relationships being
studied (Buyantuyev, Wu, & Gries, 2010; Kong et al., 2014; Li et al.,
2013). Turner (1989) has suggested only using metrics that either do
not change across varying spatial scales or change predictably. The
effect of changing scales on metrics has been examined by progressively
enlarging the extent and grain of landscapes’ maps and observing the
response curve (Turner et al., 1989; Wu et al., 2002). As for patternprocess relationships, Buyantuyev et al. (2010) have observed changing
correlation coefficient across scales between a set of landscape metrics
with NDVI and several socioeconomic variables to determine the scale
at which the interaction would be the highest. Similar approach has
been adopted by Kong et al. (2014) to study the effects of changing
spatial extents and by Li et al. (2013) to identify the operational spatial
grain in UGS pattern-LST relationships.
In this study, only the effect of extent component of spatial scale

2.2.2. Production of LST maps
LST maps (Fig. 3) were produced using single channel method by
employing the thermal infrared band (band 10 of OLI sensor and band 6
of TM sensors; all of which have spatial resolution of 30 m) of the
Landsat satellite image following Xiao et al. (2007). For each year, the
same satellite image used in its land cover production was also used in
producing its LST. Band 10 of OLI sensor (Singapore 2015) was preferred over band 11 in LST computation, as inconsistencies have been
reported in LST retrieval using band 11 (Yu, Guo, & Wu, 2014). For
each image, the digital number of pixels was converted to the top-ofatmosphere (TOA) radiance, followed by conversion to brightness
temperature. Calibration constants provided in the metadata data file of
each image were used for these conversions. Lastly, brightness
47
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Fig. 3. LST ranges from 19.3 to 34.4 °C for Singapore 2015. The white patches represent the location of clouds that were masked in LST map.

border to avoid edge effects on calculation of metrics. The basis of
choice of spatial extents was also based on integer multiple of
30 m × 30 m that is the resolution of Landsat image. Second, Pearson
correlation coefficient was determined between each of the landscape
metrics and LST across the spatial extents. The correlation coefficient
across extents was then plotted for each metric to identify the spatial
extent at which the correlation was the highest.
Prior to spatial pattern analysis, all land cover maps were converted
into TIFF format using ArcMap 10.2 (Environmental Systems Research
Institute (ESRI), Redlands, CA, United States) to facilitate the analysis.
The spatial pattern of UGS for all years was quantified using 14 landscape metrics (Table 2) using Fragstats 4.2 (McGarigal & Marks, 1995).
Metrics were selected from the commonly used metrics in the scientific

was examined. Analysis to identify the optimum spatial extent in this
study was performed by adopting two approaches. First, the entire
landscape of Singapore 2015 was progressively divided into grids of
120 m × 120 m to 3840 m × 3840 m, and the optimum extent was
identified by selecting an extent when metric remained almost stable
with changing extents. Dividing Singapore into grids of varying sizes
was done using “Uniform Tiles” sampling method provided by Fragstats
version 4.2 (McGarigal, Cushman, & Ene, 2012). “Uniform Tiles” is an
exhaustive sampling method, which creates grids of similar size (i.e. the
size is set by the user) across the whole landscape of interest. It then
computes the selected metrics and reports the resultant values over
generated grids. Applying “Uniform Tiles”, the setting was set to only
include grids in computation that fell entirely within the landscape

Table 2
Alphabetically-ordered landscape metrics used to quantify the spatial pattern of UGS in this study. For mathematical formulas, please refer to McGarigal and Marks
(1995).
Landscape metric

Abbreviation

Description

Unit

Aggregation index

AI

Percent

Area-weighted Euclidean nearest
neighbour distance
Area-weighted fractal dimension index

ENN_AM

The number of joins divided by the maximum possible umber of joins involving a given patch
type, multiplied by 100, a measure of the level of clumpiness of patches in a landscape
It is the ENN-MN weighted by the relative area of patches

FRAC_AM

Area-weighted mean patch size
Area-weighted mean shape index

AREA_AM
SHAPE_AM

Class area
Edge density

CA
ED

Landscape shape index
Largest patch index

LSI
LPI

Mean Euclidean nearest neighbour
distance
Mean patch size
Number of patches
Patch density

ENN_MN
MPS
NP
PD

The patch fractal dimension weighted by relative patch area, a measure of shape complexity of
individual patches
MPS weighted by the proportional area of patches
The shape index weighted by relative patch area, a measure of shape complexity of individual
patches
Total area of all patches of the same type
The total edge length of a given patch type per unit area (hectare), a measure of overall shape
complexity
A modified perimeter-area ratio, a measure of overall shape complexity of patches of a given type
The area of the largest patch of a given patch type divided by the total area of the landscape, a
measure of dominance
The shortest straight-line distance between the focal patch and its neighbours, a measure of
isolation/connectivity
The average area of all patches of a given type
The number of patches of a given patch type, a measure of fragmentation
The number of patches of a given type per unit area, a measure of fragmentation

Percentage of landscape

PLAND

The proportion of a landscape occupied by patches of a given type, a measure of dominance
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Meter
None
Hectare
None
Hectare
Meters per hectare
None
Percent
Meter
Hectare
None
Number per 100
hectares
Percent
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literature to ensure their ecological relevance and statistical independence (Connors et al., 2013; Hahs & McDonnell, 2006; Kong &
Nakagoshi, 2006; Kong et al., 2014; Li et al., 2012; Wu, Jenerette,
Buyantuyev, & Redman, 2011). The selected metrics cover composition,
shape complexity, connectivity, aggregation, and fragmentation dimensions of spatial pattern. LST for each analytical unit (sample) was
obtained using the built-in Zonal Statistics tool of ArcMap 10.2.

metrics with significant correlation with LST were employed in model
construction (Connors et al., 2013). To avoid multicollinearity (intercorrelation among independent variables), metrics belonging to the
same component as identified by PCA were not input together into one
model. The Variance Inflation Factor (VIF) value for each independent
variable coupled with multicollinearity condition number (MCN) were
consulted to ensure that multicollinearity was not problematic (Anselin,
2005). As a rule of thumb, it is suggested that the values for VIF and
MCN should not exceed 7.5 and 30, respectively.
Ordinary least squares (OLS) regression method was first run for
each constructed model. OLS is typically performed as a first step for its
diagnostics and also to use as a benchmark for subsequent comparison
with other models. Whether or not spatial autocorrelation was problematic, and which of the alternative spatial lag or error models
should be used was determined using the Lagarange multiplier diagnostic tests. The best model for each year was ultimately selected by
comparing the Akaike Information Criterion (AIC) of multiple models
(Anselin, 2005). Fig. 4 gives an overview of the methodological steps
taken in this study.

2.4. Statistical analysis
2.4.1. Factor analysis
There are numerous landscape metrics many of which are correlated
with one another to different degrees. Principal component analysis
(PCA) was run to see if it was possible to select a smaller subset of
metrics to explain the spatial pattern of UGS in Singapore at different
times. PCA returns with a number of components, each of which is
assigned a value called eigenvalues (i.e. a measure of relative significance of each component) and multiple variables associated with
each of the components each of which is given a score called eigenvectors (i.e. a measure of the significance of variable to that component). PCA was set to only retain components with eigenvalues larger
than 1 and variables with eigenvectors larger than 0.3, as these cut-off
values have been shown to be informative (Hahs & McDonnell, 2006).

3. Results
3.1. The effects of spatial scale

2.4.2. Correlation analysis
Pearson product-moment correlation (hereafter, Pearson correlation) was performed to measure the degree of association between each
of the landscape metrics and LST in each year. As several metrics had
non-normal distribution as shown by Kolmogorov-Smirnov test of
normality and normality plots, bootstrapping was performed to ensure
statistical significance of the observed correlation coefficient.
Bootstrapping does not assume normality when measuring the confidence intervals, which are further used to infer the statistical significance (Mudelsee, 2003). Bivariate scatterplots were also observed to
see if any sorts of nonlinear relationships existed.
Moreover, because PLAND had the highest correlation with LST in
almost all years and also because of the intercorrelation among landscape metrics, the correlation between every other metric with LST
might be influenced by PLAND (Li et al., 2012, 2013; Shih, 2017; Zhou
et al., 2011). Partial correlation was therefore conducted using SPSS
Statistics 23 to control for PLAND’s effect.
Global Moran’s I Spatial Autocorrelation tool in ArcMap 10.2
showed a statistically significant spatial autocorrelation for all landscape metrics and LST in all years (data not shown). Spatial autocorrelation implies that nearby objects tend to be more similar than
distant objects. The significant spatial autocorrelation violates the
fundamental assumption of independence among samples required by
the standard non-parametric tests (e.g. Pearson correlation, ordinary
least squares). The violation of this assumption results in overestimation of correlation coefficient, subsequently increasing the likelihood of rejecting the null hypothesis of no relationship between
variables (Li et al., 2012; Liebholdi & Sharov, 1998; Wagner & Fortin,
2005). Consequently, two spatial regression methods, spatial lag and
error models, were used; the former only addresses spatial autocorrelation in the dependent variable, while the latter addresses autocorrelation in residuals thus in both independent and dependent variables (Anselin, 2005). The decision as to whether spatial lag or error
model should be used was made based on Lagarange multiplier diagnostic tests provided by GEODA version 1.8.14 (Anselin, Syabri, & Kho,
2006) and following the flowchart proposed by Anselin (2005).

Figs. 5 and 6 illustrate the results of the effects of spatial extent on
landscape metrics and their relationship with LST. Although it is clear
that there is no definite spatial extent at which all metrics become
stable, it seems that most metrics generally become more predictable at
240 m × 240 m (Fig. 5, not all metrics are shown), suggesting this as an
optimum extent to study the spatial pattern of UGS. The relationship
between metrics and LST seems to be constantly increasing with increasing of spatial extent (Fig. 6), and it does not seem feasible to definitively detect a scale at which the relationship between metrics and
LST converge. Therefore, 240 m × 240 m was used as the optimum
extent for further analysis so that the results could be comparable
across years.

2.4.3. Regression analysis
For each year, multiple regression models were constructed to
choose the best model explaining most of the variance in LST. Only

The relative changes in the UGS spatial pattern according to the four
main dimensions as identified by PCA between 1973 and 2015 are
shown in Fig. 7.

3.2. Factor analysis of landscape metrics
Results of PCA for each year are summarized in Table 3. Four main
components were detected for each year. The explained variance in the
spatial pattern of UGS accounted for by each component is reported
along with the metrics associated with that component in the order of
significance. The first two components explain more than 75% of the
variation, with each consisting of four metrics. For the first and second
components, the three and two most significant metrics are shown,
respectively. For the other two components, only the most significant
component is shown.
A common pattern of metrics was detected for different years. PCA
identified four main components in metrics, which are almost common
to all years. The four main components in the order of significance are;
(1) area-related metrics (PLAND, LPI, AREA_AM, MPS), (2) shape
complexity (SHAPE_AM, FRAC_AM, ED, LSI), (3) fragmentation and
aggregation (PD, NP, AI), and (4) connectivity (ENN_AM, ENN_MN). A
slightly different pattern was observed for Singapore 1973, for which
three main dimensions were identified (connectivity, and aggregation
and fragmentation aspects were integrated to form the second main
component).
3.3. Spatiotemporal pattern of UGS in Singapore
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Fig. 4. Methodological framework illustrating all the methodogical steps taken in this study.

• Area-related metrics

proportional area (AREA_AM), a slightly different pattern was detected.
AREA_AM in Singapore first decreased from 1973 (20607 ha) to 1991
(16499 ha), followed by a significant increase to reach its highest in
1997 (26300 ha) from which started a declining trend to reach its
lowest in 2015 (11999 ha). MPS differs from AREA_AM in the aspect of
landscape structure it captures. MPS provides an indication of what the
average patch is like in a landscape, whereas AREA_AM describes what
the average per square meter of landscape when chosen randomly is
like in terms of patch size (McGarigal & Marks, 1995). A similar pattern
to AREA_AM was observed for LPI.

The area under vegetation (CA) in Singapore increased gradually
from 303 sq. km in 1973 to 411 sq. km in 2005, followed by a significant decrease to 342 sq. km in 2015. When area under vegetation
was compared relative to land area (PLAND), a slightly different pattern
was observed, as land area in Singapore has been gradually increasing
due to land reclamation. In fact, between 1973 and 2015, total land
area in Singapore increased by 19.3% from 617 sq. km to 736 sq. km.
PLAND increased from 49.1% in 1973 to 56.5% in 2005, but decreased
to 46.4% in 2015. It should also be noted that the cloud-covered areas
in 1973 that covered nearly 9% of the satellite image mainly fell in
vegetated areas (from visual assessment compared to other years) and
this may have led to underestimation of the calculated vegetation cover
for 1973. However, the hump-shape pattern in changes of CA and
PLAND over the studied period would have been maintained even after
accounting for the underestimation of CA and PLAND.
The average size of patches (MPS) generally decreased from 1973
(57.3 ha) to 2015 (5.45 ha). When these patches were weighted by their

• Shape complexity
Shape complexity metrics in this study showed changes in overall
shape complexity across patches (LSI and ED), as well as shape complexity of individual patches (SHAPE_AM and FRAC_AM). Shape of individual patches became more complex from 1973 to 1997, but complexity declined from 1997 to 2015. As for overall complexity, patches
became more irregular overall from 1973 to 2015 as seen in LSI and ED.
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Fig. 5. The effects of spatial extent of analysis on landscape metrics.

• Aggregation and fragmentation

significant loss of 10% between 2005 and 2015. In regard to the four
main dimensions of spatial pattern, UGS patches have become smaller,
more fragmented and more complex in shape overall. It should be noted
that given the relatively high presence of clouds in the satellite image,
and that such cloud-contaminated areas mainly fell in vegetated area,
caution needs to be taken when interpreting the results of 1973.

Both number of patches (NP) and patch density (PD) generally increased from 1973 to 2015, indicating that patches have become more
fragmented with time. Aggregation index (AI) remained almost unchanged from 1973 to 2005 at around 89% until it slightly decreased to
86% in 2015.

3.4. Relationship between spatial pattern of UGS and LST

• Connectivity metrics

3.4.1. Correlation analysis
All landscape metrics were significantly correlated with LST to
different degrees in all years (Table 4). Overall, all area-related metrics
(CA, PLAND, MPS, AREA_AM, and LPI) were all negatively correlated
with LST in all years, suggesting that relatively more UGS with larger
patches bring higher cooling effects. Shape complexity metrics (SHAPE_AM, FRAC_AM, ED, and LSI) were positively correlated with LST in
all years, suggesting that UGS with simpler shapes are more effective in

Connectivity among patches (ENN_MN) increased sharply from
1973 to 1991, and was generally maintained at around 80 m until 2015.
When ENN_MN was weighted by the proportional area of patches
(ENN_AM), a similar pattern can be observed, but proximity has increased in terms of absolute distance.
Overall, it could be inferred that Singapore successfully maintained
its overall vegetation cover from 1973 to 2005, but it experienced a

Fig. 6. The effects of spatial extent of analysis on the correlation between landscape metrics and LST.
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Table 3
Main components of landscape metrics as identified by PCA and percentage of variation in UGS spatial pattern explained by each component.
Year

Principal Components
1

Singapore
Singapore
Singapore
Singapore
Singapore

1973
1991
1997
2005
2015

54.7%
57.5%
59.4%
59.1%
54.6%

2
(PLAND,
(PLAND,
(PLAND,
(PLAND,
(PLAND,

LPI,
LPI,
LPI,
LPI,
LPI,

MPS)
AREA_AM)
AREA_AM)
AREA_AM)
AREA_AM)

21.4%
19.7%
19.3%
20.0%
21.3%

3
(PD, ENN_MN)
(SHAPE_AM, FRAC_AM)
(SHAPE_AM, FRAC_AM)
(SHAPE_AM, FRAC_AM)
(SHAPE_AM, FRAC_AM)

cooling. The metrics for fragmentation and aggregation (PD and AI)
showed that the less fragmented (lower PD) and more aggregated
(higher AI) the UGS patches, the lower the LST. Both connectivity
metrics (ENN_MN and ENN_AM) were positively correlated with LST.
However, when bivariate relationships between metrics and LST were
controlled using partial correlation analysis for effects of PLAND, connectivity metrics for all years, and LPI and AREA_AM for 2005 became
insignificant. Therefore, most configuration metrics exert effects on LST
independently of composition. This observation is repeated when controlling for the effect of spatial autocorrelation in bivariate relationships. Except for connectivity metrics (ENN_MN and ENN_AM) for
Singapore 1991, the relationship of all other metrics remained significant with LST.

19.1%
10.5%
9.30%
9.39%
11.1%

4
(SHAPE_AM)
(PD)
(PD)
(ENN_AM)
(PD)

N/A
8.99%
8.89%
8.30%
9.48%

(ENN_AM)
(ENN_AM)
(PD)
(ENN_AM)

error model should be run for all years (data not shown). The spatial
weights matrix (data not shown, as the dataset was too large: 10,620
features in 2015, 10,738 in 2005, 10,301 in 1997, and 9682 in 1991)
constructed by a row normalized first-order queen contiguity method
was used to define the structure of the relationships among samples in
the dataset to be further used when running spatial error model (Li
et al., 2012). The results are shown in Table 5. For each year, the best
model is presented along with its equivalent obtained by OLS besides a
model involving the PCA-selected metrics (the most significant metric
associated with each of the main components as identified in PCA) for
comparison.
For Singapore 1991, the model involving PLAND and ED in the
order of significance explained the most variance in LST. The model
involving the configuration metrics of ED, AI and MPS outperformed
the other models for Singapore 1997, with ED explaining most of the
variance in LST relatively, followed by AI and MPS. For Singapore
2005, the model incorporating PLAND, SHAPE_AM and AI explained

3.4.2. Regression analysis
Lagarange multiplier diagnostic tests showed that the spatial autocorrelation was significant in the data and that the alternative spatial

Fig. 7. Changes in composition and configuration of UGS in Singapore from 1973 to 2015 based on four main dimensions in UGS pattern as identified by PCA: (a)
area-related, (b) shape complexity metrics, (c) fragmentation and aggregation, and (d) connectivity. Please see Table 2 for definition of each metric.
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Table 4
Pearson correlation coefficient between each of the landscape metrics and LST in each year. Partial indicates partial correlation after controlling for the effects of
PLAND. *indicates statistical significance at p = 0.01. ^indicates statistical significance at p = 0.01, but insignificant in the presence of spatial autocorrelation.
Year

Singapore 1991
Singapore 1997
Singapore 2005
Singapore 2015

Landscape Metric
PLAND

PD

LPI

ED

LSI

MPS

AREA_AM

SHAPE_AM

FRAC_AM

AI

ENN_MN

ENN_AM

−0.30*
Partial
−0.45*
Partial
−0.36*
Partial
−0.44*
Partial

0.22*
0.09*
0.36*
0.16*
0.24*
0.04*
0.28*
0.09*

−0.31*
−0.11*
−0.46*
−0.10*
−0.36*
−0.01
−0.45*
−0.08*

0.29*
0.19*
0.43*
0.28*
0.24*
0.09*
0.27*
0.16*

0.28*
0.16*
0.44*
0.27*
0.25*
0.07*
0.30*
0.15*

−0.32*
−0.12*
−0.47*
−0.15*
−0.35*
−0.03*
−0.45*
−0.10*

−0.31*
−0.12*
−0.46*
−0.12*
−0.36*
−0.01
−0.45*
−0.08*

0.17*
0.13*
0.29*
0.21*
0.12*
0.07*
0.14*
0.11*

0.22*
0.14*
0.36*
0.22*
0.16*
0.06*
0.21*
0.11*

−0.25*
−0.08*
−0.46*
−0.21*
−0.32*
−0.09*
−0.35*
−0.10*

0.13^
0.00
0.21*
0.01
0.16*
−0.01
0.19*
0.01

0.12^
−0.01
0.20*
0.00
0.16*
−0.01
0.18*
0.00

The results in Table 5 suggests that the PCA-selected metrics were
sufficient to examine the UGS pattern-LST relationships, as there was
only a slight difference in the performance of the model incorporating
PCA-selected metrics and that of the best model. Overall, it seems that
area, shape complexity and aggregation aspects of UGS spatial pattern
determine LST in Singapore. It is worth mentioning that some variables
were significant in OLS models, but became insignificant in the
equivalent spatial error model. Furthermore, spatial error model outperformed its equivalent OLS for all years evidenced by the significantly
lower AIC of spatial error model compared to that of OLS.

Table 5
Regression modelling results. Z value indicates the relative significance of each
variable to the model. AIC indicates the overall performance of each model.
Year

Model

Singapore
1991

Spatial error (best model)
PLAND
ED
Equivalent OLS
PLAND
ED
Spatial error (PCA-selected
metrics)
PLAND
SHAPE_AM
PD
Spatial error (best model)
MPS
ED
AI
Equivalent OLS
MPS
ED
AI
Spatial error (PCA-selected
metrics)
PLAND
SHAPE_AM
PD
Spatial error (best model)
PLAND
SHAPE_AM
AI
Equivalent OLS
PLAND
SHAPE_AM
AI
Spatial error (PCA-selected
metrics)
PLAND
SHAPE_AM
PD
Spatial error (best model)
PLAND
ED
Equivalent OLS
PLAND
ED
Spatial error (PCA-selected
metrics)
PLAND
SHAPE_AM
PD

Singapore
1997

Singapore
2005

Singapore
2015

Coefficient

Z value

−0.0029028
0.00094343

−12.2
9.01

−0.0082144
0.0045455

−20.8
19.2

−0.0028307
0.12182
0.0010883

−11.1
6.83
3.19

−0.018434
0.0013531
−0.0023957

−4.04
10.1
−5.40

−0.0.13757
0.0044532
−0.014374

−17.5
−19.2
−15.2

−0.0014632
0.22088
0.0039056

−4.79
11.0
9.07

−0.0037027
0.14517
−0.0012308

−13.0
8.35
−3.76

−0.014154
0.28371
−0.0095782

−21.5
5.54
−8.61

−0.0039330
0.16174
0.00082385

−14.3
9.02
2.56

−0.0080904
0.0010970

−20.5
6.44

−0.021711
0.0049671

−43.7
17.1

−0.0076485
0.13350
0.0023084

−18.4
4.81
4.43

AIC
13,993
31,006
14,025

4. Discussion
This study showed that 240 m × 240 m can be a suitable spatial
extent to study UGS pattern, as well as UGS pattern-LST relationships.
Similar spatial extent has also previously been suggested as an optimum
extent to examine UGS pattern-LST relationships (Connors et al., 2013;
Estoque et al., 2017; Kong et al., 2014). This is despite the fact that
different satellite images with different resolutions (e.g. IKONOS in
Kong et al. (2014), QuickBird in Connors et al. (2013), and Landsat in
Estoque et al. (2017)) were used in producing land cover maps. It thus
seems that 240 m × 240 m is suitable as a scale when Landsat is used to
derive LST, as Landsat was used in all the studies above except in
Connors et al. (2013). Although Connors et al. (2013) used ASTER
level-3 products (90 m resolution), their study used 240 m × 240 m for
further analysis and comparison with LST obtained from Landsat.
This study demonstrated that the spatial pattern of UGS in
Singapore could be effectively quantified using only four metrics, as it
has been previosuly shown that each of the PCA main components
could be adequately represented by only the first significant metric
associated with that component (Hahs & McDonnell, 2006). These four
metrics were PLAND, SHAPE_AM, PD, and ENN_AM, which represent
area, shape complexity, fragmentation and aggregation, and connectivity aspects of spatial pattern, respectively. Each of these four
metrics is the most significant metric associated with their corresponding main component as identified by PCA, representing that
component, and these metrics could be also consistently used to explain
the changes in LST in multiple years. These metrics represent both
composition and configuration of UGS pattern. We suggest that this is a
promising finding and an important contribution, as a commonly reported finding in studies employing landscape metrics is that metrics
show high collinearity (Chen et al., 2014a; Hahs & McDonnell, 2006;
Riitters et al., 1995). More importantly, different numbers and types of
metrics used in studies examining UGS pattern-LST relationships limit
the ability to compare results of different studies. Our results, which are
consistently repeated over multiple years, suggest that a robust and
parsimonious set of metrics can be utilized to explain UGS pattern-LST
relationships. This not only saves time by reducing the need to compute
redundant metrics and interpret multiple metrics, but also facilitates
comparison of results across studies, and thus increases the possibility
for generalizations to be identified. The slightly different pattern

18,890

31,867

18,951

16,517

39,989

16,524

27,717
41,068
27,725

LST better than all the other models. PLAND as a composition metric
played the dominant role, comparatively in explaining LST. As with
2005, PLAND was dominant in explaining LST for Singapore 2015. The
model constructed by PLAND and ED was the best.
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observed for 1973 may be due to the fact that the base image was resampled as described earlier in the methodology section. The same set
of metrics (PLAND, PD, and SHAPE_AM) could, however, sufficiently
characterize the UGS pattern in 1973. Further research may include
more cities to see if this finding holds for other cities, as well as in
relation to other ecosystem services associated with UGS, such as
carbon sequestration, air quality, etc.

observed when Landsat (resolution of 30 m) was used, and positive
relationship when either SPOT (10 m) or QuickBird (2.44 m) was used
Li et al. (2013). To explain why the observed contradiction occurred, Li
et al. (2013) suggested that as increased PD leads to increase in ED
(enhancing the interaction between the patch with its surrounding
environment), increased PD thus reduced LST as observed when
Landsat was used. To justify the positive relationship when SPOT or
QuickBird was used, Li et al. (2013) further argued that as increased PD
results in decreased MPS, and that patches that are too small were
shown to be ineffective in cooling (Cao, Onishi, Chen, & Imura, 2010),
patches detected using SPOT and QuickBird were probably too small to
generate cooling effect, resulting in an unexpected positive relationship
between PD and LST. The same argument was made by several other
studies (Li et al., 2012; Zhang et al., 2009; Zhou & Wang, 2011).
However, this argument does not seem to apply to our results, or those
of Xie et al. (2013) and Li et al. (2012). The contradiction between our
results and those of Li et al. (2013) when Landsat was used may be
related to varying spatial extents used for computation of landscape
metrics, and sensitivity of metrics to changing scales as elaborated
earlier. Metrics of UGS pattern in our study were calculated based on
grids of 240 m × 240 m, while in the study by Li et al. (2013) were
computed with reference to 109 census tracts of different sizes in
Beijing, China. Differences in the general spatial form of the city, as
well as existing UGS pattern may also explain the observed contradictions. For instance, while overall UGS extent in Singapore was
generally between 45 and 60% in the years included in our study, UGS
in Beijing was estimated at 18.6% when using Landsat. This and other
differences in terms of UGS pattern may have caused varying patterns
observed in UGS pattern-LST relationships.
Overall, given the significant effects of spatial extent (Kong et al.,
2014), and resolution (grain) of the satellite image (Li et al., 2013), as
well as the choice of statistical method (Li et al., 2012, 2013; Shih,
2017; Zhou et al., 2011) on the relationship between UGS pattern and
LST, it seems a challenging, if not an impossible task, to compare results
across studies. A comparative approach through time and space using
consistent methodology like this study may provide an opportunity for
the results from one year or one city to be comparable with other years
or other cities (McDonnell & Hahs, 2013). This allows potential similarities and dissimilarities in UGS pattern-LST relationships to be detected, and evaluated against differences between cities or in a single
city at different times. The usefulness of comparative approach as
shown by this research should be further evaluated in future studies to
increase comparability across studies, and to understand possible influence of other confounding factors, such as urban form, climate and
scale effects.
The fact that the pattern of the relationships between UGS spatial
pattern and LST has remained unchanged in Singapore over time may
suggest that an underlying factor has remained constant over time. An
example of this factor may be the pattern of urban development that
has been practiced revolving around same principles (e.g. significant
focus on greening through a variety of measures, such as interspersing
UGS into built-up areas (Tan et al., 2013)) over the years. This in turn,
could have influenced the spatial structure of the city and subsequently
UGS. This may suggest that the way in which a city has been developed
seems to determine its UGS spatial pattern and subsequently their
cooling effect. This could form a working hypothesis for future research. Further research may include cities of varying patterns of urban
development or morphology to see how they compare regarding UGS
pattern-LST relationships.
It was also observed that water was consistently associated with
lower LST, followed by vegetation, impervious surface and soil (data
not shown). The repeated lowest-to-highest order of water, vegetation,
impervious surface, and soil with regard to LST over the years support
the evidence from past studies conducted in different cities (Chen et al.,
2014a; Kong et al., 2014; Weng et al., 2004; Xie et al., 2013). This

4.1. The relationship between spatial pattern of UGS and LST
Past studies mainly from temperate (Chen et al., 2006; Oliveira
et al., 2011; Weng et al., 2004; Zhou & Wang, 2011) and arid cities
(Buyantuyev & Wu, 2010; Connors et al., 2013) have shown that increasing amount of UGS reduces LST in cities. This study showed
likewise that the amount of UGS (PLAND) is a significant determinant
of LST in a tropical city. Our study also strengthens the evidence that
configuration of UGS also matters (even after controlling for the effect
of composition). Results showed that the size of individual patches,
their geometric shape, the proximity of patches to one another, their
level of fragmentation and aggregation, all play a role in determining
LST in urban areas. This finding should be particularly applicable to
cities with severe space constraints arising from competing land use
demands, as it is challenging under such space constraints to add more
UGS in the city. The finding that UGS pattern, and not the quantity
alone, matters suggests that it may be possible to explore reconfiguring
UGS pattern in future land redevelopment to optimize cooling benefits
for the same amount of land uptake for UGS.
Similar to almost all other studies (except the study by Li et al.
(2011)), composition in this study was generally observed to have a
more important effect on LST than configuration. The relative importance of composition versus configuration, however, varied across
time as indicated by the PLAND coefficient, and the ratio of PLAND z
value to that of the strongest configuration metric. That is to say, the
smaller the ratio or the coefficient, the less important the PLAND in
relation to LST. The respective ratios were 1.63, 2.50, and 3.83 for
1991, 2005 and 2015, respectively. The PLAND coefficient also increased gradually over time.
Overall, a diminishing effect could be seen for the effects of configuration over time. However, configuration exerted more effects on
LST than composition in 1997. These observations may be attributed to
aspects of UGS pattern that have changed, such as decreasing trend of
vegetation cover over time (from 1973 to 2015, other than 1997).
Vegetation cover in 1997 was the highest (58.2%) over the four decades. UGS patches in 1997 were also relatively larger (higher
AREA_AM, MPS and LPI) and less fragmented (lower NP and PD),
possibly due to the higher amount of UGS in 1997 compared with other
years. UGS patches in 1997 also had more complex shapes (higher
SHAPE_AM), comparatively. These may suggest that when patches are
less fragmented and larger with more complex shapes, configuration’s
role will be enhanced. There may be also a threshold effect affecting
these and other metrics. This finding merits further research. It is also
worth noting that overall, UGS extent in Singapore decreased, patches
became smaller, more complex, more fragmented, and less connected
and aggregated from 1973 to 2015.
The pattern of UGS pattern-LST relationships was consistent over
the years in Singapore. Overall, more UGS with larger patches that are
simpler in shape, more aggregated and connected, and less fragmented
seem to have higher cooling effects in Singapore. There are similarities
and differences in this regard with other studies as elaborated in the
introduction. For instance, the positive relationship between PD and
LST in our study is consistent with four studies (Kong et al., 2014; Li
et al., 2012; Xie et al., 2013; Zhibin et al., 2014), but differs from three
others (Bao et al., 2016; Li et al., 2011; Maimaitiyiming et al., 2014). In
a study on the effects of satellite image’s resolution on UGS pattern-LST
relationships, a negative relationship between PD and LST was
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suggests that mixing water and vegetation components with paved
areas during urban development may further cool the urban temperature.

Table 6
Minimum percentage of each unit of analysis of 240 m × 240 m in each year
required to be covered by vegetation to generate cooling effect.
Year

4.2. Implications of spatial autocorrelation

Singapore
Singapore
Singapore
Singapore

Spatial autocorrelation implies that samples are not independent
from one another, which is a common property of spatial datasets that
is often overlooked in ecological studies. Violation of the assumption of
independence among samples leads to invalid results from OLS, therefore necessitates the use of spatial regression methods. Spatial regression methods, such as spatial error model used in this study can overcome the issue of spatial autocorrelation. This study demonstrated that
spatial error model of regression is more suitable than OLS in explaining LST based on UGS pattern. This finding reinforces the suggestion of Li et al. (2012) regarding the use of spatial regression models
over conventional regression techniques, such as OLS in spatial patternLST relationships.
Spatial error models used in this study also suggest that temperature
in a given area is influenced by and influences the temperature in its
neighboring samples. Therefore, LST of a given area is not only dependent on the spatial pattern of UGS in that area, but also depends on
those of adjacent areas. This finding suggests that for higher cooling
effects, a more even distribution of UGS patches throughout the study
area should be considered. This suggestion has also been reported in
previous studies (Bao et al., 2016; Trihamdani, Lee, Kubota, & Phuong,
2015). It is interesting to note that all three studies, which used different methods and approaches (spatial regression methods in our
study, numerical simulation modelling in Trihamdani et al. (2015), and
comparison of UGS spatial characteristics in varying LST zones in Bao

1991
1997
2005
2015

Vegetation Cover
(%)

Mean LST
(°C)

Min Required PLAND
(%)

53.1
58.2
56.6
46.4

16.6
22.5
21.7
24.3

60.9
64.3
64.5
52.1

et al. (2016)) developed the same insights, suggesting this as a possible
generalization on UGS pattern-LST relationship.
Another implication is that it may not be possible to suggest a determinate value as the minimum vegetation cover each analytical unit
needs to have in order to provide cooling effect. To illustrate this, we
used two different approaches. Cooling effect is defined as having LST
lower than mean LST (Kong et al., 2014). In the first approach, the
minimum required vegetation cover for each of the 240 m × 240 m
samples was calculated by solving the PLAND-LST bivariate regression
equations (Fig. 8) (Kong et al., 2014). It is clear that the minimum
required PLAND has a circular relationship with LST (Table 6). For
instance, each unit of analysis in 2015 needed to have 52.1% vegetation
cover to provide cooling effect as compared to the significantly higher
amount of 64.5% in 2005. As shown, any threshold value for PLAND
obtained by such an approach seems to be an artefact of the existing
situation, thus possibly spurious.
In the second approach, samples with LST lower than mean LST in
all studied years were selected to examine if it was possible to identify
any threshold for PLAND. Similar analyses were performed for the
samples that were warmer than mean LST. Based on Table 7, samples

Fig. 8. Relationship between PLAND and LST in different years.
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Table 7
The range and mean for PLAND for cooler and warmer samples defined based on the mean LST over the whole city for each year.
Year

Singapore
Singapore
Singapore
Singapore

Cooler Samples

1991
1997
2005
2015

Warmer Samples

Min PLAND

Max PLAND

Mean PLAND

Min PLAND

Max PLAND

Mean PLAND

1.56%
1.56%
1.56%
1.56%

100%
100%
100%
100%

70.4%
78.1%
76.8%
68.1%

1.56%
1.56%
1.56%
1.56%

100%
100%
100%
100%

52.2%
50.1%
53.5%
35.9%

could virtually have any value for PLAND to be cooler or warmer. The
mean PLAND of cooler samples were substantially higher than that of
warmer samples.

effects on LST where spatial autocorrelation is significant. Overall,
given the expected shortcomings of conventional methods, such as OLS
in handling spatial data, it is suggested to use spatial statistics, as they
may provide more valuable insights.
The results of this study also have practical contributions regarding
greening for policy makers, urban designers and planners as far as
cooling effect is concerned. It is suggested that greening programs in
Singapore focus on maintaining the overall vegetation cover, more even
distribution of UGS throughout the city, enlarging the smaller patches
where possible, connecting the UGS patches through means, such as
roadside tree planting, and creating simpler patches, geometrically.
Interspersing vegetation and water into built-up areas can also further
contribute to the urban cooling.

5. Conclusion
This study examined the spatiotemporal pattern of UGS and its
impacts on LST in Singapore from 1973 to 2015. This research makes
multiple important contributions to the existing scientific knowledge. It
was shown that the spatial pattern of UGS in Singapore may be effectively quantified using only four metrics, PLAND, SHAPE_AM, PD, and
ENN_AM, each representing a distinct dimension of spatial pattern,
namely: patch size, shape complexity, fragmentation and aggregation,
and connectivity, respectively. These four metrics were also shown to
adequately explain LST in Singapore. The possibility of defining UGS
pattern-LST relationships using only four metrics can foster comparative studies across cities using similar metrics. This is in view of the fact
that studies are currently using different combinations of metrics, and
that high multicollinearity among metrics has been frequently reported.
Factor analysis also proved a suitable method to objectively select representative metrics to explore pattern-process relationships.
It was demonstrated that in addition to the amount of UGS (composition), their configuration also matters in determining LST.
However, the relative importance of composition versus configuration
changed over time, with the influence of composition increasing over
time. The relative importance of composition versus configuration may
depend on aspects of the existing spatial pattern of UGS, such as size of
patches (AREA_AM), shape complexity (SHAPE_AM) and amount of
UGS (PLAND). It appears that overall, larger patches with more complex shapes and/or above a certain PLAND cause configuration to play a
more important role. This can be an area of focus for future studies to
demonstrate the importance of these variables. That it is possible to
benefit from higher cooling effects from the same amount of UGS by
only optimizing their spatial pattern is particularly relevant for cities
with space constraints. Such cities may incorporate this knowledge into
their future greening schemes.
The pattern of the relationships between UGS spatial pattern and
LST was consistent across the years. Our study showed that more and
relatively larger UGS patches that are simpler in shape, more aggregated and connected, and less fragmented were associated with
lower LST. This probably suggests that although the UGS pattern
changed over time, changes were still within a range that did not lead
to changes in the pattern-LST relationships. This may also make a
working hypothesis for future research. The development of this, as
well as the earlier hypothesis that the relative importance of composition versus configuration of UGS in relation to LST may be a function of
the existing UGS pattern were only made possible through the comparative approach employed by this study. We therefore believe that
the novel application of comparative approach across time and space
will provide richer understanding of UGS pattern-LST relationships.
Overall, vegetation cover in Singapore has decreased, patches became smaller, more complex in shape, and more fragmented. Spatial
regression methods proved to be suitable methods to examine pattern
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