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Abstract: Ecological changes affected by increasing human activities have highlighted the importance
of ecological quality assessments. An appropriate and efficient selection of ecological parameters is
fundamental for ecological quality assessments. On the basis of remote sensing data and methods,
this study developed an enhanced ecological evaluation index (EEEI) with five integrated ecological
parameters by containing pixel and sub-pixel information: normalized difference vegetation index,
impervious surface coverage, soil coverage, land surface temperature, and wetness component of
tasseled cap transformation. Significantly, the EEEI simultaneously considered the five aspects of
land surface ecological conditions (i.e., greenness, human activities, dryness, heat, and moisture),
which provided an effective guide for the systematic selection of ecological parameters. The EEEI
has a clear theoretical framework, and all the parameters can be obtained quickly on the basis of
the remote sensing datasets and methods, which is suitable for the promotion and application of
ecological quality assessments to various areas and scales. Furthermore, the EEEI was applied to
assess and detect the ecological quality of the Guangdong–Hong Kong–Macau Greater Bay Area
(GBA) of China. Assessment results indicated that the ecological quality of the GBA is currently facing
great challenges with a degradation trend from 2000 to 2020, which emphasizes the significance and
urgency for eco-environmental protection of the GBA. This provided evidence that the EEEI can be
used as an effective index for scientific, objective, quantitative, and comprehensive ecological quality
assessment, which can also aid regional environmental management and ecological protection.

Keywords: remote sensing; ecological quality; ecological index; environmental management;
Guangdong–Hong Kong–Macau Greater Bay Area (GBA)

1. Introduction

Under the continuous development of global climate change and anthropogenic
disturbances, global and local ecosystems have been significantly altered more than ever
before [1–5]. The increase of human activities has led to dramatic land cover changes from
natural landscapes to built-up areas [6–10]. From this change, a range of negative ecological
environmental impacts also occur, such as deterioration of water quality [11,12], urban heat
islands [13–15], urban waterlogging [16,17], and biodiversity reduction [18,19]. Therefore, it
is increasingly necessary to assess and monitor ecological states and spatiotemporal changes
to provide scientific knowledge for the guidance of eco-environmental management and
sustainable development for local and global regions.
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Advances in remote sensing technologies and resources provide potential opportu-
nities for rapidly and effectively monitoring various scales of ecological quality. Remote
sensing images, with the advantage of large-areal, fast, real-time, and cyclical repeat obser-
vations, are commonly applied for ecological quality monitoring. Many remote sensing
parameters and indices, such as the normalized difference vegetation index (NDVI), land
surface temperature (LST), or impervious surface area, have been applied for ecological
quality assessments [20–25]. However, applications with a single ecological parameter or
index have difficulties in revealing a comprehensive ecological quality assessment.

The most critical step of a remotely sensed ecological quality evaluation is to select
the suitable parameters related to the eco-environment by utilizing remote sensing data
and methods. Based on the purpose of comprehensive ecological quality assessments,
scholars have designed a series of ecological indices that integrate several remotely sensed
parameters (Table 1). Significantly, Xu [26] proposed a remote sensing ecological index
(RSEI) for the assessment of ecological quality that integrates four ecological factors: green,
wetness, dryness, and temperature. Four remote sensing parameters, namely, NDVI,
wetness component of tasseled cap transformation (TCT) (WET), normalized differential
build-up and bare soil index (NDBSI), and LST, were selected to represent the four ecological
factors. Next, principal components analysis (PCA) regression was used to integrate the
four parameters for a synthetic index (RSEI). Many studies have proven that the RSEI
can make a rapid and comprehensive evaluation of ecological quality at various scales,
such as nationwide or provincial region [27,28], urban agglomeration [29], urban or county
region [30–32], mining area [33], and wetland or lake basin [34,35]. The results of ecological
quality evaluated by the RESI can be visualized in both spatial and temporal ways, which
has practical significance with high credibility.

Some scholars tried to improve the ecological indices by changing parameter selection
and the number of principal components. For example, Yang et al. [29] proposed a compre-
hensive ecological quality evaluation index, where vegetation cover and vegetation health
index were used to replace NDVI parameters. Wang et al. [36] offered the arid RSEI, which
was integrated with five ecological factors, namely, greenness, humidity, heat, salinity, and
land degradation, to evaluate the ecological quality of arid regions. Song et al. [37] used
the first and second principal components to construct the modified RSEI. Additionally,
new ecological indices have continually been proposed on the basis of remote sensing
data for local ecological quality assessments. He et al. [38] developed a comprehensive
evaluation index containing fine particulate matter (PM2.5) data, LST, and vegetation cover
(VC) to evaluate the urban environmental change in China. Firozjaei et al. [39] presented a
remotely sensed urban surface ecological index by taking the imperviousness data product
from the National Land Cover Database as one of the ecological parameters to assess
the surface ecological conditions in different urban environments. These studies greatly
support ecological quality evaluations based on remote sensing technology.

Table 1. Representative studies of ecological assessment based on multiple remotely sensed parameters.

Parameter Selection Parameter Integration References

NDVI; WET; NDBSI; LST PCA Xu [26]
VC; vegetation health index; WET; NDBSI; LST PCA Yang et al. [29]

NDVI; WET; LST; salinity index; land degradation index PCA Wang et al. [36]
Organism abundance index; vegetation index; water density index; land
fragile index; air pollution index; outdoor recreation index; landscape

connectivity index
Linear combination Chen et al. [40]

PM2.5; LST; VC Geometric average He et al. [38]

Furthermore, the integration of different parameters is another key issue of ecological
quality evaluation. PCA regression [26,29] and linear combination [40,41] are widely used
methods for parameter integration. In practice, it is difficult for linear combination to
determine the weights of different parameters, which is most likely affected by subjective
experience. PCA can remove the impacts of co-linearity between the four parameters [42],
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and the weight of each parameter is objectively and automatically allocated by each param-
eter’s contribution to the principal components. Thus, the errors or divergences in weight
definition due to the subjective characteristics can be mostly prevented. Therefore, PCA
has more advantages in applications of parameter integration.

An appropriate selection of ecological parameters is fundamental for the evaluation
of ecological quality. However, previous studies focused on different dimensions of eco-
logical quality using diverse parameters that lacked a comprehensively systematic model
to provide an effective ecological evaluation. Therefore, how to organize and enhance
ecological parameter selection has become an imperative and challenging research topic
for ecological quality assessments. Firstly, the NDVI is widely used to assess vegetation
cover at different scales, which has a positive effect on ecological quality. Compared with
other vegetation factors, the NDVI has the most direct and convenient reflections of land
surface greenness [42]. Secondly, the LST and WET are important factors of local climate,
respectively, supplying heat and moisture for land surface ecosystems [43]. Furthermore,
soil coverage (SC) represents regions with sparsely vegetated coverage, which can be
used to indicate land surface dryness [44]. Additionally, the impervious surface coverage
(ISC) represents the impact of human activities and has increasingly been considered as
an important environmental indicator [45–47]. The ISC can be used as an effective factor
to quantify the effects of human activities on land surface ecosystems. These five factors
(NDVI, ISC, SC, LST, and WET) are key to the eco-environment evaluation of land surfaces,
which directly reflect ecological qualities from greenness, human activities, dryness, heat,
and moisture. Therefore, the integrated information of these five factors can effectively and
comprehensively reveal the ecological quality of land surfaces.

This study provides a guidance for ecological quality evaluations of land surfaces
from remote sensing and helps select suitable parameters for an objective, quantitative,
and comprehensive assessment of ecological quality. To achieve this goal, this study
developed an enhanced ecological evaluation index (EEEI) integrated with five ecological
parameters (NDVI, ISC, SC, LST, and WET) by containing pixel and sub-pixel information.
Specifically, we aimed to (1) develop the EEEI on the basis of the five ecological parameters;
(2) analyze the capability and performance of the EEEI; and (3) provide a case study of
a spatiotemporal ecological quality assessment in the Guangdong–Hong Kong–Macau
Greater Bay Area (GBA) of China from 2000 to 2020. This study helps with the systematic
selection of ecological parameters for an efficient ecological quality assessment, which
can also contribute to regional environmental management, ecological protection, and
sustainable development.

2. Development of the EEEI

The development of the EEEI contained two key steps, selection of the parameters
and integration of the EEEI. The five ecological parameters (NDVI, ISC, SC, LST, and WET)
represent land surface ecological qualities from greenness, human activities, dryness, heat,
and moisture. The ecological meaning of the five parameters was shown in Table 2. Then,
the PCA regression was adopted to develop a synthetic index (EEEI). The methodological
framework of this research is presented in Figure 1. The theoretical framework of the EEEI,
calculation of five ecological parameters, and integration of the EEEI are described in the
following sections.

Table 2. The ecological meaning of the five parameters.

Parameter Ecological Meaning Effect on the Ecological Quality Data Acquisition

NDVI Reflecting the greenness of the eco-environment Positive Pixel
ISC Quantifying the performance of human activities Negative Sub-pixel
SC Reflecting the dryness of the land surface Negative Sub-pixel

LST Representing the heat of the ecosystem Negative Pixel

WET Indicating the land humidity of
the eco-environment Positive Pixel
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Figure 1. The methodological framework. NDVI: normalized difference vegetation index; ISC:
impervious surface coverage; SC: soil coverage; LST: land surface temperature; WET: wetness
component of tasseled cap transformation; PCA: principal components analysis; EEEI: enhanced
ecological evaluation index.

2.1. Theoretical Framework of EEEI

The EEEI was proposed to assess the ecological quality by integrating five remote
sensing-based ecological parameters (NDVI, ISC, SC, LST, and WET). These parameters
were elaborately selected with pressure–state–response framework, which was constructed
on the measurement and analysis of anthropogenic pressure, eco-environmental status,
and climate response as parameters [48]. The ecological parameters in EEEI were selected
based on previous studies [28,29,49]. Firstly, ecological conditions and processes within
a certain range are typically affected by dynamic changes in land use/cover change to
a large extent. Among them, the most significant feature is the change from natural
landscape into construction under the pressure of anthropogenic activities. Therefore,
the ISC can be used to indicate the intensity of anthropogenic pressures on ecological
conditions. Secondly, the indicators of ecological states are designed to represent the
environmental background and the quantity and quality of resources. Hence, the NDVI
and the SC, respectively, representing the greenness and dryness, were selected to describe
the ecological state. Finally, the LST and the WET were utilized to indicate comprehensive
climate (temperature and humidity) changes in response to ecological changes. Therefore,
the EEEI integrated with the five ecological parameters can be used as an effective index
for ecological evaluation.

2.2. Calculation of Ecological Parameters

1. NDVI;

The NDVI was calculated as follows:

NDVI =
NIR − Red
NIR + Red

, (1)

where NIR and Red represent the near infrared red band and red band of the images, respectively.

2. ISC and SC;

The ISC and the SC were calculated by linear spectral mixture analysis (LSMA) un-
der a four-end-member model (vegetation, high-albedo impervious surface, low-albedo
impervious surface, and soil) in this study [50].
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The LSMA method decomposes the spectrum of each pixel into different proportions
at the sub-pixel level [51,52], which can be expressed as follows:

Ri =
n

∑
k=1

fkRik + eRi, (2)

where i is number of spectral bands; k = 1, . . . , n (number of endmembers); Ri is the spectral
reflectance of band i; fk is the proportion of endmembers k in the pixel; Rik is the spectral
reflectance of endmember k in band i; and eRi is the estimating error for band i. The above
equation must satisfy the following restrictions:

m

∑
k=1

fk = 1, fk = 0. (3)

The ISC and the SC with a value range of 0 to 1 were obtained by the LSMA method
at the sub-pixel level. To obtain more accurate results of the ISC and the SC, three spectral
indices made by setting up appropriate thresholds were used to optimize the initial unmix-
ing results. Firstly, the NDVI (Equation (1)) was used to remove the vegetation from the
impervious surface fraction and the soil fraction. Secondly, the normalized different build-
up index (NDBI) (Equation (4)) [53] was selected to eliminate the impervious surface from
the soil fraction. Lastly, the normalized different bare soil index (NDBaI) (Equation (5)) [44]
was applied to eliminate the soil from the impervious surface fraction. The equations are
as follows:

NDBI =
SWIR − NIR
SWIR + NIR

, (4)

NDBaI =
SWIR − TIR
SWIR + TIR

, (5)

where NIR, SWIR, and TIR represents the near infrared red band, shortwave infrared red
band, and thermal band of the images, respectively.

Additionally, the appropriate thresholds of each spectral index needed to be deter-
mined. Google Earth images with 1 m spatial resolution were used as the reference maps.
Taking the NDVI as an example, 300 samples of pure vegetation pixels were selected from
the study area. Next, the value ranges of the NDVI were obtained, and the average value
was considered as the threshold value of NDVI. Analogously, the thresholds of NDBI and
NDBaI were determined from the above steps. In this study, the thresholds of the NDVI,
NDBI, and NDBaI were set as 0.7, 0, and 0, respectively (Figure 2).

3. LST;

The LST can be retrieved in the User’s Handbook of Landsat Data (http://landsathandbook.
gsfc.nasa.gov/, accessed on 13 January 2021) and the coefficients of radiometric calibra-
tion [54,55]. The thermal bands of Landsat images (band 6 of Landsat TM and band 10 of
Landsat OLI) were used to retrieve the LST in the following equations:

BT = gain × DN + bias, (6)

Tb =
K2

ln(K1/BT + 1)
, (7)

where BT is the spectral radiance values of the thermal band; DN is the values of the
thermal band; gain and bais are gain and bias values of the thermal band, respectively;
Tb represents the at-satellite brightness temperature of the thermal band; and K1 and K2
are pre-launch calibration constants, which can be obtained from the User’s Handbook of
Landsat Data.

LST =
Tb

1 + (λTb/ρ)ln ε
, (8)

http://landsathandbook.gsfc.nasa.gov/
http://landsathandbook.gsfc.nasa.gov/
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ε =


0.995

0.9689 + 0.0860PV − 0.0671PV
2

0.9625 + 0.0614PV − 0.0461PV
2

NDVI < NDVImin
NDVImin ≤ NDVI ≤ NDVImax

NDVI > NDVImax

, (9)

PV =
NDVI − NDVImin

NDVImin − NDVImax
, (10)

where ε is the surface emissivity; λ represents the center wavelength (µm) of the thermal
band; the ρ value is 1.438 ×10−2 (mK); PV means the VC; and in this study, the NDVImin
and NDVImax values are 0% and 70%, respectively.
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Figure 2. The processing steps for calculation of the impervious surface coverage and the soil
coverage. LSMA: linear spectral mixture analysis; NDVI: normalized difference vegetation index;
NDBI: normalized different build-up index; and NDBaI: normalized different bare soil index.

4. WET;

The WET was obtained from the wetness component of TCT in this study [26]. The
calculation of the WET model is different for Landsat TM and Landsat OLI images.

WETTM = 0.0315Blue + 0.2021Green + 0.3102Red + 0.1594NIR − 0.6806SWIR1 − 0.6109SWIR2, (11)

WETOLI = 0.1511Blue + 0.1972Green + 0.3283Red + 0.3407NIR − 0.7117SWIR1 − 0.4559SWIR2, (12)

where Blue, Green, Red, NIR, SWIR1, and SWIR2 are the blue, green, red, near in-
frared red, shortwave infrared red band 1, shortwave infrared red band 2 of the Landsat
image, respectively.

5. Data normalization.

As the ecological parameters have different dimensions, the NDVI, the LST, and the
WET parameters were rescaled from 0 to 1. The equation of normalization is as follows:

Xnor =
X − Xmin

Xmax − Xmin
, (13)

where Xnor is the normalized value of one of the parameters and Xmin and Xmax are the
minimum and maximum values of one of the parameters, respectively.

2.3. Integration of the EEEI

Five normalized ecological parameters were obtained by the above methods. There-
fore, the key to this study is how to design a comprehensive ecological index that can inte-



Remote Sens. 2022, 14, 2852 7 of 18

grate the information of the five parameters. The PCA regression was adopted to develop a
synthetic index (EEEI). PCA is one of the compression technologies for multi-dimensional
data that can eliminate the effects of co-linearity among different variables [26,42]. Addi-
tionally, the weight of each variable can objectively and automatically be allocated based
on the contribution of each variable to the principal components. By this means, the errors
or variations in weight assignment caused by subjective factors can be avoided. PCA was
utilized for identifying the relative importance of these variables, and thus the weights of
these variables were considered to be robust.

Firstly, PCA was used to integrate the five ecological parameters, and then the first
component of PCA (PCA1) image was utilized to create the EEEI image, which contains
the most information of all parameters. Finally, to make the larger values represent better
ecological quality, the values of the PCA1 image were subtracted by 1.

The EEEI can be expressed as follows:

EEEI = 1 − PCA1(NDVI, ISC, SC, LST, WET) (14)

Finally, the values of the EEEI image were normalized from 0 to 1 so the ecological
quality can be compared among the different study periods and regions. Therefore, the
higher the EEEI value, the better the ecological quality, and vice versa.

3. Study Area and Datasets
3.1. Study Area

As a case study, we conducted a spatiotemporal ecological quality assessment in the
GBA region of China from 2000 to 2020. The GBA lies on the southern coast of China and
covers a total area of approximately 56,000 km2, with a total permanent population of more
than 70 million (2020), including 11 cities (i.e., Guangzhou, Shenzhen, Foshan, Zhongshan,
Zhuhai, Jiangmen, Zhaoqing, Dongguan, Huizhou, Hong Kong, and Macau) (Figure 3).
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Figure 3. Location of the GBA and the expansion of impervious surface from 2000 to 2020. GBA:
Guangdong–Hong Kong–Macau Greater Bay Area, GZ: Guangzhou, SZ: Shenzhen, FS: Foshan, ZS:
Zhongshan, ZH: Zhuhai, JM: Jiangmen, ZQ: Zhaoqing, DG: Dongguan, HZ: Huizhou, HK: Hong
Kong, MC: Macau, ISC: impervious surface coverage.
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The GBA is one of the major bay areas in the world. Given its location with a long
coastline and the policy of “reform and open-up,” the area has gradually become the
forefront of rapid development and urbanization in China. With the increasing urban-
ization rates, the impervious surfaces of the GBA are continuously expanding (Figure 3).
Thus, the ecological conditions of the GBA have been affected by economic construction
and anthropogenic activities. Therefore, it is urgent to conduct ecological evaluations to
understand the ecological environment and its spatiotemporal evolution in the GBA.

3.2. Data Resources and Pre-Processing

The GBA is covered by eight Landsat images (Table 3). The Landsat images were
selected from the United States Geological Survey (https://www.usgs.gov/, accessed on
4 January 2021) platform, including 24 Landsat TM images and 16 Landsat OLI images. All
images are of good quality, with less than 10% cloud cover. The radiometric calibrations
and the atmospheric corrections of these images were completed before the calculation of
ecological parameters. Additionally, the water body pixels of each image were masked out
through the modified normalized difference water index [56].

Table 3. Information of Landsat images used in this study.

Path/Row Date Cloud (%) Path/Row Date Cloud (%) Path/Row Date Cloud (%)

2000 (Landsat TM) 2005 (Landsat TM) 2010 (Landsat TM)
121/044 2000-01-03 0.00 121/044 2005-01-16 0.00 121/044 2011-01-01 0.00
121/045 2001-02-22 0.00 121/045 2004-11-29 1.00 121/045 2008-12-10 1.00
122/043 2001-12-30 0.00 122/043 2005-11-23 0.00 122/043 2009-11-02 0.00
122/044 2001-12-30 0.00 122/044 2005-11-23 0.00 122/044 2009-11-02 1.00
122/045 2001-12-09 1.00 122/045 2006-12-28 0.00 122/045 2009-01-18 0.00
123/043 2001-11-14 8.00 123/043 2004-12-13 0.00 123/043 2009-11-25 1.00
123/044 2001-02-20 1.00 123/044 2004-12-13 0.00 123/044 2009-11-25 0.00
123/045 2001-02-20 0.00 123/045 2004-12-13 0.00 123/045 2009-11-25 1.00

2015 (Landsat OLI) 2020 (Landsat OLI)
121/044 2016-12-16 0.09 121/044 2019-11-07 4.23
121/045 2016-12-16 1.53 121/045 2019-11-23 7.12
122/043 2015-01-19 0.01 122/043 2020-02-18 0.00
122/044 2015-01-19 0.11 122/044 2020-02-18 0.05
122/045 2016-02-07 0.27 122/045 2019-11-14 0.25
123/043 2016-11-28 0.02 123/043 2019-12-07 0.02
123/044 2016-11-28 0.08 123/044 2019-12-07 0.04
123/045 2016-11-28 0.31 123/045 2019-12-07 0.06

4. Results and Analysis
4.1. Capability and Performance of the EEEI

The five ecological parameters were integrated by PCA, and the PCA1-band image
was selected to develop the EEEI image of the GBA from 2000 to 2020. As shown in Table 4,
the eigen percentages of PCA1 are higher than 78% for the study years, which indicates that
it represents the primary information and characteristics of the dataset. Therefore, the EEEI
created by PCA1 can effectively contain most of the information of the five parameters.
Moreover, the correlation among the EEEI and the five parameters were shown in Figure 4.
The NDVI and the WET both have a positive effect on ecological quality and the three
others (ISC, SC, and LST) have a negative effect. This illustrates that the results of the
ecological quality evaluation expressed by the EEEI are consistent with the ecological
meaning expressed by each of the five parameters. Therefore, the EEEI can appropriately
synthesize the five ecological parameters to evaluate the ecological quality comprehensively
and quantitatively. Furthermore, the correlation coefficients between the EEEI and the
ISC are greater than 90% from 2005 to 2020, which indicates that the impervious surfaces
(human activities) have a great impact on ecological quality, and the EEEI also effectively
represents the anthropogenic effects on ecological quality in our study. In summary, the

https://www.usgs.gov/
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EEEI integrated with five ecological parameters can be used as an applicable and effective
ecological index for ecological quality assessment.

Table 4. Eigenvalue and eigen percentage of principal components analysis (PCA).

Year PCA1 PCA2 PCA3 PCA4 PCA5

2000
Eigenvalue 0.4382 0.0591 0.0422 0.0119 0.0012

Eigen percent 79.29% 10.70% 7.64% 2.15% 0.22%

2005
Eigenvalue 0.3086 0.0380 0.0243 0.0166 0.0037

Eigen percent 78.88% 9.71% 6.22% 4.25% 0.94%

2010
Eigenvalue 0.2947 0.0399 0.0210 0.0107 0.0012

Eigen percent 80.18% 10.87% 5.72% 2.90% 0.34%

2015
Eigenvalue 0.4694 0.0698 0.0186 0.0125 0.0040

Eigen percent 81.74% 12.15% 3.24% 2.18% 0.69%

2020
Eigenvalue 0.3917 0.0315 0.0199 0.0125 0.0065

Eigen percent 84.77% 6.82% 4.31% 2.71% 1.40%Remote Sens. 2022, 14, x FOR PEER REVIEW  10  of  19 
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4.2. Ecological Quality Classification and Spatial Distribution of the GBA from 2000 to 2020

The value ranging from 0 to 1 in the EEEI images indicated poor to excellent ecological
quality. The images were reclassed to five ecological quality levels on the basis of the
mean and standard deviation in this study (Table 5). The results of the ecological quality
classification of the GBA from 2000 to 2020 are shown in Figure 5a–e, and the areas and
percentage of ecological quality classification are shown in Table 6 and Figure 5f. Generally,
the ecological quality of the GBA showed a decreasing trend from 2000 to 2020 (with a mean
EEEI of 0.71 for 2000, 0.68 for 2005, 0.69 for 2010, 0.66 for 2015, and 0.64 for 2020), following
a first downward, then upward, and finally, a constantly downward trend. Moderate and
good ecological qualities were the primary ecological types of the GBA, with a combined
percentage of greater than 50% (Figure 5f). Furthermore, the excellent ecological quality
changes slightly from 2000 to 2020 with percentages between 10% to 15%, and the areas
of excellent types in 2010 are the largest. The areas and percentage of the poor ecological
quality showed a constantly increasing trend from 2000 to 2020 (5.47% for 2000, 10.44% for
2005, 12.63% for 2010, 14.31% for 2015, and 17.28% for 2020), primarily due to the expansion
of impervious surface areas.
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Table 5. Classification criteria of ecological quality of the GBA from 2000 to 2020.

Level Ecological Classification Criteria EEEI Classification

Level 1 Poor EEEI < µ – 2s EEEI < 0.31
Level 2 Fair µ – 2s ≤ EEEI < µ – s 0.31 ≤ EEEI < 0.48
Level 3 Moderate µ – s ≤ EEEI < µ 0.48 ≤ EEEI < 0.67
Level 4 Good µ ≤ EEEI< µ + s 0.67 ≤ EEEI< 0.79
Level 5 Excellent EEEI ≥ µ + s EEEI ≥ 0.79

Note: µ and s represent the mean and standard deviation of EEEI values from 2000 to 2020, respectively.
Remote Sens. 2022, 14, x FOR PEER REVIEW  11  of  19 
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Table 6. Statistics of ecological quality of the GBA from 2000 to 2020.

Year Mean of EEEI

Level 1: Poor Level 2: Fair Level 3: Moderate Level 4: Good Level 5:
Excellent

Area/km2

(Percentage)
Area/km2

(Percentage)
Area/km2

(Percentage)
Area/km2

(Percentage)
Area/km2

(Percentage)

2000 0.71
2786.96 5410.87 12,966.73 22,698.15 7087.12
(5.47%) (10.62%) (25.45%) (44.55%) (13.91%)

2005 0.68
5319.16 6572.53 18,041.33 15,768.97 5247.83

(10.44%) (12.90%) (35.41%) (30.95%) (10.30%)

2010 0.69
6434.96 5349.73 16,110.33 15,417.42 7637.38

(12.63%) (10.50%) (31.62%) (30.26%) (14.99%)

2015 0.66
7290.92 5777.71 17,170.09 15,570.27 5140.84

(14.31%) (11.35%) (33.70%) (30.56%) (10.09%)

2020 0.64
8804.13 6755.95 15,794.45 12,640.65 6954.65

(17.28%) (13.26%) (31.00%) (24.81%) (13.65%)

The spatial distribution of the ecological quality of the GBA generally followed a
pattern of “better in edge/coastal area and worse in middle/core area” (Figure 5a–e). The
excellent and good types of ecological quality were primarily in Zhaoqing city, Huizhou
city, the north of Guangzhou city, and the west of Jiangmen city. Areas with poor and fair
types of ecological quality constantly increased and were primarily concentrated in the core
areas of the GBA, with clustered distribution in Guangzhou-Dongguan city on the west
side of the Pearl River and Shenzhen-Dongguan city on the east side of the Pearl River.

4.3. Change Detection of Ecological Quality of the GBA from 2000 to 2020

To analyze the temporal and spatial changes of ecological quality of the GBA from 2000
to 2020, the detected changes between two adjacent years was analyzed on the basis of EEEI
classifications (level 1 to level 5). Therefore, the detected changes in the EEEI were further
divided into three levels with nine values ranging from −4 to 4: (1) all positive values
indicated that the level of the EEEI improved, classified as “improved”; (2) 0 values indi-
cated that the level of the EEEI remained unchanged, classified as “unchanged”; and (3) all
negative values indicated that the level of the EEEI degraded, classified as “degraded”.

The spatial distribution and proportion statistics of ecological quality changes of the
GBA in four time periods are shown in Figures 6 and 7. From 2000 to 2005 (Figures 6a and 7a),
the degraded values accounted for the highest proportion (47.93%), mainly showing as
“degraded with 1 level”. The degraded areas were widely distributed throughout the study
area, and the improved areas were mainly located in the north of Guangzhou city and
the northwest of Huizhou city. From 2005 to 2010 (Figures 6b and 7b), the unchanged
values accounted for the highest proportion (46.35%), followed by the improved and
degraded values. Foshan city contained most of the degraded values, whereas other
cities were primarily covered by the unchanged and improved values. From 2010 to 2015
(Figures 6c and 7c), the unchanged values accounted for the highest proportion (47.99%),
followed by the degraded and improved values. The degraded areas were concentrated
in Zhaoqing city and Jiangmen city, with some fragmentary distributions in other cities.
The improved areas were mainly located on the edges of Zhaoqing city and Foshan city.
From 2015 to 2020 (Figures 6d and 7d), the unchanged values accounted for the highest
proportion (45.68%), followed by the degraded and improved values. The degraded areas
were mainly located in the southeast of Huizhou city and the edges of Zhaoqing city,
Foshan city, and Jiangmen city. The improved areas were mainly concentrated in the north
of Huizhou city and the middle and south of Zhaoqing city. It is worth noting that the
changes in the improved and degraded were relatively gradual in four time periods, mainly
showing as “improved with 1 level” or “degraded with 1 level”.
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Furthermore, the detection of changes in ecological quality change of the GBA from
2000 to 2020 was also analyzed in this study. It shows that, overall, the ecological quality
of the GBA significantly degraded from 2000 to 2020, and the percentage of the degraded
areas reached 47.90% in total (Figure 7e). As shown in Figure 8, the area and percentage
with the degraded value accounted for the highest proportions in all cities of the GBA,
followed by the unchanged and the improved values.
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The spatial distribution and the percentage of ecological quality changes in different
cities exhibited different trends. In general, the central cities of the GBA exhibited a notable
degradation trend and the areas with the improved and unchanged values were mainly in
the coastal and edge cities. For ecological quality changes in different cities, there was a
rapid degradation in two cities, Foshan, and Dongguan, with 69.24% and 68.00% of the
total city area degraded, respectively. The proportion of the improved areas in Huizhou
city and Guangzhou city were relatively higher than that in other cities, where 28.08%
and 27.03% of the total city area improved, respectively. Additionally, there was relatively
gradual changing trends in Hong Kong and Macau, with the proportion of the unchanged
values of the total city area accounting for 42.20% and 47.40%, respectively.

5. Discussion
5.1. Significance of the EEEI

With the continuous and rapid increase in human activities and climate change, the
eco-environment has been significantly affected and changed at various scales [38,57].
Therefore, how to assess and monitor the spatiotemporal characteristics of ecological status
effectively and quickly has become an imperative and challenging research topic. Pre-
vious studies have designed a series of ecological indices using various parameters and
lacked a comprehensively systematic model to provide an effective ecological evaluation.
It is of great importance to develop an efficient and reliable model for ecological assess-
ments. This study developed an enhanced ecological evaluation index (EEEI) which can
provide a guidance for scientific, objective, quantitative, and comprehensive ecological
quality assessment.

Firstly, the selection of ecological parameters was objective, quantitative, and com-
prehensive. An appropriate selection of ecological parameters is fundamental for the
evaluation of ecological quality. The EEEI was developed based on a clearly designed
framework, and the selected five ecological parameters represent land surface ecological
quality from greenness, human activities, dryness, heat, and moisture. Notably, the ISC
and SC at the sub-pixel level were first used as parameters to evaluate the ecological qual-
ity. Specifically, the ISC has a clear physical meaning that can quantify human activities
and has been increasingly considered an important and necessary environmental indica-
tor [47,58,59]. Compared with other ecological indices [26,29,38], the assessment results of
the EEEI were more intuitive and sensitive to revealing the anthropogenic effects on the
ecological status. Therefore, our findings highlight the significance of selecting the ISC as a
key parameter to develop the EEEI for ecological quality evaluation.

Secondly, all ecological parameters of the EEEI are easily available, and thus the EEEI
can be easily transferable and applicable to other study areas and different datasets. The
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EEEI needs five ecological parameters as inputs, which can be easily obtained from remote
sensing data and methods (Section 2.2). Specifically, all the parameters in this study were
quickly calculated and quantified on the basis of Landsat images, and the parameters
provide timely and reliable inputs for the EEEI. Additionally, the scale of the EEEI was
30 m × 30 m in this study, which depended on the spatial resolution of the applied remote
sensing images. The EEEI is a key application of ecological remote sensing, and it has the
potential for assessments of ecological quality to other study areas and different datasets.
For example, high spatial resolution images and hyperspectral images (e.g., Sentinel-2,
Gaofen-2, Hyperion, MODIS) are available to evaluate ecological quality for local and
global regions based on the EEEI. Thus, the proposed EEEI holds a comprehensive ability
for ecological quality assessment at various scales.

Furthermore, the assessment results of the EEEI were effective, reasonable, and expli-
cable. As the results revealed, the EEEI could contain most of the information of the five
ecological parameters, and the ecological quality evaluation expressed by the EEEI was
consistent with the ecological meaning expressed by each of the five parameters (Table 3,
Figure 4). Therefore, the EEEI can simultaneously consider the five aspects of land surface
ecological conditions (i.e., greenness, human activities, dryness, heat, and moisture), which
provided an effective guidance for helping the systematic selection of ecological parameters.
Therefore, the EEEI can be used as an effective tool for quantitative and comprehensive
ecological quality evaluation.

5.2. Importance for Ecological Protection of the GBA

This study developed the EEEI to assess and detect the ecological quality and spa-
tiotemporal changes of the GBA from 2000 to 2020. Our findings that the ecological quality
of the GBA is currently facing great challenges emphasize the significance and urgency for
eco-environmental protection of the GBA. Results of ecological quality evaluation based on
the EEEI provide important and effective guidance for urban management and ecological
protection of the GBA.

As the results revealed, the ecological quality of the GBA showed a degradation trend
from 2000 to 2020, and the area and the percentage of poor levels of ecological quality were
continuously increased during the past two decades. This is largely due to the expansion of
urbanization along with the changes of natural landscapes into anthropogenic impervious
surface areas [60,61], inevitably leading to increasing areas with a poor level of ecologi-
cal quality. Additionally, the moderate and good levels of ecological quality accounted
for the highest proportion of the GBA. This indicates that the background quality of the
eco-environment contains generally good conditions within the GBA. According to the
characteristics of the ecological quality of the GBA, we suggest that decision makers should
have a comprehensive and visible understanding on spatial distributions of ecological
quality and put in effort to protect and maintain the areas with excellent and good levels of
ecological quality, mainly containing forest and grassland. The areas with moderate and
fair ecological quality levels need to be monitored for ecological changes to prevent deterio-
ration, and the areas with the poor ecological quality levels urgently need to be repaired
and improved, mainly concentrated in core areas with a high degree of urbanization.

It is noteworthy that there was a slightly upward trend in the mean of the EEEI in
2010, showing increasing proportions of the excellent and good levels of ecological quality
compared with those of the previous years. Since the reform and opening-up of China in
the 1980s, the cities in the bay area underwent rapid urbanization and the eco-environment
suffered more destruction. The local government gradually realized the urgency and
importance of environmental protection and began to implement environmental policy.
For example, the “Grain for Green Project” policy that aims to help restore bare land
to grassland or forest was implemented in the Guangdong Province. Additionally, the
“Planning of Green Space System” issue was practiced in Shenzhen in 2004, with the
goal of protecting and improving the quality of urban green spaces. More importantly,
with the theory of the “Scientific Outlook on Development” put forward in 2003, the
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development of urbanization and industrialization began to focus on environmentally
friendly concepts. Thus, driven by protection policies and awareness during this period,
the ecological quality exhibited an improvement in 2010. This explains why the mean
of the EEEI increased in 2010 to some extent, partially consistent with the results by
Chen et al. [40] and Yang et al. [29]. After that, the concept of “Development of GBA” has
been gradually put forward since 2015, and the acceleration of urbanization had led to a
serious of environmental problems. As the results of the EEEI indicated, the ecological
quality experienced a gradual decline after 2015.

From the results of detecting changes in ecological quality, the area and percentage
with the degraded values accounted for the highest proportion in all cities of the GBA from
2000 to 2020. It is clear that the degradation of ecological quality was the dominant chang-
ing trend in the GBA. With increases in urbanization, regional population, and economic
development, natural areas were gradually destroyed by construction in the past 20 years,
causing a decrease in ecological quality of the GBA. The spatial distribution and percentage
of ecological quality changes in different cities exhibited different trends, partly because
of the differences of urbanization levels in different cities. Specifically, Foshan city and
Dongguan city exhibited the most notable degradation trend compared with other cities,
owing to a fast growth rate of impervious surface in the past 20 years [22]. As two rising
cities in the GBA, Foshan city and Dongguan city experienced an accelerated process of
urbanization and gradually replaced Guangzhou city and Shenzhen city, respectively, as
industrial production bases. Economic development had priority over eco-environment
protection, and thus the ecological quality had clear degradation in these two cities. Addi-
tionally, the proportion of the unchanged areas of Hong Kong and Macau was higher than
that of other cities, accounting for approximately half of the city area from 2000 to 2020.
Hong Kong and Macau had been at a mature level of urbanization and focused more on eco-
environment conservation, where the ecological quality was well maintained during this
period. Therefore, it is necessary to implement corresponding policies of eco-environmental
protection according to the urbanization level of different cities. Especially for the rapidly
developing cities, the process of urbanization should balance the economic development
and ecological protection, avoiding the blindness of urban development. Furthermore, we
should observe the spatiotemporal distribution of the ecological quality and focus on the
areas with continuous degradation that urgently need to be repaired and improved.

In summary, the EEEI proposed by this study is applicable and provides scientific
results of ecological quality evaluation of the GBA that are reasonable and explicable. The
spatial distribution of ecological quality levels can be visually quantified and identified,
and the changing areas of ecological quality level can be quickly checked and detected
for each study period. These findings should provide important information and helpful
knowledge for the eco-environmental protection and sustainable development of the GBA.

5.3. Limitations and Future Works

Some limitations and future works need to be discussed. First, the accuracy of the
ecological parameters directly affects the performance of the EEEI for ecological quality
evaluations. Specifically, it is challenging to obtain accurate results of the ISC and the SC
in complex urban surface conditions using medium-resolution images. Applications of
multi-source images (i.e., hyperspectral images and high-spatial-resolution images) offer
potential to obtain more accurate results of ecological parameters. Second, the ecological
quality of water bodies was ignored in this study, and thus the EEEI needs to be improved
to add more ecological parameters for the evaluation of water bodies in further research.
Third, the temporal coverage of ecological quality evaluation was limited. In this study, we
only selected five-time intervals (2000, 2005, 2010, 2015, and 2020) to evaluate ecological
quality for the GBA from 2000 to 2020, which could not represent the overall conditions
and changing situations of ecological quality during this period. A time-series evaluation
of ecological quality should be implemented to better understand the continuous ecological
quality and its spatiotemporal changes in further studies.
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6. Conclusions

On the basis of remote sensing data and methods, this study developed an enhanced
ecological evaluation index (EEEI) with five integrated ecological parameters (NDVI, ISC,
SC, LST, and WET), which was proven to be used as an effective ecological index to
evaluate ecological quality. The results of the ecological quality evaluated by the EEEI
can be visualized in both spatial and temporal ways, and thus the EEEI is suitable for the
promotion and application of ecological quality assessments to various areas and scales.

The spatiotemporal characteristics of ecological quality of the GBA from 2000 to 2020
were assessed and detected by using the EEEI. Generally, the ecological quality of the GBA
experienced a degradation trend from 2000 to 2020 (with a mean EEEI of 0.71 for 2000, 0.68
for 2005, 0.69 for 2010, 0.66 for 2015, and 0.64 for 2020). The percentage of the poor ecological
quality levels increased continuously in the study period, largely owing to the expansion
of impervious surface areas. The spatial distribution results indicated that the areas with
excellent and good types of ecological quality were mainly distributed in the coastal and
edge areas, and the areas with poor level of ecological quality increased constantly and
were primarily concentrated in the core cites of the GBA. For temporal and spatial changes,
the areas and percentage with the degraded values of ecological quality level accounted for
the highest proportion in all cities of the GBA from 2000 to 2020. As the results revealed,
the ecological quality of GBA is currently confronted with great challenges. The EEEI can
provide effective and intuitive distributions of ecological quality, and can quickly detect the
spatiotemporal changes of ecological quality of the GBA. These findings should provide
scientific knowledge to help in ecological protection, environmental management, and
sustainable development for decision makers of the GBA.
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