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Abstract: Rapid urbanization facilitates socioeconomic development but also exacerbates land
use/cover change (LUCC), significantly impacting ecological environments. Timely, objective, and
quantitative assessments of ecological quality changes resulting from LUCC are essential for safe-
guarding the natural environment and managing land resources. However, limited research has
explored the potential interrelationships between the spatio-temporal heterogeneity of LUCC and
ecological quality during urbanization. This study focuses on the Xiong’an New Area, a region expe-
riencing rapid urbanization, utilizing the remote sensing-based ecological index (RSEI) to monitor
ecological quality dynamics from 2017 to 2023. To address the computational challenges associated
with large-scale regions, a streamlined RSEI construction method was developed using Landsat
imagery and implemented via Google Earth Engine (GEE). A geographically weighted regression
(GWR) analysis, integrated with Sentinel-2 land use data, was employed to examine the influence of
LUCC on ecological quality. The findings reveal the following: (1) Ecological quality in the Xiong’an
New Area has exhibited an overall positive trajectory, with improvements elevating the ecological sta-
tus to above moderate levels. (2) Urban expansion resulted in a 17% reduction in farmland, primarily
converted into construction land, which expanded by approximately 12%. (3) Ecological protection
policies have facilitated the conversion of farmland into wetlands and urban green areas, which
emerged as the principal contributors to ecological quality enhancement. (4) A positive correlation
was observed between changes in ecological land and ecological quality, while a negative correlation
was identified between shifts in the construction land and farmland and ecological quality. This
research provides valuable scientific insights into ecological conservation and land use manage-
ment, thereby establishing a foundation for the development of rational land resource planning and
sustainable ecological development strategies in the Xiong’an New Area.

Keywords: ecological quality; remote sensing-based ecological index; land use/cover change;
geographically weighted regression; Google Earth Engine

1. Introduction

The accelerated pace of urbanization and the rapid expansion of construction land
have significantly altered urban land use and land cover (LULC) patterns, often involving
the conversion of rural or natural landscapes into urban environments. This shift has led to
numerous ecological challenges, including a reduction in vegetation cover [1], heightened
soil erosion [2], intensified urban heat island effects [3], and a decline in biodiversity [4].
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These factors collectively escalate ecological risks, posing serious threats to environmental
stability and human well-being [5]. Ecological quality, as a multifaceted metric that en-
compasses ecosystem structure, functionality, and resilience, reflects the environmental
state under external pressures and assesses suitability for human survival and sustainable
socio-economic development [6]. Accordingly, a comprehensive evaluation of the ecologi-
cal impacts of land use/cover change (LUCC) is imperative to elucidate the mechanisms
underlying ecological degradation and to guide the development of effective environmental
management and sustainable development strategies.

Assessing ecological quality is fundamental for implementing effective conservation
measures. However, due to the intricate response of ecological environments to land
use changes, the evaluation of ecological impacts resulting from land use/cover change
remains an evolving field. Early studies often assessed the impact of land use on ecological
environments by calculating changes in ecosystem service values. With advancements
in spatial science and geographic information systems (GIS), remote sensing technology
has become increasingly prominent in ecological and environmental research. Remote
sensing is commonly used to monitor ecological changes through the development of
indices that reflect different aspects of ecosystems. For example, the normalized difference
vegetation index (NDVI) has been extensively used to monitor vegetation growth and
assess environmental conditions [7–10]. The land surface temperature (LST) index has
been employed to evaluate the effects of urban heat islands [11,12]. The standardized
precipitation index (SPI) has been applied to forecast drought conditions [13,14]. Although
these indices capture specific ecological characteristics, they fail to provide a comprehensive
evaluation of the complexity and diversity of surface features. Consequently, methods
that integrate multiple remote sensing indices have been developed to offer more holistic
assessments. The ecological index (EI) systematically incorporates five key ecological
factors—biological abundance, vegetation coverage, water network density, land degra-
dation, and environmental pollution—and is widely used for comprehensive evaluations
of ecological quality [15,16]. The forest disturbance index (FDI) focuses on forest ecosys-
tems, providing the precise monitoring and scientific analysis of dynamic changes in these
systems by quantifying the frequency and impact of various disturbance events, includ-
ing natural disasters and human activities [17,18]. The MODIS global disturbance index
(MGDI) extends this scope to encompass a broad range of global land cover types, aiming
to monitor and assess disturbances caused by both natural and anthropogenic factors, thus
supplying critical data for global environmental change research [19,20]. Despite the consid-
erable benefits of these comprehensive ecological indices in revealing the multidimensional
nature of ecological conditions, practical challenges persist, including the determination of
appropriate indicator weights and the integration of vast amounts of remote sensing and
socio-economic data.

The remote sensing-based ecological index (RSEI) is a comprehensive ecological index
based on remotely sensed information, incorporating the evaluation indices of greenness,
heat, dryness, and humidity in the natural ecological environment [21]. RSEI indicators are
readily obtainable and simple to calculate, eliminating the need for subjective weighting and
threshold setting [21,22]. This approach provides an objective, efficient, and straightforward
technique for evaluating urban ecological quality [23,24]. The RSEI has been extensively
applied in the analysis, evaluation, modeling, and prediction of regional ecological quality
across various spatial and temporal scales [25–27]. Nonetheless, its application in long-
term, large-scale ecological monitoring remains hindered by several challenges, including
increasing computational demands, the complexity of satellite image preprocessing, the
impact of cloud masking on data quality, and the challenge of ensuring the completeness of
long time-series data [28–30]. The Google Earth Engine (GEE) platform provides a solution
by granting convenient access to a wide array of open-source geospatial datasets, allowing
users to perform data processing and analysis directly on the platform. This circumvents
traditional data acquisition processes, as well as time-consuming preprocessing steps
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like radiometric and atmospheric corrections [25]. As a result, GEE is well-suited for
constructing an RSEI to conduct large-scale, long-term evaluations of ecological quality.

On 1 April 2017, the Chinese government officially established the Xiong’an New Area
as the central region for redistributing non-capital functions from Beijing. This decision
was a pivotal component of the government’s strategy to promote the coordinated develop-
ment of the Beijing–Tianjin–Hebei region. The ecological protection policies implemented
in the Xiong’an New Area, including the Hebei Xiong’an New Area Planning Outline
and the Baiyangdian Wetland Ecological Environment Management and Protection Plan
(2018–2035), have been instrumental in facilitating the transformation of farmland into
wetlands and urban green spaces. These policies prioritize ecological preservation through
measures such as restoring water surfaces, improving water quality, and enhancing biodi-
versity. By 2035, these initiatives aim to achieve a forest coverage rate of 40% and an urban
green coverage of 50% in the startup zone. The integration of ecological restoration into
urban planning promotes the development of a sustainable urban environment, fostering a
symbiotic relationship between human activities and natural ecosystems. Seven years into
its development, the Xiong’an New Area is at a critical juncture, undergoing large-scale
construction and the relocation of non-capital functions from Beijing. Concurrent with
the construction process, a multitude of LULC types have undergone a process of mutual
conversion, with the most notable being the conversion of the original agricultural land
into urban construction land. These conversions in LULC and the spatial redistribution
of economic activities have profound implications for ecosystem resilience and ecological
quality [31,32]. A thorough investigation into the relationship between LUCC and ecologi-
cal quality is essential for informing regional ecological protection policies and promoting
the sustainable use of land resources [33]. Therefore, monitoring of the ecological quality
in the Xiong’an New Area is imperative to ensure that construction activities align with
eco-city planning goals.

This study focuses on the Xiong’an New Area and aims to develop an intelligent
RSEI extraction method using the GEE cloud platform to assess the impact of LUCC
on ecological quality under rapid urbanization. The research objectives are as follows:
(1) comprehensively evaluate the overall ecological quality of the Xiong’an New Area and
its trends from 2017 to 2023; (2) systematically analyze the dynamic LUCCs of the region
during this period; and (3) investigate the spatio-temporal response of ecological quality
to LUCCs. The findings of this study will serve as a critical scientific basis for ecological
protection and high-quality sustainable development in the Xiong’an New Area.

2. Materials
2.1. Study Area

The Xiong’an New Area, situated in central Hebei Province (115◦38′ E–116◦19′ E,
38◦43′ N–39◦05′ N), occupies the leading edge of the alluvial plains bordering the eastern
Taihang Mountains (Figure 1). In its southwestern region lies Baiyangdian Lake, which is
the largest freshwater body in the North China Plain and primarily fed by the Lugou and
Daqing Rivers, with a storage capacity of 1.32 billion cubic meters. The area experiences
a typical warm temperate, a continental monsoon climate, with an average temperature
of −4.9 ◦C in January and 26 ◦C in July. The Xiong’an New Area encompasses Xiong
County, Rongcheng County, Anxin County, and several nearby villages and towns, covering
approximately 1770 km2. By 2023, the population had reached 1,205,000, marking a 16%
increase since 2017. Following its establishment, Xiong’an’s urbanization rate has surged to
47.05%, demonstrating rapid urban expansion and increased residential mobility.
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Figure 1. Location of study area.

2.2. Datasets and Preprocessing
2.2.1. Landsat Data and Preprocessing

Landsat images from 2017 to 2023 were selected to calculate the RSEI for the Xiong’an
New Area during its seven-year construction period. The Xiong’an New Area experiences
a temperate monsoon climate, with rising temperatures and increasing precipitation from
March to May, which initiates the resurgence of vegetation growth. From June to August,
average temperatures range between 22 ◦C and 27 ◦C, accompanied by ample precipitation,
marking the peak of the growing season. Accordingly, satellite images captured between
March and August with less than 50% cloud cover were selected for the RSEI calculation.

Before the RSEI calculation, preprocessing steps were undertaken, including cloud
removal and water masking. The BQA band, which contains cloud and cloud shadow
information, was utilized for image quality assessment based on the Landsat images
provided by GEE. Cloud and cloud shadow masks were then generated and merged using
the “cloudMask.and(cloudShadowMask)” function to effectively eliminate cloud-related
distortions. Additionally, to mitigate the impact of water bodies on the RSEI accuracy, this
study employed the annual water classification dataset published by the Joint Research
Centre (JRC) of the European Commission [34]. This dataset, derived from multispectral
images of a 30 m resolution from Landsat 5, 7, and 8, allows for precise global water body
identification by calculating water indices such as the NDWI and MNDWI, integrated with
supervised machine learning algorithms. Water vector data from this dataset were used
to generate a water mask on the GEE platform, ensuring the accurate exclusion of water
bodies in the RSEI calculation.

2.2.2. Land Cover Data

To comprehensively analyze the effects of rapid urbanization on LUCCs in the Xiong’an
New Area over the past seven years, the Sentinel-2 surface cover product was utilized.
This product is based on high-resolution multispectral images from the Sentinel-2 satellite
and uses deep learning trained on surface samples to achieve high-precision land cover
classification [35]. With a temporal resolution of one year and a spatial resolution of 10 m,
the dataset classifies nine major surface types, including buildings, vegetation, water bodies,
cropland, etc. The overall classification accuracy of the dataset reaches 85%, ensuring the
scientific rigor and reliability of the study’s results.

3. Methodology

The methodological approach of this study is depicted in Figure 2. Initially, we
employed comprehensive open-source algorithms from the GEE platform, along with
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Landsat series remote sensing images, to produce RSEI maps for the Xiong’an New Area
spanning from 2017 to 2023. These maps were then analyzed to examine the spatio-temporal
variations in the region’s ecological quality. Subsequently, utilizing land use classification
data of a 10 m resolution from Sentinel-2, we extracted and analyzed LULC maps over
the same period, focusing on their spatio-temporal dynamics. Finally, we applied the
geographically weighted regression (GWR) model to investigate the spatial correlation
between ecological quality and LUCC.
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Figure 2. The research framework in this study.

3.1. Construction of RSEI

The RSEI is an integrative evaluation system that reflects ecological quality by com-
bining four key indicators: greenness, wetness, dryness, and heat. These indicators are
represented in Equation (1), allowing for a direct assessment of ecological conditions. The
system predominantly accounts for natural factors, offering a more scientifically sound
and balanced weighting of each sub-indicator compared to single-indicator evaluations.
Specifically, the normalized difference vegetation index (NDVI), wetness component (WET),
normalized difference built-up soil index (NDBSI), and land surface temperature (LST) are
employed as proxy variables for greenness, wetness, dryness, and heat, respectively.

RSEI = f (Greenness, Wetness, Dryness, Heat) (1)

These remote sensing indices were calculated using GEE, which provides extensive
computational power and an array of datasets, significantly enhancing both the efficiency
and accuracy of the computations [36,37].
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3.1.1. Greenness Index

The greenness index (NDVI), highly correlated with the leaf area index, plant cover,
and biomass, is the most reliable measure of plant growth status [38,39]. Using the GEE
platform, the NDVI was calculated through the “normalizedDifference” function, an API-
integrated tool that automatically addresses missing and invalid data, thereby minimizing
computational errors. The formula used is as follows:

NDVI = (B n − Br)/ (B n + Br) (2)

where Bn and Br represent the near-infrared band and red band of the Landsat
data, respectively.

3.1.2. Wetness Index

Wetness is a crucial indicator for evaluating a region’s hydrothermal balance, provid-
ing valuable insights into ecological variability. In this study, we utilized the wetness com-
ponent derived from the tasseled cap transformation to quantify moisture conditions [40].
The calculation of this component varies based on the design and spectral response char-
acteristics of different Landsat sensors, requiring adjustments in spectral band selection
and weight distribution. The corresponding formulas for calculating wetness for various
Landsat sensors are as follows:

Wet(TM) = 0.0315Bb + 0.2021Bg + 0.3102Br + 0.1594Bn − 0.6806Bs1 − 0.6109Bs2 (3)

Wet(OLI) = 0.1511Bb + 0.1973Bg + 0.3283Br + 0.3407Bn − 0.7117Bs1 − 0.4559Bs2 (4)

where Bb, Bg, Br, Bn, Bs1, and Bs2 represent the blue, green, red, near-infrared, short-wave
infrared first, and short-wave infrared second bands of the TM and OLI data, respectively.

3.1.3. Dryness Index

The dryness index is a pivotal metric for assessing soil desiccation levels, with its
fluctuations serving as direct indicators of soil moisture loss. In this study, we derived
the dryness index by integrating the soil index (SI) and the index-based built-up index
(IBI), with weighted coefficients designed to minimize the influence of potential disparities
between the two indices [41]. This calculation approach ensures that the effects of bare soil
coverage and built-up area coverage are comprehensively considered when evaluating soil
desiccation, thus more precisely indicating the degree to which an ecosystem is impacted
by drying. The formula for the dryness index is as follows:

SI = [(Bs1 + Br)− (B n + Bb)]/[(Bs1 + Br) + (Bn + Bb)] (5)

IBI =
{

2Bs1

Bs1 + Bn
−

[
Bn

Bn + Br
+

Bg

Bg + Bs1

]}
/
{

2Bs1

Bs1 + Bn
+

[
Bn

Bn + Br
+

Bg

Bg + Bs1

]}
(6)

NDBSI = αSI + βIBI (7)

where α and β are the weight coefficients of SI and BI, respectively.

3.1.4. Heat Index

Surface temperature, exacerbated by the “greenhouse effect” of global climate change,
significantly affects vegetation patterns and water cycles within ecosystems. To construct the
heat index in this study, we utilized the surface temperature dataset (MOD11A1) provided
by the moderate-resolution imaging spectroradiometer (MODIS) on the GEE platform [42].
This dataset offers precise daytime and nighttime surface temperature measurements from
seven spectral bands and provides composite data across various temporal scales (daily, 8-day,
monthly), ensuring compatibility with different research requirements.
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3.1.5. Calculation of RSEI

To construct the RSEI, we employed principal component analysis (PCA) to condense
the key information from the greenness, wetness, dryness, and heat indicators into the
first principal component (PC1). This method allowed for the RSEI to be represented as a
single composite index, eliminating potential biases arising from manual weighting. Given
the different units and value ranges of the indicators, we first normalized all indicator
values. These normalized values were then synthesized into a new image via the GEE
band combination algorithm. A principal component transformation was applied, and the
statistical results of PC1 through to PC4 were computed. Given that PC1 encapsulated the
most critical information, we standardized only PC1, making the RSEI expression more
intuitive. The formula is as follows:

RSEI0 = 1 − PC1 f (NDVI, Wet, NDBSI, LST) (8)

RSEI = (RSEI0 − RSEI0min) /(RSEI0max − RSEI0min) (9)

In Equation (8), RSEI0 represents the original remote sensing ecological index and PC1
represents the first principal component. In Equation (9), RSEI0min and RSEI0max represent
the minimum and maximum values of the RSEI0. The RSEI is a quantitative measure of
regional ecological conditions. Its value ranges from 0 to 1, with higher values indicating
superior ecological conditions and lower values reflecting ecological degradation.

3.2. Analysis of LUCC
3.2.1. LUCC Dynamic Degree

The LUCC dynamic degree serves as a precise measure of the magnitude and rate
of change in a specific land use category over a defined period [43]. This metric provides
critical insights into the transformation of land resources, forming a solid foundation for
forecasting future land use patterns. The formula for this calculation is presented as follows:

K =
Pm − Pn

Pn
× 1

m − n
× 100% (10)

where K represents the LUCC dynamics degree; Pm and Pn are the areas at the beginning
and end of the given period; and m − n is the time span of the given period.

3.2.2. LULC Transfer Matrix

The LULC transfer matrix quantitatively captures the transitions between various
LULC types, revealing the rates of conversion from one category to another [44]. In this
study, the transfer matrix was employed to analyze both the direction and magnitude of
the LULC transitions. The formula for the LULC transfer matrix is expressed as follows:

Sij =

S11 . . . S1n
...

. . .
...

Sn1 . . . Snn

 (11)

where S represents the study area; n represents the land use type; i and j (i, j = 1, 2, 3, . . . n)
represent the land use type before and after transformation; and Sij represents the study
area of the land use type i converted to the land use type j.

3.3. Geographically Weighted Regression Analysis

GWR is an advanced analytical approach for detecting spatial heterogeneity based
on proximity effects. This technique facilitates the creation of localized regression models
at each observation point within a study area [45]. By doing so, it enables the assessment
of spatial variation and its driving factors at different scales, yielding location-specific
predictive outcomes. Unlike traditional linear regression models, GWR accommodates
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the localized influence of spatial entities, thereby enhancing accuracy in examining the
relationship between ecological quality and LUCC [46,47]. The GWR model is formulated
as follows:

yi = β0(ui, vi) + ∑m
k=1 βk(ui, vi)xik + εi (12)

where yi represents the dependent variable value at the point i, expressed as ecological
quality in this study; xik represents the independent variable value at the point i, replaced
by land use intensity change; (ui, vi) represents the coordinates of the observation point;
β0(ui, vi) is the intercept variable; βk(ui, vi) is the regression coefficient; and ε is the random
disturbance term.

4. Results
4.1. Spatio-Temporal Heterogeneity in Ecological Quality

The PCA results in Table 1 reveal that PC1 consistently accounted for more than 60%
of the variance from 2017 to 2023, effectively capturing the primary characteristics of the
four indicators. Notably, the WET, NDVI, NDBSI, and LST contributed significantly and
stably to PC1 compared to PC2 through to PC4. Over the seven-year period, the influence
of these variables on PC2, PC3, and PC4 fluctuated, reinforcing the rationale for selecting
PC1 as the foundation for constructing the RSEI.

Table 1. Principal component analysis results of RSEI from 2017 to 2023.

Year Indicators PC1 PC2 PC3 PC4

2017

NDVI 0.729 −0.149 0.667 −0.038
WET 0.540 0.112 −0.599 −0.581

NDBSI −0.081 −0.980 −0.137 −0.123
LST −0.412 0.076 0.422 −0.803

Eigenvalue 0.046 0.014 0.005 0.000
Percent

eigenvalue 70.22% 21.17% 7.82% 0.78%

2018

NDVI 0.323 0.692 0.393 −0.014
WET 0.544 −0.313 −0.384 −0.634

NDBSI −0.571 −0.533 0.825 −0.172

LST −0.602 0.372 0.127 −0.753
Eigenvalue 0.037 0.007 0.006 0.000

Percent
eigenvalue 72.46% 14.55% 12.09% 0.90%

2019

NDVI 0.720 −0.212 0.660 −0.005
WET 0.524 0.001 −0.575 −0.628

NDBSI −0.206 −0.970 −0.087 −0.094
LST −0.405 0.119 0.475 −0.772

Eigenvalue 0.042 0.012 0.005 0.000
Percent

eigenvalue 70.05% 20.36% 8.94% 0.64%

2020

NDVI 0.568 −0.322 0.758 0.003
WET 0.620 −0.141 −0.522 −0.568

NDBSI −0.380 −0.915 −0.104 −0.092
LST −0.386 0.120 0.377 −0.818

Eigenvalue 0.036 0.011 0.008 0.000
Percent

eigenvalue 63.98% 20.60% 14.77% 0.65%
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Table 1. Cont.

Year Indicators PC1 PC2 PC3 PC4

2021

NDVI 0.658 −0.300 −0.690 0.006
WET 0.679 0.196 0.566 0.425

NDBSI −0.093 −0.930 0.317 0.154
LST −0.312 0.070 −0.319 0.891

Eigenvalue 0.032 0.008 0.004 0.000
Percent

eigenvalue 71.89% 17.98% 9.76% 0.36%

2022

NDVI 0.311 0.632 −0.469 0.532
WET 0.451 −0.205 0.660 0.563

NDBSI −0.570 −0.453 −0.282 0.623
LST −0.611 0.593 0.512 0.105

Eigenvalue 0.067 0.019 0.007 0.001
Percent

eigenvalue 70.51% 20.28% 7.79% 1.42%

2023

NDVI 0.459 0.365 −0.473 0.543
WET 0.277 −0.185 0.783 0.539

NDBSI −0.838 −0.267 −0.295 0.638
LST −0.146 0.871 0.275 0.082

Eigenvalue 0.041 0.015 0.003 0.000
Percent

eigenvalue 67.97% 24.80% 6.44% 0.79%

The analysis of PC1 (Figure 3) demonstrates a positive correlation between the loadings of
the WET and NDVI, suggesting their beneficial impact on the ecological environment [48,49].
In contrast, the NDBSI and LST are negatively correlated, implying potential adverse effects.
These findings are consistent with the current state of the ecological environment [48,49].
However, the temporal variation in the loadings of these four indicators reflects the complex
interactions between environmental factors—such as climate, soil, vegetation, and human
activities—that collectively influence changes in the RSEI. Despite minor fluctuations in
PC1’s eigenvalue percentages, particularly the dip to 63.98% in 2020, the value remained
stable at around 70% in other periods, underscoring the robustness of PC1 in explaining
the variability in the RSEI.
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From 2017 to 2023, the average RSEI in the Xiong’an New Area exhibited a general up-
ward trend (Figure 4a), reflecting continuous improvement in the region’s overall ecological
quality. Notably, after the commencement of construction in the Xiong’an New Area, the
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average RSEI dropped sharply from 0.57 to 0.45 between 2017 and 2018, highlighting the
significant impact of initial urban construction on the ecological environment. Neverthe-
less, as construction progressed, the average RSEI fluctuated but steadily recovered, rising
from 0.45 in 2018 to 0.76 in 2023, indicating the region’s strong emphasis on ecological
protection throughout the development process. To more accurately assess improvements
in ecological quality, the RSEI values were categorized into five levels: excellent (0.8–1.0),
good (0.6–0.8), moderate (0.4–0.6), fair (0.2–0.4), and poor (0–0.2). A detailed trend analysis
of each level (Figure 4b) revealed that, in 2017, areas with a moderate or higher ecological
quality (i.e., excellent and good) comprised 42.98% of the total area. However, this pro-
portion dramatically declined to 14.80% in 2018, further confirming the adverse effects of
early construction on the ecological environment. From 2019 onward, this trend reversed,
with the proportion of moderate and above levels increasing annually: the proportion was
40.8% in 2019, 45.3% in 2020, 51.6% in 2021, and 53.5% in 2022 and reached 71.1% in 2023.
These data underscore the substantial recovery of ecological quality in the Xiong’an New
Area and validate the success of its green and livable urban development strategy.
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The marked improvement in ecological quality in the Xiong’an New Area can be
ascribed to a series of meticulously planned interventions. First, a comprehensive policy
framework was instituted, encompassing strategic top-level initiatives for ecological conser-
vation, reinforced flood control measures, advancements in green technology, and robust
legislative safeguards. This framework ensured that urban development aligned seam-
lessly with environmental protection objectives. Second, extensive ecological restoration
projects were implemented in Baiyangdian Lake and its adjacent ecosystems, including the
reversion of agricultural land to wetlands, the establishment of water purification systems
in critical river estuaries, and the continuous removal of invasive aquatic species. These
measures have substantially restored Baiyangdian’s natural ecological functions. Moreover,
stringent zoning regulations under the “Three Lines and One List” framework established
clear priorities for ecological protection, providing precise guidelines for environmental
assessments and project approvals. The State Council’s report on ecological protection
efforts in the Xiong’an New Area and Baiyangdian highlights that the “Millennium Forest”
afforestation project, initiated in 2017, has successfully planted 428,000 mu (approximately
28,533 hectares) of trees. This large-scale reforestation has markedly increased forest cover,
contributing to significant improvements in soil stabilization and water conservation. Addi-
tionally, biodiversity conservation efforts, including detailed surveys of aquatic species and
the release of over 68 million juvenile fish and shrimp in 2020, have bolstered the ecological
resilience of Baiyangdian Lake. These integrated strategies have effectively alleviated the
ecological pressures of rapid urbanization, resulting in substantial enhancements in the
overall ecological quality of the Xiong’an New Area and establishing a solid foundation for
sustainable and environmentally friendly development.

Figure 5 illustrates the spatio-temporal distribution of the RSEI in the Xiong’an New
Area from 2017 to 2023. The most significant fluctuations in the RSEI occurred in the
northeastern and southwestern regions. In the northeast, the RSEI values declined sig-
nificantly from 2017 to 2018, followed by a partial recovery in 2019 and a subsequent
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decrease in 2023. This initial decline coincided with rapid urban development between
2017 and 2018, during which extensive farmland conversion into construction land led to
a substantial expansion in impervious surfaces. Specifically, farmland in Xiong County
decreased by approximately 26.1%, while construction land increased by 29.3%. These
land use transformations reduced vegetation cover and caused a marked decline in the
annual NDVI. Concurrently, precipitation in 2018 was 15% below the long-term average,
while elevated temperatures exacerbated soil aridity and drought, further deteriorating
ecological quality [50]. These combined factors contributed to a pronounced decline in
the RSEI during this period. Additionally, the expansion of bare land, which absorbs
and re-emits heat, intensified local microclimatic alterations, further degrading ecological
conditions. Agricultural activities were also disrupted; diminished soil moisture and the
abandonment of fields reduced wheat cultivation, leading to a decline in stable vegetation
cover during critical growth periods. Notably, the low RSEI value in 2018 may have been
partly influenced by extensive cloud cover, which interfered with remote sensing data
collection. This cloud interference likely resulted in data gaps, causing an underestimation
of vegetation recovery and green space expansion, thereby limiting the accurate represen-
tation of ecological conditions in that year [51]. By 2019, ecological restoration initiatives,
including reforestation and the implementation of green infrastructure, began to mitigate
these impacts. These interventions improved vegetation cover, stabilized soil moisture
levels, and enhanced local climatic conditions, facilitating a recovery in the RSEI. The
rebound in the northeast’s RSEI values underscored the effectiveness of these measures
in countering the adverse effects of rapid land use transitions and unfavorable climatic
conditions. By 2023, the RSEI in the northeast was significantly higher than that in 2018,
reflecting sustained ecological improvements. In the southwest, the RSEI values reached
their lowest point in 2020 and increased annually from 2021 to 2023. Regarding spatial
distribution, the lowest RSEI values were concentrated in the southwestern region, urban
areas of the three counties, and around Baiyangdian Lake, while higher RSEI values were
observed in the northeastern and southern regions of Anxin County. This distribution
suggests a strong correlation between the ecological quality and LULC, with distinct spatial
heterogeneity and the presence of hot and cold spot clusters. Cold spots were primarily
found on artificial surfaces, flooded lands around Baiyangdian, and oil extraction areas
in Xiong County. In contrast, hot spots were concentrated in the forested areas of Anxin
County, wetlands sustained by Baiyangdian, and along riverbanks. The boundary regions
between hot and cold spots were dominated by permanent farmland, where the ecological
quality ranged from moderate to poor.

4.2. Spatio-Temporal Heterogeneity of LULC

The spatial distribution map of land use in the Xiong’an New Area from 2017 to 2023
(Figure 6) shows a consistent decline in farmland, which remains the most prevalent land
use type in the region. Construction land is primarily concentrated in the urban areas of
Rongcheng County, Xiong County, and Anxin County, with significant expansion noted
in Rongcheng’s built-up area. As shown in Figure 7 (Examples 1 and 2), a considerable
portion of farmland was converted into construction land. Notably, the green areas in
the eastern part of the region also experienced substantial growth. Water resources are
concentrated in the vicinity of Baiyangdian, situated in the southeastern part of the region.
The majority of flooded land is located in the area surrounding Baiyangdian.
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Table 2 and Figure 8 highlight the changes in land types in the Xiong’an New Area
since its establishment. Farmland persistently decreased from 1053.45 km2 in 2017 to
878.39 km2 in 2023, with an average annual reduction rate of 2.77% over the seven-year
period. Figure 8 illustrates the varied transitions of farmland into construction land,
water bodies, flooded land, and green areas, underscoring significant shifts in the land use
structure. Among these transitions, the expansion of green areas stands out, with an average
annual growth rate of 82.92%, adding 65.55 km2 and representing the fastest-growing land
category, primarily due to farmland conversion. Flooded land follows with an annual
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growth rate of 20.45% and an area increase of 33.62 km2, largely due to the conversion
of farmland and water bodies. Similarly, water bodies steadily expanded at an annual
growth rate of 5.47%, increasing by 31.5 km2, primarily through the conversion of farmland
and flooded land. Construction land, reflecting urban expansion, grew at an annual rate
of 1.94%, adding 42.81 km2, predominantly through farmland conversion. Although the
construction of the Xiong’an New Area significantly reduced farmland, the LUCCs were
not limited to construction land; rather, they frequently shifted towards water bodies,
flooded lands, and green areas. This pattern reflects the Xiong’an New Area’s guiding
philosophy, encapsulated by the triad of green, ecological, and livable environments.
This approach emphasizes the need to advance ecological land development in parallel
with urban growth, fostering a harmonious balance between human activity and the
natural environment.

Table 2. Areas and LUCC dynamic degrees in different land use types from 2017 to 2023.

Land Use Type
Area (km2) K (%)

2017 2020 2023 2017–2020 2020–2023 2017–2023

Farmland 1053.45 962.29 878.39 −2.88 −2.91 −2.77
Construction land 367.09 383.95 409.90 1.53 2.25 1.94

Water body 95.92 105.01 127.42 3.16 7.11 5.47
Flooded land 27.41 65.66 61.03 46.52 −2.35 20.45

Green area 13.18 39.79 78.73 67.34 32.62 82.92
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4.3. Response of Ecological Quality to LUCC

Figure 9 illustrates the changes in the ecological quality and the dynamics of the four
major land use types—farmland, construction land, flooded land, and green areas—in the
Xiong’an New Area from 2017 to 2023. Figure 9a shows a gradual reduction in farmland,
with a sharper decline in the early years, followed by a slower reduction after 2021. During
this period, the average RSEI of farmland increased significantly from 0.55 in 2017 to
0.73 in 2023, reflecting a 33% improvement in ecological quality. As farmland plays a
foundational role in the Xiong’an New area’s land use, its RSEI trend has been pivotal in
shaping the region’s overall ecological quality. A notable instance of this is the temporary
decrease in the farmland RSEI in 2018, which aligned with the overall RSEI trend of the
region (Figure 4a). Meanwhile, construction land expanded, with its RSEI dropping by
28% between 2017 and 2019, followed by a recovery between 2020 and 2023. This pattern
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reflects the gradual mitigation of the initial negative impacts of construction on ecological
quality. The area of flooded land exhibited overall growth. However, its RSEI showed
significant fluctuations. This was directly linked to the distinctive vegetation growth cycles
and dynamic land type transitions of the flooded land. As seen in Figure 8, the expansion
of flooded land was largely due to transitions from water bodies and farmland. Specifically,
the conversion of water bodies to flooded land, where the short-term ecological condition
resembled that of bare land, had adverse effects on the ecological environment. Green areas,
meanwhile, consistently expanded, emerging as a key indicator of urban greening. Despite
the RSEI for green areas reaching a nadir of 0.41 in 2018 and experiencing fluctuations in
2022, it generally trended upward, reaching 0.85 in 2023, a 27% increase. This expansion
signals positive improvements in the urban ecological environment, which is crucial for
enhancing residents’ quality of life and fostering ecological balance.
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Figure 9. Ecological quality and area changes across various LULC types from 2017 to 2023:
(a) farmland, (b) construction land, (c) flooded land, and (d) green areas.

To further elucidate the relationship between LUCC and ecological quality, a GWR
model was applied to establish a quantitative spatial relationship between the two vari-
ables. The model employed an adaptive method to determine optimal weights, with the
bandwidth selected using the corrected Akaike Information Criterion (AICc). The changes
in the ecological quality and LULC were extracted using a 1 km × 1 km grid, followed
by regression analysis via the GWR tool. The results, summarized in Table 3, indicate a
high goodness-of-fit, with an adjusted R2 of 0.68, confirming that the GWR model was
well-suited for the data.

Table 3. GWR global regression coefficients.

Land Use Type Global Regression Coefficient R2 Adjusted R2

Flooded land 0.05

0.69 0.68
Water body/Wetland −0.109

Green area 0.19
Farmland −0.006

Construction land −0.13

Figure 10 presents the spatial distribution of ecological quality responses to LUCCs
in the Xiong’an New Area from 2017 to 2023. The findings reveal that areas with the
greatest urban expansion exhibit a negative spatial correlation between ecological quality
and construction land, indicating that such expansion often degraded ecological quality.
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However, in some areas, there exist a positive correlation between ecological quality
and construction land, primarily due to a significant increase in green areas, where the
positive ecological impacts outweighed the negative effects of construction expansion.
The regression coefficient for farmland is relatively low, suggesting a weak response to
ecological quality changes. As urban fringe land expanded, farmland was increasingly
converted to construction land, particularly along the urban boundaries. This shift resulted
in a strong negative correlation between ecological quality and construction land in these
areas. In contrast, green areas and the Baiyangdian Wetland show a strong positive
correlation with ecological quality, demonstrating that the expansion of these ecological
lands had a substantial positive effect on the region’s environmental health. Additionally,
policy support in areas like the northern lakeshore of Baiyangdian and the southern mining
regions of Xiong County has prioritized wetland restoration and mining area rehabilitation.
The appropriate use and transformation of flooded lands have enabled the establishment of
large-scale ecological green areas, such as reed wetlands, thereby significantly improving
ecological quality. Overall, while the expansion of construction land poses threats to
ecological quality, the growth of urban green spaces and the extension of the Baiyangdian
Wetland have been pivotal in driving significant improvements in the region’s overall
ecological health.
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5. Discussion
5.1. Improvement in Ecological Environment Quality and Driving Factors

As a central component of the Beijing–Tianjin–Hebei coordinated development strat-
egy, the Xiong’an New Area experienced rapid urbanization between 2017 and 2023. During
this period, construction land expanded from 367.09 km2 to 409.90 km2, an increase of
12%. Despite this rapid urban growth, the overall ecological quality of the Xiong’an New
Area remained high, with a continuous upward trajectory (Figure 4a). This achievement
reflects substantial progress in ecological governance and underscores the potential of
policy-driven initiatives integrated with scientific planning.

The government of the Xiong’an New Area has implemented a series of comprehensive
measures to restore and protect the ecological environment. These initiatives have included
large-scale afforestation, wetland ecosystem restoration, and the rational expansion of water
bodies, all of which have significantly improved the region’s greenness and wetness indices.
Furthermore, these efforts have indirectly enhanced soil quality and moderated surface
temperatures, culminating in a substantial improvement in the overall ecological quality
of the area. These actions not only demonstrate the government’s strong commitment
to ecological priority and green development but also highlight its capacity for effective
scientific planning and policy execution. Moreover, the improvement in ecological quality is
attributable to scientific land use planning and the establishment of rigorous environmental
regulation systems. In its planning processes, the Xiong’an New Area has prioritized
environmental protection, preventing extensive ecological degradation during urbanization.
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This careful land use planning has preserved the integrity of key ecological functional
zones, ensuring the stability of the region’s natural systems.

In summary, the ability of the Xiong’an New Area to sustain and improve its ecolog-
ical quality amidst rapid urbanization results from a combination of factors, including
policy guidance, scientific planning, and ecological restoration efforts. This success serves
as a model for other regions undergoing urbanization, offering insights into advancing
ecological civilization and sustainable development.

5.2. Impact of LUCC on Ecological Quality

LUCC exerts a significant influence on ecological quality. The transformation of LULC
types during the development of the Xiong’an New Area has led to complex effects on
the regional ecological quality. Specifically, the expansion of ecological land—such as
water bodies, wetlands, and green areas—has increased vegetation cover, contributing to
greater ecosystem stability. This, in turn, has positively affected the local ecological quality.
However, the expansion of built-up areas, particularly those that are not ecologically
sustainable, poses a considerable threat to the ecological environment. The growth of
impervious surfaces associated with urbanization disrupts natural hydrological cycles [52]
and increases the risk of urban flooding [53] and water pollution [54], negatively impacting
urban microclimates by intensifying the heat island effect [55].

Spatio-temporal variations in the LULCs created spatial heterogeneity in their ecologi-
cal impacts, corroborating the findings of Yang et al. [24] and Hu et al. [27]. For example,
LUCCs around Baiyangdian Lake, including wetland restoration and water area expansion,
had a discernibly positive impact on the regional ecological quality. Conversely, urban
expansion in the Xiong’an New Area resulted in ecological degradation in surrounding
areas. Since its inception, the Xiong’an New Area has emphasized ecological restoration
and protection through measures such as wetland restoration and green area expansion.
Despite the clarity of these policies, their practical implementation is facing ongoing chal-
lenges, particularly balancing the need for construction land with ecological protection.
Looking forward, the Xiong’an New Area must enhance policy enforcement and contin-
uously optimize its land use structure to ensure sustainable improvement in ecological
quality. Decision-makers need to carefully balance development and conservation as urban
areas continue to expand.

5.3. Strategies for Harmonizing Urbanization and Ecological Protection

Achieving a harmonious integration of urbanization and ecological protection in the
Xiong’an New Area is critical for sustainable urban development. As urbanization pro-
gressed, significant changes in LULCs occurred, particularly the conversion of agricultural
land into construction land (Figure 8). Despite urban growth, the region has upheld its
principle of ecological priority and green development [56]. This has been realized through
strategies aimed at enhancing ecological quality, such as expanding green areas, protecting
wetlands, and safeguarding water resources. Although initial urbanization negatively
impacted the environment, rigorous ecological protection measures have progressively
restored and improved the region’s ecological quality. To synergize urbanization and
ecological protection, ecological spatial configurations must be carefully considered in
planning. This includes establishing ecological corridors, expanding urban green areas,
and enlarging wetlands to facilitate the dynamic interaction between ecological systems
and urban development. Moreover, strict regulations on construction land expansion are
necessary, with a focus on utilizing existing urban areas to prevent disorganized sprawl
and its detrimental effects on ecosystems. The application of advanced remote sensing
technologies for environmental monitoring can further assist decision-makers by providing
precise data, enabling them to refine land use planning and adjust strategies to ensure
simultaneous improvements in both ecological and urban systems. Finally, the establish-
ment of a robust policy and regulatory framework is crucial for balancing urbanization and
ecological protection. Clear laws and regulations, coupled with strong enforcement and
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public engagement, are essential to ensure the effective implementation of these policies
and foster a collaborative environment for sustainable urban growth.

In conclusion, the urbanization of the Xiong’an New Area should not be approached
narrowly, solely emphasizing the rapid expansion of the economy and infrastructure.
Although these aspects are critical for accelerating urban modernization, it is essential
to prioritize the protection of the ecological environment to prevent irreversible damage.
Therefore, the Xiong’an New Area must adopt a long-term perspective and proactively
implement strategies that prioritize ecological considerations. This emphasis on fostering
harmony between human activities and nature will not only facilitate the attainment of
mutual benefits across economic, social, and environmental dimensions but also serve as a
valuable exemplar for other regions experiencing rapid urbanization.

5.4. Limitations and Prospects

This study utilized the RSEI and GWR models to analyze the evolution of ecological
quality in the Xiong’an New Area and its response to LUCCs. However, several limitations
require further attention. First, while remote sensing data provide comprehensive ecological
monitoring, their spatial and temporal resolution may overlook subtle ecological changes.
Moreover, the interpretation of remote sensing data depends on remote sensing inversion
models based on surface features, which may lead to oversimplifying some complex
surface phenomena. Future studies should integrate higher-resolution remote sensing
data with ground-based observations to improve the accuracy and reliability of ecological
assessments through multi-source data fusion. Second, although the GWR model is effective
for identifying local relationships between LUCC and ecological quality, it has limitations
in generalizing land use patterns across larger regions. Additionally, the model does
not account for potential time-lag effects between LUCC and ecological changes, which
may result in incomplete reflections of their impacts. Future research could employ more
sophisticated models, such as deep learning and spatio-temporal data analysis, to better
capture the dynamic effects of LUCCs on ecological quality. Finally, while this study focused
on LUCC’s impact on ecological quality, other factors, such as policy interventions, socio-
economic development, and climate change, also influence ecological dynamics. Future
research should adopt a more comprehensive approach by incorporating these factors
through multi-variable models to deepen the understanding of the complex interactions
between urbanization and ecological change.

6. Conclusions

LUCC is the most critical determinant influencing ecological quality during urban-
ization. This study examined the Xiong’an New Area, aiming to analyze LUCC and its
ecological ramifications. The ecological quality changes in the Xiong’an New Area were
evaluated using the RSEI derived from Landsat imagery on the GEE cloud platform, cov-
ering the period from 2017 to 2023. The spatio-temporal heterogeneity of the LULC was
further analyzed through the LUCC dynamic degree and LULC transfer matrix, utilizing
Sentinel-2 land use data. Subsequently, a GWR model was employed to elucidate the
influence of the LUCC on the regional ecological quality.

The results indicate that, from 2017 to 2023, the average RSEI in the Xiong’an New
Area exhibited an overall upward trend, signifying a gradual improvement in the region’s
ecological conditions, which remained above a moderate level. Spatially, the areas exhibit-
ing the lowest ecological quality were concentrated in the southwestern region, the urban
centers of the three counties, and the vicinity of Baiyangdian Lake. In contrast, moderate to
high ecological quality was observed in the northeastern and southern sections of Anxin
County. This spatial heterogeneity underscores the significant impact of various land use
types on ecological quality. Over the past seven years, urbanization has led to a reduction
of nearly 17% in farmland, while construction land has expanded by approximately 12%.
Concurrently, the Xiong’an New Area has prioritized ecological protection and restoration,
facilitating the effective conversion of farmland into the Baiyangdian Wetland and urban
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green areas, thereby significantly enhancing the regional ecological quality. The GWR
model revealed a positive correlation between changes in ecological land and ecological
quality, whereas alterations in construction land and farmland were negatively correlated
with ecological quality. Notably, in rapidly urbanizing areas, ecological quality demon-
strated a pronounced responsiveness to shifts in construction land. Although the expansion
of construction land adversely affected ecological quality, the significant increase in urban
green areas and the Baiyangdian Wetland markedly enhanced overall ecological conditions.
Consequently, as the Xiong’an New Area continues to urbanize, it is imperative to prioritize
the optimization of land use and intensify efforts in ecological protection and restoration to
ensure sustained improvement in the regional ecological quality.
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