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Remote sensing is unique in its ability to record a variety of spatial and temporal data on land surfaces with
complete coverage, especially at larger spatial scales, and it has been shown to be eﬀective for rapidly recognizing spatio-temporal changes in regional eco-environments. This paper is the ﬁrst to introduce a new
remote sensing-based ecological index (RSEI) to assess the urban ecological quality. The RSEI integrated the
primary land surface components (i.e., the build-up area and vegetation cover) and the climate (the land surface
temperature and land surface moisture) based on the framework of the pressure-state-response (PSR) using a
principal components analysis (PCA). In taking advantage of the same data source for all the indicators, the RSEI
was shown to be scalable, visualizable and comparable at diﬀerent spatio-temporal scales, and it can avoid the
variation or error in weight deﬁnitions caused by individual characteristics. We used Fuzhou City in Fujian
Province, south-eastern China, as a case study, it showed that Fuzhou demonstrated ecological improvements
during the study period from 2000 to 2016, with its RSEI value increasing from 0.267 in 2000 to 0.503 in 2016.
Moreover, the results of the spatial autocorrelation and semi-variance indicated that there was a spatial correlation in the distribution of the RSEI, with high clusters at the edge and low clusters in the centre of the city.
The values of the sill, the nugget: sill ratio and the range all increased from 2000 to 2016, which indicated a
higher spatial autocorrelation and lower spatial heterogeneity percentage in 2016 than that in 2000 in terms of
the RSEI. Based on the combination with the spatial clusters and the spatiotemporal clusters, we conﬁrmed that
the RSEI is not randomly distributed. Moreover, a hole-eﬀect semivariogram was observed, indicating a high
level of human intervention in the study area. Speciﬁcally, the construction of the build-up area during the study
period led to outward ecological degradation, and urban aﬀorestation promoted environmental quality in the
central urban area.

1. Introduction
China’s economy has been growing rapidly since the early 1980s, in
accordance with the government’s reform policy, especially in the
southeast coastal areas (http://gov.ﬁnance.sina.com.cn). This growth
has accelerated the urbanization and industrialization in these regions,
leading to dramatic land use and cover change (LUCC) from vegetation
to built-up areas. Vegetative cover transformations are so pervasive that
when aggregated in a certain place, they signiﬁcantly impact the key
aspects of local ecosystem functioning, such as biodiversity conservation, climate warming, urban heat islands, and water supplies (Xu et al.,
2009; Hansen et al., 2013, Hu et al., 2016). Unfortunately, it is not
simple to solve the environmental problems of today, but clearly, it is
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necessary to monitor and assess the ecological state and changes to
understand these complicated issues, and then conserve the ecological
integrity (Dale and Beyeler, 2001; Lin et al., 2016). Fortunately, advances in the technologies of remote sensing (RS) and geographical
information systems (GIS) have equipped ecologists with the tools to
rapidly identify spatio-temporal changes in the environment (Kerr and
Ostrovsky, 2003; Huang et al., 2012). However, despite the increasing
eﬀectiveness of remote sensing for use in large-scale environmental
monitoring, the reliability of studies based on satellite data are still
weakened by the uncertainty generated from human disturbances and
spatial heterogeneity (Liu et al., 2006).
The pace, magnitude and spatial reach of human alterations of the
earth’s land surface are unprecedented (Lambin et al., 2001). Since
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normalized diﬀerence vegetation index (NDVI) (Wang et al., 2016),
land surface temperature (LST) (Liu et al., 2006; Estoque et al., 2017),
soil moisture (Qi et al., 2004), leaf area index (LAI) (Garrigues et al.,
2006), and net primary production (NPP) (Sakai and Akiyama, 2005).
A number of techniques have been developed to assess the spatial
variations in remotely sensed imagery. Because a landscape is regularized into a grid of equally sized and regularly spaced pixels, there
must be a certain degree of dependency between pixels (Wulder and
Boots, 1998). Early studies on this question have borrowed some indices from other disciplines, such as the Gini coeﬃcient, the EllisonGlaeser index and the Herﬁndahl index, to measure the spatial dependency (Bertinelli and Decrop, 2005; Goschin et al., 2009; Liu, 2014).
Other global measures, such as Moran’s I and Geary’s C, are also widely
used in empirical analyses (Carroll et al., 2008; Yang and Wong, 2013).
However, these indices reﬂect the spatial correlations from a general
perspective by incorporating all the samples, but they are unable to
reveal whether those homogeneous pixels are in proximity to each
other or if they are dispersed over the image (Wulder and Boots, 1998;
Liu, 2014). One alternative to solving this problem is to use local indicators of spatial association (LISA) (Anselin, 1995). LISA measures
the local spatial association and indicates the discrete spatial regimes
(i.e., hot spots and cold spots) (Yang and Wong, 2013); thus, they have
the potential to overcome the problems mentioned above. At present,
besides the method of exploratory spatial data analysis (ESDA), semivariance analysis is also considered to be another extremely eﬀective
way to observe spatial characteristics (Zawadzki et al., 2009; Zawadzki
and Fabijańczyk, 2013). Semivariance measures have traditionally been
used to quantify the range of variability exhibited in the natural pattern
of resource distributions (He et al., 2007; Hu et al., 2015). Additionally,
it is worth mentioning here that the spatial heterogeneity in the observations may be aﬀected by the arbitrariness in the deﬁnition of the
scale (Wu, 2004), including the grain size (or resolution), extent and lag
(or spacing) (Dungan et al., 2002). In this paper, it refers only to the
“grain size”.
The estuary lowland region of the Minjiang River in Fujian
Province, south-eastern China, is composed of one primary coastal city,
Fuzhou (Fig. 1). This city is one of the areas with the fastest economic
growth in the country. Along with the development of the economy, the
urban areas of the city have expanded rapidly in the past two decades,
resulting in degraded habitability. Although this problem is poorly
measured, it is critical for the urban planners and decision makers of
this region. Therefore, a new remote sensing-based ecological index
(RSEI) (Xu et al., 2013) was employed to assess the spatial-temporal
variation in the ecological changes of Fuzhou City over the past
16 years using LISA and semivariance analysis techniques. This study
aims to 1) monitor the long-term dynamics of the RSEI in this rapidly
developing region from 2000 to 2016; 2) determine which grain size is
the most suitable to analyse the spatial heterogeneity; 3) identify both
static spatial clusters and temporal dynamic change clusters of RSEI;
and 4) observe the characteristics (i.e., the nugget eﬀect, sill, ranges
and orientation eﬀect) of spatial heterogeneity in the RSEI.

China initiated economic reforms and an open door policy in 1978,
tremendous land-use changes have occurred in many coastal regions of
China, such as the Yangtze River Delta region (Long et al., 2007), the
Pearl River Delta region (Seto and Kaufmann, 2003) and the Golden
Triangle Region (Xu et al., 2009). In these regions, accelerated industrialization and urbanization following economic reforms and population increases have greatly inﬂuenced land-use changes through
increases in built-up areas and urban sprawl (Wu et al., 2004). For
example, the conversion of cultivated land into non-agricultural land,
such as construction land on the urban fringe or the countryside, has
been considered a major feature of land-use change (Long et al., 2007).
With the continuous growth of China’s economy, environmental degradation induced by land use/cover change may occur without the
appropriate planning and management of the existing land resources in
these regions. Therefore, it is urgent to recognize the spatiotemporal
dynamics of eco-environmental change in urban area where humans
congregate, to provide scientiﬁc knowledge for the sustainable development of these regions.
In the early stage, plants were used as indicators to provide insights
for assessing the physical processes and changes in environmental
conditions (Clements, 1920), e.g., benthic and planktonic plants were
used as indicator species to classify stream decomposition zones and
estuarine and coastal eutrophication (Kolkwitz & Marsson, 1908; Paerl
et al., 2003). In the past three decades, the use of ecological indicators
has rapidly accelerated because of the universal need to evaluate ecological conditions for making protection or recovery decisions (Heinz
Center, 2002; Honnay et al., 2003; Niemi and McDonald, 2004). Most
of these ecological indices are based on an aggregation of selected sites
to infer regional trends (Urquhart et al., 1998; Olsen et al., 1999),
which are unsuitable for direct applications in a larger region (Urquhart
et al., 1998; Kumar et al., 2017), and they cannot predict the global
consequences of human activities (Zhang et al., 2016). In comparison
with site-speciﬁc data, RS is unique in its ability to record a variety of
spatial and temporal data over land surfaces with complete coverage,
especially with regard to larger spatial scales, and it has been eﬀective
within a variety of applications (Groom et al., 2005; Zhang et al., 2016).
However, these applications have usually focused on one aspect of the
ecological status with a single ecological factor, such as the Normalized
Diﬀerence Vegetation Index (NDVI) (Zhang et al., 2016) or the land
surface temperature (LST) (Buyantuyev and Wu, 2010; Li et al., 2011).
With the complexity of the system, e.g., greater spatio-temporal scales
and increased human disturbance, it would be best to undertake a
comprehensive consideration of various factors with a synthetic indicator (Suter et al., 2002). For instance, the United Nations conference
on sustainable development (UNCSD) provided a theme-based framework that can explicitly assess the relationships between indicators and
policies and highlight management targets (Bowen and Riley, 2003). De
Keersmaecker et al. (2015) provided a framework to evaluate ecosystem stability for the major global RS ecosystems base.
Spatial heterogeneity refers to the uneven distribution of various
concentrations of each observation (i.e., the species, terrain formation,
and environmental characteristics) within a spatial domain (Herold
et al., 2002; Wu, 2004). A landscape that shows spatial heterogeneity is
one in which various patterns of land cover types are unevenly distributed across a region; they are nearly synonymous with “patchily
distributed” (Herold et al., 2005; Liu et al., 2006), which can be indicated by remotely sensed pixel-wise values that are changed even in
the instantaneous ﬁeld of view (e.g., 1-km). This pattern is rooted in
spatial heterogeneity, which in turn is grounded in variations in spatial
dependence (Wu, 2004). Spatial dependence arises when the value of a
pixel that is recorded at a location is highly related to the values at its
surrounding locations (Wulder and Boots, 1998). These complicated
issues in the imagery make it diﬃcult to interpret and assimilate. Increasing numbers of recent studies have attempted to address the heterogeneity and homogeneity (i.e., spatial dependence) of remote-sensing-derived land surface parameters (Liu et al., 2006), e.g., the

2. Methods and materials
2.1. Study area
Fuzhou City is the capital and the largest prefecture-level city in the
Fujian Province of China (Fig. 1). It is situated in the west coast of the
Taiwan Strait and in the lower reaches of the Minjiang River, which is
the largest river within the province. The northern subtropical monsoon
climate is prevailing in this area, with an average annual temperature of
approximately 293.9 K. Annual precipitation varies widely from 796.5
to 1913.6 mm, of which approximately 33% is received in the May and
June. The average elevation is 84 m, ranging from 1 m to 802 m. The
study area (i.e., the red areas in Fig. 1b) locates in the central of the
city, which is also the political and economic center of the city and even
12
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Fig. 1. Location of the study area.

to deﬁne the RSEI. The PSR framework is based on the notion of
causality (Hughey et al., 2004), which is built upon the selection and
measurement of indicators for three categories, i.e., indicators of anthropogenic pressures, environmental states and climate responses. The
indicators in the RSEI follow the general recommendations in the academic literature (Niemi and McDonald, 2004; Lin et al., 2016; Seddon
et al., 2016). First, there is a general awareness that the ecological
patterns and processes in certain regions are aﬀected greatly by the
activity of LUCC within their boundaries and beyond (Foley et al.,
2005). Among them, the most notable physical feature is the change
from ecological lands to construction purposes. Therefore, the normalized diﬀerential build-up and bare soil index (NDBSI) was applied to
represent the intensity of the pressures on the environment originating
from human activities. Second, indicators of environmental states are
designed to describe the status quo of the environment and the quality
and quantity of resources, and their changes over time; thus, NDVI, one
of the most successful of many attempts to simply and quickly identify
vegetated areas (Sun et al., 2010; Seddon et al., 2016), was selected as
an indicator of the environmental state, describing the status quo of the
environment and the quality and quantity of resources. Lastly, the LST
and land surface moisture (LSM) were applied to indicate the local
climate (i.e., temperature and humidity) changes in response to environmental changes and concerns. In taking advantage of the same
data source for all the indicators, the RSEI has scalability, visualization
and comparability at diﬀerent spatio-temporal scales for diﬀerent regions.

of the Province, with construction and population being highly concentrated here. It has been reported that the quality of the ecosystem
have declined dramatically during the past twenty years, characterizing
with the notably warming climate in this area (Hu et al., 2015; Cai
et al., 2016). Consequently, the study on the spatio-temporal pattern in
the ecological quality of the area is meaningful, and can shed a light on
those of rapidly growing cities in the world.
2.2. Data resources and pre-processing
During this study, Landsat images were acquired on 2000-05-04
(ETM+) and 2016-06-25 (OLI/TIRS) from USGS (https://glovis.usgs.
gov/), over a period of 16 years. The images were in Level 1B, and they
were systematically processed to provide geometric corrections prior to
the analyses. First, the ETM + images were co-registered to the OLI/
TIRS using nearest-neighbour re-sampling and a second-order polynomial with a mean RMSE of less than 0.5 pixels. Clouds and their
shadows have been masked based on very low temperatures (Malbéteau
et al., 2017). Additionally, the water patches have been masked based
on the modiﬁed normalized diﬀerence water index (MNDWI) (Xu,
2006).
During the pre-processing of the datasets, the digit number (DN)
values of the multispectral bands should be further converted into
planetary surface reﬂectance values (Xu et al., 2013; Kilic et al., 2016).
For Landsat ETM + imagery, the formula for the conversion of the ataperture spectral radiance of the multispectral bands to planetary reﬂectance was expressed as indicated in the published literature
(Chander et al., 2009). For Landsat OLI imagery, the processing of the
calibration and the conversion to planetary surface reﬂectance was
performed under the guidance of the Lansat-8 algorithm posted by the
USGS (USGS, 2016a; http://glovis.usgs.gov/CDR_LSR.php).
To investigate the scale eﬀects of the landscapes, the images were
resampled into diﬀerent grain sizes, including 30·30, 60·60, 90·90,
150·150, 300·300, 900·900, 1200·1200, 1500·1500 and 1800·1800 m2.

2.3.1. Normalized diﬀerential build-up and bare soil index
The index-based built-up index (IBI) has been commonly used to
map built-up lands accurately (Xu, 2008; Essa et al., 2012). In addition
to the built-up lands, patches of bare land or sparsely vegetated ground
occurred in the deforested or abandoned locations across the study
area. For this reason, a soil index (SI) was also employed to represent
these bare areas. A combining index, NDBSI [Eq. (1)], which was
composed of IBI [Eq. (2)] and SI [Eq. (3)], was proposed here.

2.3. Calculation of the remote sensing-based ecological index

NDBSI = (IBI + SI)/2

In this case study, the RSEI is composed of a couple of indicators
that can be quickly obtained from Landsat datasets at the pixel level. In
this study, we employed the pressure-state-response (PSR) framework
13
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weight deﬁnition caused by individual characteristics (Xu, 2013).
Before processing the PCA, all the factors (i.e., NDBSI, NDVI, LST
and LSM) were rescaled between 0 and 1 (Carlson and Arthur, 2000; Xu
et al., 2009). The PCA was then calculated in ENVI (version 5.1) software using the PCA Rotation tool; as a result, a single-band image (i.e.,
RSEI image) was created. During both study years, the percent eigenvalues of PC1 were both higher than 98% (98.41% for 2000 and
98.72% for 2016), indicating that this component has integrated most
of the characteristics of all the variables, and thus PC1 was used to build
the RSEI in this study. To facilitate the temporal comparison between
the diﬀerent study periods, the resulting RSEI values were again normalized from 0 to 1, with higher values indicating better ecological
quality and lower values indicating poorer ecological quality.

IBI = {2ρSWI 1 /(ρSWI 1 + ρNIR )−(ρNIR /(ρNIR + ρRed ) + ρGreen /(ρGreen + ρSWI 1)]
/2ρSWI 1 /(ρSWI 1 + ρNIR ) + [ρNIR /(ρNIR + ρRed ) + ρGreen /(ρGreen
+ ρSWI 1)]}

(2)

SI = [(ρSWI 1 + ρRed )−(ρNIR + ρBlue )]/[(ρSWI 1 + ρRed ) + (ρNIR + ρBlue )]
(3)
where theρi is the planetary reﬂectance of each band in the ETM + and
OLI sensors, respectively; it is the same as indicated below.
2.3.2. Normalized diﬀerential vegetation index
The NDVI has been successfully utilized to monitor and assess vegetation cover across diﬀerent scales (Xu and Zhang, 2013; Seddon
et al., 2016). With the normalization of the spectral bands, the NDVI
may reduce the eﬀect of sensor degradation (Zheng et al., 2015). Most
research suggests that the NDVI is sensitive to low density vegetation,
and it is especially suitable for urban areas with high densities of builtup land (Wang et al., 2015; Liu et al., 2017). Thus, NDVI is employed
here, and it is expressed in Eq. (4) as follows:

NDVI = (ρNIR −ρRed )/(ρNIR + ρRed )

2.4. Spatial heterogeneity analysis
2.4.1. Spatial autocorrelation analysis
ESDA is a set of techniques used to detect the spatial regimes for the
observation (Anselin, 1999; Hu et al., 2015), and it can visualize the
spatial agglomeration and anomalies of the RSEI (McMillen, 2010). It
was applied to examine if the spatial autocorrelation of RSEI was present in Fuzhou City. The analysis focused on two aspects of spatial
clustering, namely the overall “global” spatial clustering and the “local”
patterns of RSEI distribution.
The global measure of Moran’s Ig is as follows [Eq. (6)]:

(4)

2.3.3. Land surface moisture
Due to the direct eﬀect of the Tasseled Cap’s components, such as
the brightness, greenness and wetness on the physical parameters of the
earth’s surface (Zawadzki et al., 2016), the Tasseled Cap transformation
has been extensively used in ecological monitoring studies (Crist, 1985;
Goward et al., 2002; Huang et al., 2002). The wetness component is
used as the LSM indicator here, as expressed in Eq. (5) as follows:

Ig =

( ∑i ∑j wij )

∑

(x i−μ)2

i

(6)

where wij is the row-standardized contiguity matrix and x i and x j are the
RSEI at grids i and j , respectively, and μ is the average level of RSEI. N
is the total number of the grids in the study area. Moran’s Ig ranges from
approximately + 1 (for positive spatial autocorrelation) to -1 (negative
autocorrelation), and zero expresses the absence of spatial autocorrelation (Anselin, 2003).
The Moran’s Ig cannot indicate hot spots and cold spots across the
study area. Therefore, the local indicator of spatial association (LISA)
was applied to measure the local spatial association and to indicate the
signiﬁcance of hot spots and cold spots (Hu et al., 2015). The local
Moran’s Il statistic [Eq. (7)] was employed to show the LISA in this
research.

LSM = 0.0315ρBlue + 0.2021ρGreen + 0.3102ρRed + 0.1594ρNIR −0.6806ρSWIR1
−0.6109ρSWIR2

N ∑i ∑j wij (x i−μ)(x j−μ)

(5)

2.3.4. Land surface temperature
The standard method for retrieving LST from raw Landsat datasets
requires the conversion of the DN values of the thermal bands (Band 6
in Landsat ETM+, and Bands 10 and 11 in Landsat TIRS) into at-satellite spectral radiance values (Lλ ) (Chander et al., 2009; Xu et al.,
2009; USGS, 2016b) and then into the at-satellite brightness temperature (Tb ), which is calculated under an assumption of unity emissivity
(ε ) and using pre-launch calibration constants (Chander et al., 2009; Xu
et al., 2009; USGS, 2016b). This process is followed by a correction for
spectral emissivity according to the nature of the landscape (Sobrino
et al., 2004; Weng, 2009; Xu et al., 2013). In this study, we used the
thermal Band 6 of Landsat ETM + and Band 10 of Landsat OLI to retrieve the LST for the years 2000 and 2016, respectively. The calculations of Lλ , Tb , ε and LST were performed in light of these references (Xu
et al., 2009; Estoque et al., 2017).

Il =

x i−μ
∑i (x i−μ)2

∑

wij (x j−μ)
(7)

j

Both the globe Moran’s Ig and the local Moran’s Il were calculated
using the GeoDa program in this study (Anselin, 2003). When the
program was run, the rook contiguity weighting method was adopted.
The number of permutation tests was set to 999 and the signiﬁcance
level was set to 0.05. Then, a spatial typology map consisting of ﬁve
categories of clusters in the RSEI was created, namely High-High (hotspots), Low-Low (cold-spots), Low–High, High-Low and “not signiﬁcant” (Figs. 6 and 7, right).

2.3.5. Synthetic index of RSEI
Based on the above calculation of each factor in the PSR framework,
we aimed to design the synthetic index (i.e., RSEI) that will allow for a
quick and quantitative assessment of a region’s ecological quality. The
weighting method is among the most important processes in the
building of the RSEI. Currently, there are many alternative weighting
methods, e.g., AHP and Delphi (Cinelli et al., 2014; Norouzian-Maleki
et al., 2015). However, even for this simple weighting method, the
subjective experience may aﬀect the weight distribution in practice. For
this reason, a principal components analysis (PCA) was adopted to
identify the relative importance of each variable. The PCA method is a
multi-dimensional data compression technology that can remove any
impact of co-linearity between the four variables (Seddon et al., 2016).
More importantly, the weight of each factor is automatically and objectively allocated according to the contribution of each factor to the
principal components, which can prevent the variation or error in the

2.4.2. Semivariance analysis
Additionally, we also employed semivariance, a central tool of
geostatistics (Krige, 1966; Zawadzki et al., 2005; Chen and Feng, 2013),
to measure the spatial continuity of the neighbouring RSEIs. The value
of the experimental semivariance for a vector is derived from calculating one-half the average squared diﬀerence between every data pair
separated by a speciﬁc lag distance of h (Krige, 1966; Hu et al., 2015).
The standard equation for the semivariance is indicated in Eq. (8) as
follows:

γ (h) =

14

1
2N (h)

N (h)

∑
i=1

[z (x i )−z (x i + h)]2

(8)
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urbanization and industrialization intensiﬁed the ecological land losses,
leading to environmental degradation (Deng et al., 2008; Hu et al.,
2015). Therefore, the smart growth and compact cities of North
American and European countries should be introduced for the sustainable development of human-dominant ecosystems in China (Couch
and Karecha 2006; Chen et al., 2008).

where γ (h) is the experimental semivariance value at distance interval
h describing the degree of autocorrelation that is present; z (x i ) is the
measured sample value (i.e., RSEI) at grid x i ; z (x i + h) is the sample
value (i.e., RSEI) at grid x i + h ; and N (h) is the total number of sample
data pairs separated by distance h .
The following parameters are usually applied to identify the semivariance functions (Treitz and Howarth, 2000; Zawadzki et al., 2005;
Hu et al., 2015): sill (C0 + C ), range ( A0 ), nugget eﬀect (C0 ), spatially
dependent structural variance (C ), and the ratio of the Nugget eﬀect
(C0) to the Sill (C0 + C). In this case, the experimental semivariance
(either the isotropic or the anisotropic one) was ﬁtted by linear, spherical, exponential and Gaussian models using GS+ v 7.0 (GDS, 2004).
The coeﬃcient of determination (R2) and the residual sum of squares
(RSS) were used to compare the goodness of the semivariance models
(i.e., linear, spherical, exponential and Gaussian models) (Davis and
Sampson, 2002).

3.2. Scale eﬀect of spatial heterogeneity
Spatial heterogeneity is prevalent on all diﬀerent scales, and it
constitutes the basis of the structure and function of landscapes, whether they are natural or artiﬁcial (Wu, 2004). To explain the spatiotemporal change mechanism in landscape structure and function as
driven by biophysical and socioeconomic factors, the scale eﬀect must
be quantiﬁed (Dungan et al., 2002). Our results showed that there was
spatial autocorrelation in the RSEI at all the grain size levels, with
statistical signiﬁcances that were all lower than 5%. This ﬁnding conﬁrms the “ﬁrst law in geography”, which shows that “Everything is
related to everything else, but near things are more related than distant
things” (Tobler, 1970).
Fig. 3 indicated that the values of Moran’s I and R2 in the spatial
autocorrelation analysis monotonically decreased with the increase in
the grain size, with a sharper decline from 150·150 m2 in both of the
study years. Figs. 4 and 5 indicated that the change in the A0 values was
large in the grain sizes of 30·30 m2, 60·60 m2 and 90·90 m2 in both of
the years; however, from 150·150 m2, the parameter trended towards
relative invariableness. The other parameters, such as C0 + C, C0/
(C0 + C) and the R2 of semivariances showed a relatively invariable
trend except for the C0 parameter.
Our analytical results are consistent with “the second law in geography”, which indicates that “Everything is related to everything else,
but things observed at a coarse spatial resolution are more related than
things observed at a ﬁner resolution” (Arbia et al., 1996). This law
revealed the truth that the variance in RSEI decreased with the increase
in the grain size in this study.
The spatial heterogeneity may exhibit various paradigms at different scales (i.e., grain sizes), and this pattern can be best characterized at a certain scale (Lam and Quattrochi, 1992). Based on the analysis, 150·150 m2 was viewed as a suitable grain size to weaken the
scale eﬀects in this study. Thus, it was applied here during the observation of the spatial pattern of the RSEI distribution.

3. Results and discussions
3.1. Exploratory data analysis
The descriptive statistics of the RSEI indicated that the average RSEI
value increased from 0.267 in 2000 to 0.503 in 2016; the medium value
of RSEI also increased from 0.307 in 2000 to 0.480 in 2016 (Table 1).
The negative skew in 2000 indicated that the tail on the left side of the
probability density function was longer or fatter than the right side;
conversely, the positive skew in 2016 indicated that the tail on the right
side was longer or fatter than the left side. Overall, our case indicated
that the eco-environmental quality of the study area was improved from
2000 to 2016. However, the previous study (Xu et al., 2013) in this area
indicated that the eco-environmental quality was degraded during the
period from 2001 to 2009. The opposite results may be due to the
diﬀerences in the time and space scale. Our study covered the period
from 2000 to 2016, while the previous study covered the period from
2001 to 2009; moreover, the study area of our study was larger than
that of the previous one because the new development in the southern
section of the study region in recent years was also involved in our
study. This ﬁnding indicated that there is a scale eﬀect (in both the
duration and spatial range) in the distribution of RSEI.
Fig. 2 revealed the spatial distribution of RSEI in 2000 and 2016. In
Fig. 2, the study area was divided into ﬁve categories according to the
RSEI values using equal intervals, namely, excellent, good, moderate,
fair and poor. In general, the eco-environment was poorer in the central
section than it was in the peripheral areas close to the rural zone, with
the red and yellow polygons concentrated in the central region and dark
green in the border. A notable characteristic of the distribution in RSEI
was that the environmentally poor areas were gathered in the centre in
2000, while it was more dispersed in 2016. The ﬁgures indicated that
the ecosystem was improved in the old districts (i.e., the north-central
areas of the study area) during the period from 2000 to 2016, while the
ecosystem was degraded in the new districts, especially in the island of
the study area. The improved polygons that occurred in the northcentral areas beneﬁted from the aﬀorestation program implemented in
the region, with many traditional industrial polluters within the urban
centre being closed or moved to the suburbs (Hu et al., 2015). Undoubtedly yet simultaneously, the urban sprawl led to continuous environment deterioration from 2000 to 2016 (Cai et al., 2016). This
ﬁnding veriﬁes the previous ﬁnding, which indicated that the

3.3. Spatial heterogeneity in RSEI
3.3.1. Spatial autocorrelation analysis
The value of Moran’s I has a range from −1 to 1. A value greater
than zero indicates a positive spatial autocorrelation; a value of less
than zero shows a negative spatial autocorrelation (Li et al., 2017). The
Moran’s Ig of the RSEI at diﬀerent spatial scales was indicated in Fig. 6.
Overall, the curve showed a downward trend, indicating that the spatial
variation in the RSEI increased with the increasing spatial distance.
Over a range of 10 km or so, the spatial association of RSEI was positive
while changing to negative beyond 10 km or so.
In this study, LISA was employed to detect both the spatial clusters
and the spatiotemporal clusters of RSEI. The spatial clusters aimed to
identify areas with high-high (hot-spot) or low-low (cold-spot) patterns
throughout the entire study region during certain periods (Fig. 7), while
the spatiotemporal clusters aimed to identify areas with changing dynamics (i.e., ones that were degraded or improved) during the study
period (Fig. 8). In Fig. 7, High-High/Low-Low signiﬁes that the statistically signiﬁcant regions of good/poor quality were surrounded by
their homogeneous regions, respectively; High-Low/Low-High indicates
the statistically signiﬁcant regions in good/poor quality surrounded by
their heterogeneous regions, respectively. In Fig. 8, High-High/LowLow indicates that the regions of statistically signiﬁcantly improved/
degraded regions were surrounded by areas with the same direction of

Table 1
Description statistics of RSEI.

2000
2012

Min

Max

Average

S.D.

Skewness

Kurtosis

Medium

−0.264
0.089

0.671
0.810

0.267
0.503

0.205
0.131

−1.002
0.412

3.449
2.167

0.307
0.480
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Fig. 2. Spatial distribution of RSEI in 2000 and 2016.
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Fig. 3. Parameters of spatial autocorrelation respond to grain sizes in years of 2000 and 2016.

and improved clusters (i.e., the red polygons in Figs. 7 and 8). It is thus
conﬁrmed that the RSEI is not randomly distributed. Therefore, it is not
diﬃcult to judge that the extension of the built-up area during the study
period led to the appearance of these Low-Low clusters in 2016, and
urban aﬀorestation promoted good environmental quality in the urban
central area (Hu et al., 2015).

change in the RSEI as themselves during the study period. High-Low/
Low-High indicates that the statistically signiﬁcant improved/degraded
regions were surrounded by areas with the opposite direction of change
in the RSEI as themselves during the study period.
Fig. 7 shows that the High-High clusters were distributed around the
study area in both study years. However, the Low-Low clusters were
concentrated in the old downtown in 2000 while moving to the periphery of the previous clusters in 2016. Fig. 8 (left) also indicates that
the eco-environmental quality in the old downtown was improved from
2000 to 2016. Fig. 8 (right) revealed that the statistically signiﬁcant
High-High/Low-Low clusters were all in the improved/degraded areas
in Fig. 8 (left), respectively.
The clusters obtained from these two methods (i.e., both the spatial
clusters and the spatiotemporal clusters mentioned above) led to similarly deteriorated clusters (i.e., the blue polygons in Figs. 7 and 8)

6

C0(10-2)

3.3.2. Semivariance analysis
Table 2 describes the parameters of the ﬁtting models in the isotropic variogram for RSEI in the years 2000 and 2016. These models
best satisﬁed the hypothesis according to the R2 and RSS values
(Zawadzki et al., 2005; Liu et al., 2013).
The nugget eﬀect (C0) represents spatially independent variability,
including the measurement error and short-scale variations that occur
at a scale smaller than the closest sampling interval (i.e., the pixel size)
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Fig. 4. Parameters of spatial heterogeneity respond to grain sizes in 2000.
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Fig. 5. Parameters of spatial heterogeneity respond to grain sizes in 2016.

semivariance analysis) are consistent, and only the combination of
these two methods can better explain the spatial paradigm of the observation.
The calculation of the experimental semivariance considering all the
pixels in all directions within the entire study area is the most rigorous
approach, but it is a very time-consuming process due to the large
number of observations involved in the calculation (Balaguer-Beser
et al., 2013). To overcome this weakness, a multidirectional approach
(i.e., anisotropic semivariance), which is deﬁned as the experimental
semivariance, is obtained by computing a limited number of analysed
directions (Maillard, 2003), which was also employed here. In this
study, both the isotropic and the anisotropic semivariances were performed and compared. The anisotropic semivariances were calculated
by taking the mean of each pixel in several transects (i.e., directions)
over a range from 0° to 180°, in which four directions, the north-south
direction (0°), northeast-southwest direction (45°), west-east direction
(90°) and southeast-northwest direction (135°), were observed here.
Figs. 9 and 10 show that the trend in the semivariance curves for both
the isotropic and anisotropic models were similar. All the curves indicated that the semivariance values tend to be higher as the lag distance increases in general, but they are not monotonic. However, the
semivariance showed a cyclical behaviour, which is known as the holeeﬀect semivariogram, which is characterized by having crest(s) and
valley(s) in a curve (Pyrcz and Deutsch, 2003), and it is commonly
found in areas with a high intensity of human intervention (BalaguerBeser et al., 2013). This ﬁnding is consistent with this study that used
an urban area as the observation object, in which populations and
buildings were highly concentrated. According to the indices of the
fractal dimension (D) for both the isotropic and anisotropic models
(Table 3), the results of the variance analysis revealed that there was no
signiﬁcant diﬀerence in the distribution of RSEI among all the directions.

(Huijbregts, 1975). According to the parameters, the values of the
nugget eﬀect (C0) for the isotropic variograms were 0.004 in 2000 and
0.009 in 2016 (Table 2), indicating that the spatially independent
variabilities generally arose from measurement errors (including sampling error) were small, and the measurements therein could be used to
analyse the spatial variation of the RSEI in question.
The spatial variations increased with the increasing interval (lagdistance) (Figs. 9 and 10), and they reached a stable plateau, which is
called the sill (C0 + C). The sill is the sum of the total variation, including the nugget eﬀect and the spatial inequality (Zawadzki et al.,
2005). The nugget/sill ratio [C0/(C + C0)] reveals the spatial correlation degree of regional variables, with a ratio < 0.25 indicating strong
spatial correlation, a ratio of 0.25–0.75 indicating moderate spatial
correlation, and a ratio > 0.75 indicating weak spatial correlation
(Cambardella et al., 1994; Javed et al., 2005). Table 2 shows that the
values of the sill were 0.011 in 2000 and 0.021 in 2016; moreover, the
values of the C0/(C + C0) were 0.383 and 0.430 in 2000 and 2016,
respectively. These parameters indicated that the structural factors
were leading sections for spatial patterns and there was spatial dependence in the distribution of the RSEI, which is consistent with the
result of the spatial autocorrelation analysis.
Their range (A0) indicates the distance at which the spatial correlation of the pixel properties disappears and therefore presents a measurement of the size of the spatial variations embedded within the
distribution of the RSEI expressed by the semivariance (Figs. 9 and 10).
Beyond the distance, the spatial interpolation or processing is invalid
(Yuan et al., 2015). In this case, the models revealed that the RSEI
distributions were fully independent when the observing distance exceeded 12 km in 2000 and 29 km in 2016 (Table 2).
The values of the sill, the nugget/sill ratio and the range all increased from 2000 to 2016 (Table 2), which indicated that there was a
higher spatial autocorrelation and lower spatial heterogeneity percentage in the RSEI in 2016 than in 2000. This trend implies that the urbanization process has a signiﬁcant eﬀect on the spatial structure of the
eco-environment as measured by RSEI. The eﬀect was a double-edged
sword as discussed in Section 3.3.1. This ﬁnding shows that the results
of these two methods (i.e., spatial autocorrelation analysis and

A new index known as RSEI, which was based on the PSR framework, was applied to evaluate the regional ecological status. It may help
Fig. 6. Moran's Ig of RSEI responds to distances in 2000 and
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Fig. 7. Signiﬁcant clusters of RSEI in 2000 and 2016.

Fig. 8. Changes and their signiﬁcant clusters of RSEI from 2000 to 2016.

avoid the variation or error in weight deﬁnitions caused by individual
characteristics. In using Fuzhou City of Fujian Province in south-eastern
China as a case, the results showed that Fuzhou experienced ecological
improvements during the study period from 2000 to 2016, with the
RSEI value increasing from 0.267 in 2000 to 0.503 in 2016.
A set of parameters was then extracted from the autocorrelation and
semivariance analysis (both of which are omnidirectional and multidirectional) to quantify the heterogeneity of the spatial distribution in
the RSEI. Based on the analysis, 150·150 m2 was viewed as a suitable
grain size to weaken the scale eﬀects in this study. The analysis of the
spatial autocorrelation and semivariance indicated that there was spatial correlation in the distribution of the RSEI, with the high value in the
edge and the low value in the centre of the city. The values of the sill,
the nugget/sill ratio and the range all increased from 2000 to 2016.
Based on the combination with the spatial clusters and the spatiotemporal clusters, we conﬁrmed that the RSEI is not randomly

Table 2
Parameters of spatial heterogeneity of RSEI in 2000 and 2016 (150 m).

2000
2016

C0

C

C0+C

C0/(C0+C)

A0 (m)

R2

RSS

0.004
0.009

0.007
0.012

0.011
0.021

0.383
0.430

12,030
28,560

0.985
0.956

5.385E−07
5.493E−06

us understand the variation in the pressure, state and response of the
ecosystem. RSEI was formed using the PC1 derived from the four factors
and thus it can measure the pressures on the environment caused by
human activities (i.e., urbanization), changes in the environmental
state (i.e., vegetation coverage) and the climate change responses (i.e.,
temperature and humidity). In using the advantage of having the same
data source for all the indicators, the RSEI was found to be scalable,
visualizable and comparable at diﬀerent spatio-temporal scales and can
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Table 3
Fractal dimension of spatial heterogeneity in RSEI for diﬀerent directions in 2000 and 2016 (150 m).
Isotropic

2000
2016

+0°
2

D

SE

R

1.897
1.881

0.104
0.077

0.963
0.979

+45°
2

D

SE

R

1.877
1.856

0.158
0.051

0.916
0.990

+90°
2

D

SE

R

1.863
1.839

0.142
0.098

0.930
0.965

distributed. Moreover, a hole-eﬀect semivariogram was observed, indicating a high level of human intervention in the study area.
Speciﬁcally, the construction of the built-up area during the study
period led to ecological degradation outward, and urban aﬀorestation
promoted good environmental quality in the central urban area. In this
case, we suggested that the observations were fully independent when
the observation distance exceeded 12 km in 2000 and 29 km in 2016.
Hence, this research sheds light on the applications of ESDA and
semivariance analysis to assess urban eco-environment changes using
the remote sensing index.

+135°
2

D

SE

R

1.936
1.894

0.317
0.176

0.741
0.899

D

SE

R2

1.901
1.917

0.174
0.173

0.902
0.905
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