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Abstract

:

Ecological quality is a critical factor affecting the livability of urban areas. Remote sensing technology enables the rapid assessment of ecological quality (EQ), providing scientific theoretical support for the maintenance and management of urban ecology. This paper evaluates and analyzes the EQ and its driving factors in the city of Wuhan using remote sensing data from five periods: 2001, 2006, 2011, 2016, and 2021, supported by the Google Earth Engine (GEE) platform. By employing principal component analysis, a Remote Sensing Ecological Index (RSEI) was constructed to assess the spatiotemporal differences of EQ in Wuhan City. Furthermore, the study utilized the optimal parameter-based geographical detector model to analyze the influence of factors such as elevation, slope, aspect, population density, greenness, wetness, dryness, and heat on the RSEI value in 2021 and further explored the impact of changes in precipitation and temperature on the EQ in Wuhan. The results indicate that (1) principal component analysis shows that greenness and wetness positively affect Wuhan’s EQ, while dryness and heat have negative impacts; (2) spatiotemporal analysis reveals that from 2001 to 2021, the EQ in Wuhan showed a trend of initial decline followed by improvement, with the classification grades evolving from poor and average to good and better; (3) the analysis of driving factors shows that all nine indicators have a certain impact on the EQ in Wuhan, with the influence ranking as NDVI > NDBSI > LST > WET > elevation > population density > GDP > slope > aspect; (4) the annual average temperature and precipitation in Wuhan have a non-significant impact on the EQ. The EQ in Wuhan has improved in recent years, but comprehensive management still requires enhancement.
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1. Introduction


Human survival and development are dependent on the stability and health of natural ecosystems [1]. With the acceleration of global urbanization, urban expansion and human activities have profoundly impacted the ecological environment [2]. Rapid urbanization has led to dramatic changes in land use patterns, intensified habitat fragmentation, reduced biodiversity, and degraded ecosystem service functions [3,4]. The burgeoning population and rapid economic development in urban areas have placed tremendous pressure on limited environmental resources and fragile ecological foundations [5]. This problem is prevalent in both developed and developing countries. For example, the United States experienced drastic urban expansion in the second half of the 20th century, with large amounts of farmland, forests, and wetlands being converted into urban land, resulting in ecosystem degradation and decreased environmental quality [6]. The urbanization process in Europe has been relatively moderate, but urban sprawl has still led to ecosystem fragmentation and biodiversity loss [7]. In developing countries, urbanization is progressing rapidly, and ecological and environmental problems are more prominent [8,9]. Therefore, coordinating the relationship between urban development and ecological protection to achieve sustainable urban development has become a pressing global issue [10].



In response to this challenge, The United Nations’ Sustainable Development Goals (SDGs) underscore the necessity of integrating ecological conservation with sustainable urban development, urging the adoption of advanced technological solutions in ecological assessments [11]. Particularly, Goal 11 [12] (to make cities and human settlements inclusive, safe, resilient, and sustainable) and Goal 15 [13] (to protect, restore, and promote the sustainable use of terrestrial ecosystems, sustainably manage forests, combat desertification, halt and reverse land degradation, and halt the loss of biodiversity) are directly related to the sustainable management and protection of urban ecological environments. To support the implementation of SDGs at the urban scale, it is imperative to carry out urban ecosystem monitoring and comprehensive assessment research. The long-term and dynamic monitoring of the spatiotemporal differentiation characteristics and driving mechanisms of urban ecological quality can provide a scientific basis for urban ecological protection, spatial planning, and management decisions [14].



Currently, there are various methods for evaluating the quality of urban ecology, such as the Technique for Order Preference by Similarity to Ideal Solution (TOPSIS), the entropy weight method, and the Analytic Hierarchy Process (AHP) [15]. However, these methods rely heavily on socio-economic statistical data and questionnaire survey data, which are often difficult to obtain and lack timeliness. Remote sensing technology, with its advantages of being macroscopic, rapid, dynamic, and economical, has been widely used in urban ecological environment monitoring since the 1970s [16,17]. Many scholars have used remote sensing data to assess the impact of urban expansion on the ecological environment in different regions of the world. For example, Weng [18] used Landsat imagery to evaluate the changes in landscape patterns and ecological processes caused by urban expansion in Indianapolis, USA. Rimal [19] utilized remote sensing and GIS techniques to assess land use/land cover changes and their impacts on the urban environment in the Haldia Municipality, India. Estoque [20] assessed the relationship between urban expansion and ecosystem service changes in the Manila metropolitan area, Philippines. Other scholars have focused on analyzing the spatiotemporal changes in urban surface parameters and their ecological effects, such as vegetation cover, surface temperature, and moisture [21,22]. However, these studies mostly focused on specific aspects of urban ecological processes or patterns and are difficult to comprehensively reflect the overall characteristics of complex urban ecosystems.



In recent years, constructing ecological composite indices by comprehensively utilizing multi-source remote sensing data and geo-models to conduct the overall evaluation and mapping of regional ecological environments has become a research hotspot in the field of ecological remote sensing [23]. Among them, the Remote Sensing Ecological Index (RSEI) proposed by Xu [24] comprehensively evaluates regional ecological conditions from four dimensions: greenness, wetness, heat, and dryness, and has strong comprehensiveness and regional comparability. The RSEI and its improved models have been applied to urban ecological quality assessments at multiple scales worldwide with good results [25,26,27]. For example, Zhou [28] and others used this index to assess the ecological environment changes in the Dongjiang source area over nearly 20 years (2000–2019), identifying urban construction land expansion driven by human activities as the main reason for the changes in the region’s ecological environment quality. In addition, Paudel [29] used RSEI to evaluate the changes in the ecological environment in the Middle Hills of Western Nepal from 2000 to 2015. The results showed that the overall ecological environmental quality in the region showed a deteriorating trend, mainly due to deforestation and land degradation.



However, previous studies mostly used traditional remote sensing data processing and analysis methods, which have limitations in data acquisition and computational efficiency. The Google Earth Engine (GEE) cloud computing platform that has emerged in recent years provides a new solution for remote sensing data acquisition, processing, analysis, and sharing [30]. It integrates a variety of commonly used remote sensing datasets and offers near-real-time data updates, with storage reaching petabyte levels. Users can develop and test algorithms and process and share data outcomes swiftly through the client, significantly boosting the efficiency of geographical information data processing and analysis [31,32]. Since its inception, GEE has been widely applied in diverse research fields such as ecology, environment, and agriculture [33,34].



Furthermore, when analyzing the driving factors of urban ecological quality, the geographical detector model is an effective tool for exploring the spatial heterogeneity and interaction of variables [35]. However, the traditional geographical detector often neglects the scale effect and zoning effect caused by the modifiable areal unit problem (MAUP), which may affect the reliability of the results [36,37]. Addressing this oversight, the optimal parameter-based geographical detector (OPGD) model proposed by Song [38] can identify the optimal spatial scale parameters and discretization scheme, providing a more robust framework for factor analysis.



In this context, we take Wuhan, a rapidly urbanizing city in central China, as a case study. As a major industrial base and transportation hub, urban ecology in Wuhan, Hubei Province, China is relatively fragile and unstable, more susceptible to the impacts of human economic activities [39]. Therefore, it is in urgent need of systematic and dynamic ecological quality monitoring and assessment. This study implements the RSEI model on the GEE platform to evaluate the spatiotemporal patterns of ecological quality in Wuhan from 2001 to 2021 based on Landsat imagery. The OPGD model is further applied to analyze the driving factors behind the ecological quality dynamics. The main innovations of this study include (1) integrating GEE and RSEI for efficient urban-scale ecological quality assessment, overcoming the limitations of data acquisition and processing in previous studies; (2) characterizing the long-term ecological quality dynamics under rapid urbanization using multi-temporal remote sensing data; and (3) quantifying the influence of natural and anthropogenic factors on ecological quality patterns with the OPGD model, providing decision support for urban ecological planning and management.



The findings of this study not only have important implications for ecological civilization construction and sustainable development in Wuhan but also contribute to global research on urban ecological assessment and management. Moreover, it provides a novel methodological framework that integrates cloud computing, remote sensing indices, and geographical detectors, which can be extended to other urban areas worldwide. The research outcomes are expected to deepen the understanding of urban ecological quality dynamics and support the realization of SDGs at the city level.




2. Materials and Methods


2.1. Study Area


Wuhan, the capital city of the Hubei Province, China, is geographically positioned between 29°58′ N to 31°22′ N latitude and 113°41′ E to 115°05′ E longitude, situated in the eastern part of the Jianghan Plain and the middle reaches of the Yangtze River. The city is comprised of six central urban districts and seven peripheral districts (as detailed in Figure 1), covering an administrative area of 57,943.92 km2 and hosting a substantial permanent resident population of 31.9874 million [40]. Wuhan is characterized by its varied topography in all directions, particularly at the confluence of the Yangtze and Han rivers, which forms the unique geographical layout of “Two Rivers and Three Towns”. The city experiences a subtropical humid monsoon climate, with abundant rainfall and sufficient heat throughout the year, boasting an average annual temperature between 15.8 °C and 17.5 °C. It possesses an exceptional ecological environment, serving as a confluence for a vast array of plant species from both northern and southern regions. Nearly half of the city’s area is covered with green vegetation, providing more than the expected average of 10 square meters of green space per capita. These ecological assets are vital for Wuhan’s endeavor to become an ecological civilization city and stand at the core of its environmental protection objectives [41].




2.2. Data


The powerful data computation capabilities of GEE enable the batch and rapid processing of image datasets, making it an ideal platform for preprocessing and calculating various indices. This capability allows for the efficient and swift processing of image datasets, including the selection of images with minimal cloud coverage to ensure optimal image quality. To maximize the observation of vegetation greenness, this study primarily utilizes Landsat 8 OLI remote sensing imagery from the GEE platform, aiming to capture images during the peak vegetation growth periods to extract NDVI, WET, LST, and NDBSI. High-quality image data from Wuhan City, spanning from 2001 to 2021 with less than 10% cloud and a spatial resolution of 30 m, were selected for image preprocessing. The image data include cloud processing using the CFMASK (The C Function of Mask) algorithm to mask the quality assessment (QA) bands. Moreover, manual identification and processing were conducted to address areas within cloud regions that could not be labeled as clouds and anomalies due to sensor issues, with these being progressively eliminated through stepwise masking.



Additional data sources utilized in this study are detailed in Table 1. Digital Elevation Model (DEM) data were sourced from the Geospatial Data Cloud, providing essential topographical information. Population density and Gross Domestic Product (GDP) data [42], pivotal for analyzing human impact on the landscape, were obtained from the Resource Environment Science and Data Center. Furthermore, slope and aspect data, crucial for understanding terrain influences on vegetation patterns [43], were derived via detailed elevation data analysis. To ensure the reliability and accuracy of these data in experimental analyses, a comprehensive preprocessing regimen was employed. This regimen included cropping to the study area, reclassification to align with the research objectives, and geometric correction to ensure spatial accuracy. These meticulous preprocessing steps are vital for the integrity of the data and the validity of the subsequent analysis, underlining the study’s commitment to methodological rigor and precision.




2.3. Methods


2.3.1. Remote Sensing Ecological Index (RSEI)


This article utilized the RSEI to evaluate the EQ in Wuhan. Dryness, heat, wetness, and greenness indices are selected as the main research indicators, and the PCA method is used to construct the RSEI. Combined with the EQ grade difference calculation, it provides a detailed assessment and analysis of the spatiotemporal ecological changes in Wuhan’s urban area. Figure 2 presents the framework of this study.



	
NDVI






The greenness index, which measures the biomass, leaf area index, and vegetation coverage of green plants, utilizes the normalized difference vegetation index (NDVI) by calculating the difference between the near-infrared (NIR) and red (RED) bands of remote sensing data [44]. The calculation formula is


  N D V I =     ρ   n i r   −   ρ   red       ρ   n i r   +   ρ   r e d      



(1)







In the formula,     ρ   n i r     a n d     ρ   r e d     represent the reflectance in the near-infrared and red-light bands, respectively.



	2.

	
WET







The wetness index, which includes the moisture content of both soil and vegetation, is obtained from remote sensing data through the Tasseled Cap Transformation (K-T) [45]. Due to the differences in spectral resolution between the Landsat TM and OLI sensors, the formula for the wetness index is as follows:


        Wet    T M   = 0.0315   ρ   blue   + 0.2021   ρ   green   + 0.3102   ρ   red    + 0.1594   ρ   n i r   − 0.6806   ρ   swir 1   − 0.6109   ρ   swir 2     



(2)






     W e t   O L I   = 0.01511   ρ   blue   + 0.1973   ρ   green   + 0.3283   ρ   red    + 0.3407   ρ   n i r   − 0.7117   ρ   swir 1   − 0.4559   ρ   swir 2     



(3)







In the formula,     ρ   green   ,     ρ   blue   ,     ρ    swir 1      a n d     ρ    swir 2     , respectively, represent the reflectance of the green, blue, shortwave infrared 1 (SWIR1), and shortwave infrared 2 (SWIR2) bands.



	3.

	
LST







Land surface temperature represents the heat level. It reflects the level of radiant heat from the Earth’s surface and plays a crucial role in the ecological environment, constituting an essential variable within it. Various methods for calculating land surface temperature include the radiative transfer equation, single-window algorithm, and single-channel algorithm [46]. This paper employs the single-channel algorithm formula:


    T   s   =         c   2     λ       l n ⁡       c   1       λ   1     S   B     T   s         + 1      



(4)






  B     T   s     =   a   0   +   a   1   w +     a   2   +   a   3   w +   a   4     w   2     ·   1 / ε   +     a   5   +   a   6   w +   a   7     w   2     ·     L   Sen   / ε    



(5)







In the formula,     L   s e n     represents the radiance received by the sensor;   ε   denotes the emissivity of the land surface;   w   stands for the water vapor content in the atmosphere;   B     T   S       represents the Planck’s radiance value at temperature;   λ   is the effective wavelength; and     a   i   ( i = 1,2 , 3 ⋯ 7 )   are the coefficients within the   B     T   S       model for Landsat series data.



	4.

	
NDBSI







The dryness index, known as the Normalized Difference Built-up and Soil Index (NDBSI), is composed of the average values of the Index-Based Built-up Index (IBI) and the Soil Index (SI) [47]. The calculation formula is


  N D B S I =   ( S I + I B I )   2    



(6)






  SI =       ρ    swir 1    +   ρ   red     −     ρ   blue   −   ρ   n i r           ρ    swir 1    +   ρ   red     +     ρ   blue   +   ρ   n i r        



(7)






  I B I =   2     ρ   s w i r 2     (   ρ   s w i r 1   +   ρ   n i r   )   −     ρ   n i r       ρ   n i r   +   ρ   r e d     +     ρ   g r e e n         ρ   s w i r 1   +   ρ   g r e e n         2     ρ   s w i r 2     (   ρ   s w i r 1   +   ρ   n i r   )   +     ρ   n i r       ρ   n i r   +   ρ   r e d     +     ρ   g r e e n         ρ   s w i r 1   +   ρ   g r e e n          



(8)







In the formula,     ρ   green   ,     ρ   blue ,       ρ   red   ,     ρ   n i r   ,     ρ    swir 1      a n d     ρ   swir 2    , respectively, represent the reflectance of the green, blue, red, near-infrared, shortwave infrared 1 (SWIR1), and shortwave infrared 2 (SWIR2) bands.



	5.

	
Construction of the RSEI







The RSEI is an index that evaluates the ecological environment by integrating wetness, greenness, heat, and dryness [48]. Due to the differences in numerical units and magnitudes among these components, it is necessary to normalize the data before integration to remove unit discrepancies. The specific formula for the normalization process is as follows:


  N I =   N I − N   I   m i n     N   I   m a x   − N   I   m i n       or   N I =   N   I   m a x   − N I   N   I   m a x   − N   I   m i n      



(9)







In the formula,   N   represents the normalized value of the index,   I   is the value of the index itself, and     I   m a x     and     I   m i n     represent the peak and trough values among all the indices, respectively. After the normalization of all component indices, we employ PCA to determine the variance contribution of each principal component. These contributions are used as weights for the component indices, which are then further transformed into the four original component indices. The extraction formula is as follows:


  R S E I = P C A [ f ( N D V I , W E T , N D B S I , L S T ) ]  



(10)







The initial RSEI is normalized to fall within the [0, 1] range, where values closer to 1 indicate better and superior ecological environment quality [49]. Based on the ecological environment grading standards set forth in the Technical Specifications for Ecological Environment Evaluation, the RSEI is classified into five levels, as shown in Table 2:




2.3.2. Optimal Parameter-Based Geographical Detector


	
Spatial Scale Optimization






Based on the scope of the research area, two scales of 2 km and 3 km were established, generating 2613 and 899 grids, respectively. By comparing the 90th percentile of all driving factors q at these two different spatial scales, the scale at which this percentile reaches its maximum value is identified as the optimal spatial scale.



	2.

	
Geographical Detector Model







The Geographical Detector is a tool used to study spatially varying geographical phenomena. It includes four detectors: differentiation and factor detection, interaction detection, risk area detection, and ecological detection. Its advantages lie in the lack of a need for a linear hypothesis and its clear physical significance [50].



Differentiation and factor detection evaluate the impact of the independent variable X (an evaluation index) on the dependent variable Y (EQ), measured with the q value:


  q = 1 −     ∑  h = 1   L          N   h     σ   h   2     N   σ   2     = 1 −   S S W   S S T    



(11)






  S S W =   ∑  h = 1   L          N   h     σ   h   2    ,   SS  T = N   σ   2    



(12)







In the formula,   h = 1 , 2 … ;     L   represents the stratification of variable   Y   or factor   X  ;   N   and     N   h     denote the total number of units in the entire region and in the stratum   h  , respectively;     σ   h   2     and     σ   2     are the variances of   Y   values within stratum   h   and across the entire region, respectively;   S S W   and   S S T   represent the sum of within-stratum variances and the total variance across the region. The   q   value serves as an indicator of the influence of factor   X   on   Y  , with larger values indicating a stronger influence.



Interaction detection is utilized to explore the interactions between different factors, assessing whether the interaction effect between every two independent variables enhances or reduces the explanatory power on the dependent variable. There are also instances where the influence of independent variables on the dependent variable is mutually independent. Refer to the Table 3 for the types of interactions between factors:






3. Results


3.1. Factor Index Principal Component Analysis (PCA)


PCA was applied to four indicators of Wuhan City in 2001, 2006, 2011, 2016, and 2021, yielding the proportion, RSEI, and contribution rate of the first principal component. According to the data in Table A1, the average contribution of the first principal component exceeds 66%, indicating its dominant role in the overall framework. This demonstrates that PCA is an effective and impartial method to reflect the comprehensive environmental status of Wuhan City.



The PCA of Wuhan City’s four indicators in 2001, 2006, 2011, 2016, and 2021 (see Table A1) reveals that the eigenvalue contribution of the first principal component consistently surpasses 50%, signifying its representation of the majority of information across the four indicators. Therefore, this principal component can substitute for the four components of greenness, wetness, dryness, and heat. To minimize the influence of subjective factors in the composite of multiple indicators, the variance contribution rate is selected as the weight for each component indicator. Utilizing these weights, a comprehensive evaluation model for the RSEI is constructed to conduct an in-depth assessment of EQ in Wuhan. The contribution rate of greenness has been increasing over the study period, indicating that the ecological protection has improved in Wuhan in recent years, resulting in a positive trend in vegetation cover and its increasing impact on the overall EQ compared to other indicators. Similarly, the contribution rate of the heat indicator is rising, reflecting the continuous increase in Wuhan’s surface temperature during the study period, which is closely related to the urban heat island effect, thereby increasing the weight of the heat indicator in the RSEI evaluation. In the annual first principal component, the greenness (NDVI) and wetness (WET) indicators are positive, suggesting a beneficial impact on the ecological environment, while the dryness (NDBSI) and heat (LTS) indicators are negative, indicating potential adverse effects. High values of greenness and wetness suggest good vegetation cover and soil moisture content, reflecting a favorable EQ. Conversely, high dryness and heat values may indicate issues like sparse vegetation, exposed bedrock, soil desertification, and urbanization, signifying poor ecological conditions. Since other principal components do not show significant trends or clear reflections of EQ, this study only utilizes the contribution rate of the first principal component to construct the RSEI [51].




3.2. Spatiotemporal Distribution of EQ in Wuhan


From 2001 to 2021, the average value of RSEI in Wuhan and the area and proportion of the area corresponding to each grade are shown in Figure 3 and Table 4. Observing the data for individual years, in 2001, the area rated as poor in EQ reached a peak, accounting for 43.25% of the total area, while the area rated as good was the least, making up only 10% of the total area, approximately 823.62 km2. In the same year, the areas rated as average and better accounted for 29.53% and 12%, respectively. By 2006, the proportion of areas rated as poor increased to 25.58%, covering an area of 2146.92 km2, while the proportion of average areas decreased to 24.51%, covering 2056 km2. In 2011, compared to 2006, there was little change; the proportion of poor areas decreased to 21.56%, covering 1809 km2, while the proportion of better areas increased to 7.01%. In 2016, the proportion of areas rated as good rose to 31.04%, and the proportion of better areas also significantly increased to 36.43%, covering 3057.07 km2. In 2021, the proportion of average areas increased to 27.70%, good areas continued to rise to 33.52%, and the proportion of better areas slightly decreased to 12.43%, covering 1043.21 km2.



Looking at the overall trend, from 2001 to 2021, Wuhan City’s RSEI mean value shows a trend of first decreasing and then increasing, indicating an improvement in the EQ in recent years, which may be related to the city’s economic development policies. According to statistical data, Wuhan’s GDP grew from CNY 39.91 billion in 1978 to CNY 13,410.34 billion in 2017, and the permanent population increased from 8.58 million in 2004 to 10.33 million in 2014. This growth led to more human activities, causing ecological issues such as vegetation destruction and soil pollution. With the government’s continuous efforts in environmental protection and governance, the implementation of relevant policies, and the promotion of ecological civilization construction over the past two decades, the environmental awareness of Wuhan’s residents has significantly improved. Through the combined efforts in various aspects, the trend of ecological environment deterioration in Wuhan has been successfully curbed, shifting towards improvement.



To more directly illustrate the geographic distribution of EQ in Wuhan, as shown in Figure 4, the surrounding urban districts exhibit better ecological conditions. These areas, characterized by slower economic development, primarily utilize land for agriculture and forestry, boasting rich vegetation and high biodiversity. In contrast, regions such as Hongshan, Hanyang, Wuchang, and Qingshan exhibit relatively poorer ecological conditions. The Hongshan District, anchored by academic and educational institutions, hosts numerous higher education entities and has a dense population, whereas Qingshan, Hanyang, and Wuchang are predominantly industrial areas, housing major industrial enterprises like Wuhan Iron and Steel, Wuhan Petrochemical, Dongfeng Motor, and Wuhan Shipbuilding. Industrial production and human activities in these areas exert significant pressure on the ecological environment.



Observing the trend from 2001 to 2021, Wuhan’s ecological environment displays a ring-shaped distribution pattern, with poorer conditions in the core urban areas and relatively better conditions in the suburbs. Over time, the scope of the central urban area has gradually expanded, especially towards the Yangtze and Han rivers. By 2021, areas with poorer ecological conditions have extended across the east–west axis, covering most of Wuhan and its core urban areas. This pattern indicates that the newly developed surrounding areas of Wuhan respond quickly to ecological changes, reflecting the city’s urban expansion. Large tracts of farmland and forests have been transformed into urban land, altering land use and cover patterns on the surface, and leading to reduced vegetation, decreased biodiversity, and diminished soil retention capability, thereby degrading EQ. The rapid urban expansion has significantly impacted these changes. For instance, in 2006, ecological problem areas were relatively dispersed, and issues in the urban core were not particularly pronounced. By 2016, the most noticeable ecological changes were concentrated along the western bank of the Han River and along both sides of the Yangtze River. Recently, as Wuhan’s urban development has approached saturation and with the advancement of ecological civilization, the central urban area has not shown a trend of continuous deterioration, and the overall EQ is improving.




3.3. Spatiotemporal Analysis of EQ Differences


Based on the RSEI, this study analyzes the spatiotemporal differences in the EQ in Wuhan from 2001 to 2021, with five-year intervals. Figure 5 illustrates that from 2001 to 2006, Wuhan’s EQ exhibited a declining trend, with the area of deteriorated EQ accounting for 59.62%, while the areas of improvement and no change accounted for 10.64% and 29.75%, respectively. Specifically, the areas of mild and significant deterioration were 2910.42 km2 and 2108.8 km2, respectively. Between 2006 and 2011, the EQ in Wuhan remained largely unchanged, with stable areas accounting for 56.35%, areas of decline accounting for 23.45%, and areas of improvement representing 10.10%, including a mild deterioration area of 1936.36 km2 and a mild improvement area of 1639.9 km2. From 2011 to 2016, the EQ in Wuhan showed a slight downward trend, with 46.9% of the area worsening, 16.48% remaining unchanged, and 36.63% improving. The area of mild improvement was 2162.23 km2, while significant deterioration covered 2681.44 km2. Between 2016 and 2021, Wuhan’s EQ showed an improving trend, with 43.33% of the area improving, and 27.6% and 29.08% remaining unchanged or worsening, respectively. The areas of significant and mild improvement were 1613.02 km2 and 2054.53 km2, respectively. Overall, from 2001 to 2021, the area showing improvement in Wuhan‘s EQ accounted for 47.32%, approximately 3962.526 km2, while the areas of no change and deterioration accounted for 30.43% and 21.81%, respectively.



In terms of the spatial distribution of EQ changes, Figure 6 shows that from 2001 to 2016, the areas of EQ decline in Wuhan were mainly concentrated on the city’s outskirts and near water bodies. The ecological degradation of water bodies is associated with the illegal discharge of domestic sewage and industrial wastewater from urban residents and factories, as well as the burgeoning aquaculture industry in recent years. The construction land in Wuhan’s center mainly originated from the encroachment on surrounding green spaces and lakes, as well as the expansion of new urban areas toward the two rivers. From 2016 to 2021, the urban EQ improved, particularly in the city center, where the EQ remained stable or even enhanced, except for the water bodies. This improvement reflects the Wuhan government’s efforts in water environment management, increasing urban greening coverage, and ecological restoration projects, as well as the heightened environmental awareness among the citizens [52].




3.4. Analysis of Driving Factors Affecting EQ in Wuhan


3.4.1. Identification of Optimal Spatial Scale


At different spatial scales, there are variations in the degree of influence of various factors, as indicated in Table 5. With an increase in spatial grid size, several driving factors (q) tend to exhibit minor fluctuations. A common practice in existing research involves comparing the sizes of the 90th percentile of all driving factors (q) at different spatial scales, considering the scale at which this percentile reaches its maximum as the optimal spatial scale. The trend of decreasing 90th percentiles for all driving factors (q) reaches its peak at a spatial grid of 2 km, with a maximum decrease of 0.756. Consequently, among the two grid sizes, the 2 km grid is better suited to reflect the impact of latent variables on the changes in ecological and environmental quality.




3.4.2. Analysis of Differentiation Factor Detection Results


This article employs the geographical detector model to uncover the natural factors influencing the changes in EQ in Wuhan City. The study utilized the fishnet tool in ArcGIS to establish research grid points of 2 km × 2 km within the study area. It classified elevation, slope, aspect, population density, GDP, and four remote sensing ecological indicators into five levels. Through the fishnet points, the RSEI values were spatially associated with the values of nine driving factors. Subsequently, the spatially matched results were imported into the geographical detector model for factor detection analysis, which determined the influence values (q values, with higher q values indicating a greater impact of a specific index factor on RSEI) and explanatory power values (p values, with higher p values indicating a lesser explanatory power of an index factor on RSEI) of the nine driving factors on RSEI.



As shown in Table 6, the p values for LST, NDVI, WET, NDBSI, population density, GDP, and elevation are all zero, indicating that these seven driving factor indices have sufficient explanatory power for the EQ in Wuhan City. From the perspective of q values, NDVI and NDBSI have the highest values, indicating that these two driving factors had the most significant impact on Wuhan City’s RSEI value in 2021. The influence of LST and WET ranks third and fourth, respectively. The q values for slope and aspect are smaller, and their p values are larger; hence, their impact on RSEI values can be considered negligible. Finally, the study concludes that the impact strength of the nine factors on RSEI values within this research area, from strongest to weakest, is as follows: NDVI, NDBSI, LST, WET, elevation, population density, GDP, slope, and aspect.




3.4.3. Analysis of the Results from the Detection of Factor Interactions


To detect the interactions between various factors, this study evaluated whether the interaction between every two independent variables enhances or weakens the explanatory power on the dependent variable. The interaction detection analysis, conducted using a geographical detector model, categorized the results into bifactor enhancement and non-linear enhancement, as shown in Figure 7. The analysis indicates that, compared to individual influencing factors, all interaction factors significantly amplify the impact on the spatial heterogeneity of the dependent variable RSEI. Key interaction factors with a relatively high impact on RSEI’s spatial heterogeneity include NDVI ∩ NDBSI, WET ∩ NDBSI, LST ∩ NDBSI, NDBSI ∩ GDP, NDBSI ∩ DEM, and NDBSI ∩ POP, demonstrating that interaction factors have a more substantial effect on spatial heterogeneity. The detection results of differentiation factors revealed that slope and aspect have minimal impact on RSEI values; hence, their interactions were not included in the result analysis.




3.4.4. Analysis of the Causative Factors of Natural Elements


From 2001 to 2021, the annual average temperature and annual precipitation in Wuhan City both exhibited a slight upward trend. As illustrated in Figure 8, the fluctuation range of the annual average temperature is relatively significant, especially in 2006 and 2016, when the decline in Wuhan’s EQ may be closely related to the rise in temperature. Although the annual precipitation also shows an increasing trend, its significance is not prominent. Therefore, this indicator can be relatively overlooked when analyzing the changes in the EQ in Wuhan.






4. Discussion


4.1. The Advantages of the GEE Platform for Constructing the RSEI Model


Compared to conventional RSEI modeling approaches, the GEE platform empowers researchers to focus on the core objectives of their studies rather than on repetitive technical tasks [53]. GEE provides a plethora of built-in codes and functions that are highly accessible, including cloud masking, image compositing, principal component analysis, and ridge and linear regression functions [54]. These embedded resources guarantee that researchers can accurately and promptly detect changes in regional RSEI and forecast future EQ in specific areas. This study demonstrates that, through direct coding on the GEE platform, principal component analysis no longer necessitates external software such as MATLAB 2022 or SPSS 2022, thereby markedly improving research efficiency.



The use of GEE for RSEI modeling is a relatively novel approach in the field of urban ecological quality assessment [55]. Previous studies have primarily relied on traditional software and methods, such as using ENVI 5.3 for image preprocessing, ArcGIS for spatial analysis, and MATLAB or SPSS for statistical analysis. While these tools are powerful, they often require significant time and effort to process large datasets and integrate multiple data sources. In contrast, GEE’s cloud-based platform and extensive library of datasets and functions streamline the entire process, enabling researchers to analyze vast amounts of data more efficiently [56].



Moreover, GEE’s ability to handle multi-temporal and multi-source data is particularly advantageous for assessing urban ecological quality, which often involves analyzing changes over time and integrating various environmental and socio-economic factors [57]. By leveraging GEE’s capabilities, this study demonstrates the potential for more comprehensive and efficient assessments of urban ecological quality, which can inform sustainable urban planning and management strategies [58].



However, it is important to acknowledge the limitations and challenges of using GEE for RSEI modeling. One potential issue is the need for reliable internet connectivity and sufficient computing power to process large datasets on the cloud platform. Additionally, while GEE offers a wide range of datasets and functions, it may not include all the specific data or analysis tools required for a particular study, necessitating the integration of external data or custom code development.



Despite these limitations, the advantages of using GEE for RSEI modeling and urban ecological quality assessment are significant. As demonstrated in this study, GEE enables researchers to efficiently process and analyze large volumes of multi-source data, providing a more comprehensive understanding of the spatiotemporal patterns and drivers of urban ecological quality. This innovative approach has the potential to advance the field of urban ecological research and inform more effective strategies for sustainable urban development.




4.2. Temporal Changes of EQ and Causal Analysis


The temporal analysis of Wuhan’s ecological quality (EQ) from 2001 to 2021 reveals significant changes over time, with notable improvements in recent years. In 2001, the proportion of ecologically impoverished areas in Wuhan reached a staggering 43.25%, with the average EQ value at a relative low point. This poor ecological state can be attributed to several factors, including rapid industrialization, accelerated urbanization, population growth, and intensified human activities. During this period, Wuhan experienced a surge in economic development, which exerted tremendous pressure on natural resources and ecological systems, leading to environmental degradation.



From 2006 to 2011, the city’s EQ remained relatively low but fluctuated less, indicating that environmental governance policies had begun to curb the deteriorating trend to some extent. This period marked the beginning of a shift in Wuhan’s development strategy, with increasing emphasis on environmental protection and sustainable development [59]. The implementation of stricter environmental regulations, such as the “Environmental Protection Law of the People’s Republic of China” in 2008, likely contributed to the stabilization of Wuhan’s EQ during this time.



After 2016, Wuhan’s EQ began to improve significantly, with the proportion of areas experiencing improvement reaching 43.33% between 2016 and 2021. This positive trend can be attributed to several factors, including the government’s increased efforts in environmental management, the transformation of urban development patterns, industrial restructuring, and the heightened public awareness of environmental protection [60]. Wuhan’s government implemented a series of ecological restoration projects, such as the “Green Wuhan” initiative, which aimed to increase green space and improve the city’s ecological infrastructure [52]. Moreover, the promotion of low-carbon and green industries, coupled with stricter pollution control measures, helped to reduce the environmental impact of economic activities. These targeted actions, driven by a shift in government priorities and growing public concern for the environment, have played a crucial role in enhancing Wuhan’s EQ in recent years.



The temporal patterns of Wuhan’s EQ are consistent with findings from other studies on urban ecological quality in China. For example, a study by Wang [61] on the spatiotemporal evolution of urban ecological quality in Beijing found a similar trend, with a decline in ecological quality during the early 2000s, followed by a gradual improvement in recent years due to government-led environmental protection efforts. Similarly, research by Zhang [62] on the ecological quality of Shenzhen revealed a significant improvement in EQ from 2010 to 2020, attributed to the city’s sustainable development policies and ecological restoration projects.



However, it is important to note that the improvement in Wuhan’s EQ is a relatively recent phenomenon, and the city still faces significant ecological challenges. As indicated by the relatively high proportion of ecologically impoverished areas in 2021 (25.58%), there is a need for continued efforts to promote sustainable urban development and address the underlying drivers of ecological degradation. Future research could explore the long-term effectiveness of Wuhan’s ecological protection measures and identify potential strategies for further improving the city’s EQ.




4.3. Spatial Patterns of EQ and Causal Analysis


The spatial analysis of Wuhan’s ecological quality (EQ) reveals a distinct urban–rural disparity and a concentric distribution pattern [63]. The core urban areas, such as Wuchang, Hanyang, and Hongshan, which are densely populated and industrially developed, generally exhibit poorer EQ due to the intensity of human activities. In contrast, the relatively less economically active urban–rural fringes and suburban areas maintain a favorable ecological state [64]. This spatial pattern is consistent with findings from other studies on urban ecological quality in China and globally.



Although both the urban core and the urban–rural fringe areas have experienced ecological degradation, the degree of deterioration varies, resulting in the concentric distribution pattern of EQ. The urban core areas have suffered the most severe ecological degradation due to the intense urbanization pressures, such as the massive conversion of natural land to built-up areas and the high concentration of population and industrial activities [65]. In comparison, the urban–rural fringe areas, while also affected by urban expansion, have managed to retain a higher proportion of natural and semi-natural land covers, such as forests, grasslands, and agricultural lands, owing to the relatively lower development intensity [66]. These areas provide important ecosystem services, such as carbon sequestration, water regulation, and biodiversity conservation, which contribute to their higher EQ. The gradient change in EQ from the urban core to the periphery reflects the spatially heterogeneous impact of urban expansion on the ecological environment.



The formation of this spatial pattern is closely related to the process of urban expansion and land use change. As Wuhan has grown and developed, the central urban areas have experienced significant land cover changes, with the conversion of green spaces, wetlands, and agricultural lands into built-up areas [67]. This process has led to the degradation of natural habitats, reduction in biodiversity, and increased environmental pollution [68]. Moreover, the high concentration of population and industrial activities in the urban core has placed additional pressure on the local ecosystem, contributing to the lower EQ in these areas [69].



The spatial pattern of Wuhan’s EQ highlights the need for a more balanced and sustainable approach to urban development. While the concentration of population and economic activities in the urban core is a common feature of many cities, it is crucial to ensure that this growth does not come at the expense of the local ecosystem. Strategies such as urban greening, ecological restoration, and the protection of natural habitats in both urban and peri-urban areas can help mitigate the negative impacts of urbanization and improve the overall EQ of the city. Moreover, the spatial analysis of Wuhan’s EQ underscores the importance of considering the spatial heterogeneity of urban ecological quality in urban planning and management. A one-size-fits-all approach to ecological conservation and restoration may not be effective, given the distinct characteristics and challenges of different urban areas. Instead, a more targeted and context-specific approach, which takes into account the local socio-economic, environmental, and institutional factors, may be necessary.




4.4. Analysis of Influencing Factors and Recommendations


The analysis of the influencing factors on Wuhan’s ecological quality (EQ) using the geographic detection model reveals that vegetation cover (NDVI), built-up land (NDBI), land surface temperature (LST), and wetness (WET) are the dominant drivers of EQ in the city. These findings are consistent with previous studies that have identified land cover composition, urban heat island effect, and moisture conditions as key determinants of urban ecological quality [70,71,72]. The strong influence of NDVI on Wuhan’s EQ highlights the crucial role of vegetation in maintaining and improving the urban ecosystem. Vegetation provides numerous ecological benefits, such as reducing air and noise pollution, regulating microclimate, and supporting biodiversity. In Wuhan, the expansion of built-up areas and the consequent loss of vegetation cover have been major contributors to the decline in EQ, particularly in the urban core. Therefore, protecting and restoring green spaces, such as parks, forests, and wetlands, should be a key priority in Wuhan’s ecological management strategy.



The significant impact of NDBI on Wuhan’s EQ underscores the negative ecological consequences of rapid urbanization and the expansion of impervious surfaces. Built-up areas not only lead to the direct loss of natural habitats but also contribute to a range of environmental problems, such as increased surface runoff, reduced groundwater recharge, and the urban heat island effect. To mitigate these impacts, Wuhan should promote sustainable urban design and planning practices, such as compact development, mixed land use, and the integration of green infrastructure.



The influence of LST on Wuhan’s EQ highlights the need to address the urban heat island effect, which is a common problem in many cities worldwide. The high concentration of impervious surfaces and the lack of vegetation in urban areas contribute to higher surface and air temperatures, which can have negative impacts on human health, energy consumption, and ecosystem functioning. In Wuhan, the urban heat island effect has been intensifying in recent years, particularly in the summer months. To mitigate this problem, the city should implement strategies such as increasing the coverage of green spaces, promoting the use of cool materials and green roofs, and improving the efficiency of energy systems.



The role of WET in influencing Wuhan’s EQ emphasizes the importance of maintaining and restoring the city’s water resources and wetland ecosystems. Wuhan is known as the “city of a hundred lakes” due to its abundant water resources, including the Yangtze and Han rivers and numerous lakes and wetlands. These water bodies not only provide important ecosystem services, such as water purification, flood control, and biodiversity conservation but also contribute to the city’s unique landscape and cultural identity. However, rapid urbanization and industrial development have led to the degradation and loss of many of Wuhan’s water resources and wetland habitats. To address this issue, the city should strengthen the protection and management of its water resources, implement wetland restoration projects, and promote sustainable water use practices.



In addition to these key influencing factors, the analysis also reveals the significant impact of socio-economic factors, such as population density and GDP, on Wuhan’s EQ. This finding highlights the complex interplay between urban development, human activities, and ecological quality. To achieve sustainable urban development, Wuhan needs to find a balance between economic growth, social well-being, and environmental protection. This requires a multi-faceted approach that involves not only technical solutions, such as ecological restoration and green infrastructure, but also policy and institutional reforms, such as strengthening environmental regulations, promoting public participation, and fostering cross-sectoral collaboration.



Furthermore, the study highlights the potential impact of climate change on Wuhan’s EQ, as indicated by the negative influence of temperature increases on EQ in certain years. Wuhan, like many other cities in China and worldwide, is facing the challenges of climate change, such as rising temperatures, changing precipitation patterns, and more frequent extreme weather events [65]. These changes can have significant impacts on urban ecosystems, such as altering species distributions, disrupting ecological processes, and exacerbating environmental problems, such as air and water pollution [73]. To build resilience to climate change, Wuhan needs to mainstream climate considerations into its urban planning and management practices, such as developing climate adaptation plans, promoting low-carbon development, and strengthening early warning and disaster response systems.



Finally, it is important to recognize the limitations and uncertainties of this study and the need for further research. While the RSEI model and the geographic detection method provide valuable insights into the spatiotemporal patterns and influencing factors of Wuhan’s EQ, they are based on a limited set of indicators and data sources. Future studies could incorporate a wider range of ecological, social, and economic indicators, such as biodiversity, ecosystem services, and human well-being, to provide a more comprehensive assessment of urban ecological quality. Moreover, the study focuses on a single city, and the findings may not be directly applicable to other urban contexts. Comparative studies across different cities and regions could help to identify common patterns and context-specific factors influencing urban ecological quality. In summary, this study provides a valuable contribution to the understanding of urban ecological quality in Wuhan and offers important insights for sustainable urban development in China and beyond. The findings highlight the need for a multi-dimensional and integrative approach to urban ecological management, which takes into account the complex interactions between environmental, social, and economic factors. By adopting a more holistic and adaptive approach, cities like Wuhan can strive to achieve a balance between human well-being and ecological sustainability and contribute to the global goals of sustainable development.





5. Conclusions


In this study, in leveraging the GEE platform we conducted a rapid and detailed assessment of the changes in EQ in Wuhan from 2001 to 2021 and employed geographical detector model technology to uncover the key factors affecting the region’s EQ. The conclusions of this research not only provide vital scientific evidence for environmental management and sustainable development in Wuhan City but also offer empirical support for achieving the SDGs. The main findings are summarized as follows:




	(1)

	
Trend of EQ: Between 2001 and 2021, Wuhan City experienced an initial decline followed by a subsequent increase in EQ. This trend is closely associated with the city’s rapid economic development, reduction in vegetation due to human activities, shrinkage of lake areas, and urban expansion. This finding underscores the importance of implementing effective environmental governance measures while pursuing economic growth. It also highlights the need for a balanced approach to urban development that prioritizes ecological sustainability alongside economic progress.




	(2)

	
Spatial Distribution Differences: There is a significant difference in the ecological conditions between the core urban areas and the peripheral regions, which is related to the economic development level and strategic positioning of each district. Adjusting industrial layout and promoting industrial upgrading can provide new impetus for improving the urban ecology. This finding suggests that a spatially differentiated approach to ecological management, which takes into account the unique characteristics and challenges of different urban areas, may be more effective than a one-size-fits-all strategy.




	(3)

	
Analysis of Driving Forces: Through the analysis of nine driving factors, it was found that greenness and dryness have the most significant impact on the EQ, while the effects of slope and aspect are relatively minor. This insight provides guidance for urban planning and ecological restoration, emphasizing the importance of maintaining and enhancing vegetation cover and managing built-up areas to improve urban ecological quality. Moreover, the significant influence of socio-economic factors, such as population density and GDP, highlights the need for an integrated approach that addresses the complex interplay between the environmental, social, and economic dimensions of urban sustainability.




	(4)

	
Areas of Focus: The EQ along the Yangtze and Han riversides and in the city center remains a concern. Urban planning and development strategies need to place greater emphasis on ecological protection to achieve harmonious coexistence between humans and nature. This finding underscores the importance of prioritizing the conservation and restoration of critical ecological assets, such as rivers, lakes, and wetlands, in urban development plans. It also calls for a more proactive and integrated approach to urban ecological management, which involves not only technical solutions but also policy and institutional reforms to promote sustainable land use and environmental stewardship.




	(5)

	
Methodological Contributions: This study demonstrates the effectiveness of the RSEI model and the geographical detector method for assessing and analyzing urban ecological quality. The integration of multi-source remote sensing data and socio-economic data within the GEE platform enables a comprehensive and efficient assessment of the spatiotemporal patterns and driving factors of urban EQ. This approach offers a promising tool for monitoring and evaluating urban ecological conditions, which can inform evidence-based decision-making for sustainable urban management. The methodology developed in this study can be applied to other cities and regions, providing a valuable reference for comparative studies and global assessments of urban ecological quality.




	(6)

	
Implications for Sustainable Urban Development: The findings of this study have important implications for sustainable urban development in Wuhan and beyond. They highlight the need for a multi-dimensional and integrative approach to urban ecological management, which takes into account the complex interactions between environmental, social, and economic factors. By adopting a more holistic and adaptive approach, cities can strive to achieve a balance between human well-being and ecological sustainability and contribute to the global goals of sustainable development. This requires not only technical solutions, such as ecological restoration and green infrastructure but also policy and institutional reforms, such as strengthening environmental regulations, promoting public participation, and fostering cross-sectoral collaboration.









In conclusion, this study provides a comprehensive assessment of the spatiotemporal patterns and driving factors of urban ecological quality in Wuhan, using advanced remote sensing and spatial analysis techniques. The findings offer valuable insights into the complex dynamics of urban ecosystems and the challenges and opportunities for sustainable urban development. By highlighting the key areas of concern and the critical factors influencing urban ecological quality, this study provides a scientific basis for informed decision-making and targeted interventions to promote urban sustainability. The methodology and conclusions of this study can be extended to other cities and regions, contributing to the growing body of knowledge on urban ecological assessment and management. As cities around the world face the pressing challenges of rapid urbanization, environmental degradation, and climate change, this study underscores the importance of developing and applying innovative tools and approaches to monitor, assess, and enhance urban ecological quality, as a key component of sustainable development.
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Table A1. Result of principal component analysis.






Table A1. Result of principal component analysis.





	
Year

	
Parameter

	
PC1

	
PC2

	
PC3

	
PC4




	
2001

	
NDVI

	
0.323

	
0.665

	
−0.269

	
−0.616




	
WET

	
0.689

	
−0.133

	
−0.680

	
−0.207




	
LTS

	
−0.586

	
0.189

	
0.678

	
−0.399




	
NDBSI

	
−0.275

	
−0.709

	
0.056

	
0.646




	
Eigenvalue

	
0.178

	
0.102

	
0.026

	
0.003




	
Contribution Rate/%

	
58

	
33

	
8

	
1




	
2006

	
NDVI

	
0.327

	
0.712

	
0.161

	
0.598




	
WET

	
0.688

	
0.098

	
0.642

	
0.321




	
LTS

	
−0.515

	
0.060

	
0.748

	
0.412




	
NDBSI

	
−0.391

	
−0.691

	
−0.008

	
−0.607




	
Eigenvalue

	
0.154

	
0.118

	
0.020

	
0.003




	
Contribution Rate/%

	
53

	
40

	
6

	
1




	
2011

	
NDVI

	
0.306

	
−0.692

	
0.222

	
0.613




	
WET

	
0.704

	
0.116

	
0.655

	
0.247




	
LTS

	
−0.563

	
0.148

	
0.720

	
−0.374




	
NDBSI

	
−0.303

	
−0.695

	
0.043

	
−0.649




	
Eigenvalue

	
0.153

	
0.116

	
0.021

	
0.003




	
Contribution Rate/%

	
52

	
39

	
8

	
1




	
2016

	
NDVI

	
0.361

	
0.468

	
−0.485

	
−0.644




	
WET

	
0.532

	
0.678

	
478

	
−0.165




	
LTS

	
−0.668

	
−0.028

	
0.719

	
−0.188




	
NDBSI

	
−0.373

	
0.565

	
−135

	
722




	
Eigenvalue

	
0.120

	
0.019

	
0.008

	
0.002




	
Contribution Rate/%

	
80

	
13

	
6

	
1




	
2021

	
NDVI

	
0.370

	
0.472

	
−0.453

	
−0.658




	
WET

	
0.537

	
0.691

	
0.464

	
−0.126




	
LTS

	
−0.641

	
−0.033

	
0.745

	
−0.176




	
NDBSI

	
−0.401

	
0.544

	
−0.150

	
0.720




	
Eigenvalue

	
0.125

	
0.019

	
0.011

	
0.002




	
Contribution Rate/%

	
80

	
12

	
7

	
1
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Figure 1. The location of Wuhan City, Hubei Province, China. 
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Figure 2. Technical Flowchart. 
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Figure 3. Area and proportion of Wuhan EQ classification areas from 2001 to 2021. (a) Area of different grades; (b) proportion of different grades. 
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Figure 4. Classification map of EQ from 2001 to 2021 in Wuhan. 
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Figure 5. Changes in EQ type area in Wuhan City from 2001 to 2021. Note: A. Significant Improvement; B. Mild Improvement; C. Unchanged; D. Mild Deterioration; E. Significant Deterioration. 
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Figure 6. Spatial Distribution Map of EQ Changes in Wuhan from 2001 to 2021. 
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Figure 7. Heat map of factor interaction detection results. 
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Figure 8. Changes in average annual temperature and precipitation in Wuhan from 2001 to 2021. 
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Table 1. Source information of the data.






Table 1. Source information of the data.





	
Data Name

	
Resolution

	
Data Source

	
Data Preprocessing






	
WET

	
30 m

	
Google Earth Engine

	
Mosaicking, Reclassification




	
NDVI

	
30 m

	
Mosaicking, Reclassification




	
LST

	
30 m

	
Mosaicking, Reclassification




	
NDBSI

	
30 m

	
Mosaicking, Reclassification




	
DEM

	
30 m

	
Geospatial data cloud

(www.gscloud.cn) (accessed on 30 September 2023)

	
Mosaicking, Clipping, Reclassification




	
Slope

	
1000 m

	
Extraction, Clipping




	
Aspect

	
1000 m

	
Extraction, Clipping




	
GDP

	
1000 m

	
Geometric correction




	
Population

	
1000 m

	
CAS Resource and Data Center (www.resdc.cn) (accessed on 30 September 2023)

	
Clipping, Geometric correction,

Reclassification











 





Table 2. The ecological environment situation scale.






Table 2. The ecological environment situation scale.





	Level Index
	Feature Description





	Worse

(0 < RSEI ≤ 0.2)
	Low vegetation cover, drought and low rainfall, rock exposure, soil drying, and obvious limitations on human life.



	Poor

(0.2 < RSEI ≤ 0.4)
	Relatively low vegetation coverage, dry weather, sparse rainfall, fewer species, are notable factors limiting human habitation.



	Fair

(0.4 < RSEI ≤ 0.6)
	Medium coverage, moderate rainfall, suitable for human habitation, and factors limiting human survival.



	Good

(0.6 < RSEI ≤ 0.8)
	High vegetation coverage, rich biodiversity, soil rich in organic matter, and favorable climate; suitable for human residence.



	Better

(0.8 < RSEI ≤ 1.0)
	High vegetation coverage, rich biodiversity, high organic matter content in the soil, moist and pleasant climate, and ecological stability










 





Table 3. Interaction types of the detection factors.
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	Interaction Type
	Judgment Criteria





	Non-linear Weakening
	   q     X   1   ∩   X   2     < M i n   q     X   1     , q     X   2         



	Non-linear Attenuation
	   M i n [ q (   X   1   ) , q (   X   2   ) ] < q (   X   1   ∩   X   2   < M a x [ q (   X   1   ) , q (   X   2   ) ]   



	Bifactor Enhancement
	   q     X   1   ∩   X   2     > M a x   q (   X   1   ) , q (   X   2   )     



	Mutually Independent
	   q     X   1   ∩   X   2     = q     X   1     + q     X   2       



	Non-linear Enhancement
	   q     X   1   ∩   X   2     > q     X   1     + q     X   2       










 





Table 4. Area statistics of RSEI levels from 2001 to 2021 in Wuhan.
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Ecological Rating

	
2001

	
2006

	
2011

	
2016

	
2021




	
Area

/km2

	
Area

/%

	
Area

/km2

	
Area

/%

	
Area

/km2

	
Area

/%

	
Area

/km2

	
Area

/%

	
Area

/km2

	
Area

/%






	
Worse

	
93.23

	
1.21

	
2146.92

	
25.58

	
1809.03

	
21.56

	
262.37

	
3.13

	
283.63

	
3.38




	
Poor

	
3815.65

	
43.25

	
3021.72

	
36.01

	
2863.97

	
34.13

	
2240.60

	
26.70

	
2063.85

	
24.59




	
Fair

	
2274.25

	
29.53

	
2056.62

	
24.51

	
2012.68

	
23.98

	
1027.33

	
12.24

	
2324.56

	
27.70




	
Good

	
823.62

	
10.62

	
1099.56

	
13.1

	
1118.14

	
13.32

	
2604.64

	
31.04

	
2813.52

	
33.52




	
Better

	
1235.25

	
14.72

	
134.89

	
1.61

	
588.66

	
7.01

	
3057.07

	
36.43

	
1043.21

	
12.43




	
Total

	
8392.62

	
100.00

	
8392.25

	
100.00

	
8392.48

	
100.00

	
8392.01

	
100.00

	
8392.37

	
100.00











 





Table 5. Comparative Spatial Scale Effects of Driving Factor q and 90th Percentile.






Table 5. Comparative Spatial Scale Effects of Driving Factor q and 90th Percentile.





	

	
Factor

	
LST

	
NDVI

	
WET

	
NDBSI

	
POP

	
GDP

	
DEM

	
PD

	
PX

	
The 90th

Percentile of q




	
Grid Size

	






	
2 km

	
0.353

	
0.869

	
0.145

	
0.743

	
0.028

	
0.027

	
0.068

	
0.025

	
0.024

	
0.756




	
3 km

	
0.287

	
0.843

	
0.175

	
0.721

	
0.026

	
0.029

	
0.071

	
0.021

	
0.019

	
0.733











 





Table 6. Spatial Heterogeneity Response of RSEI Value to Nine Driving Factors.
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	Factor
	LST
	NDVI
	WET
	NDBSI
	POP
	GDP
	DEM
	PD
	PX





	q
	0.353
	0.869
	0.145
	0.743
	0.028
	0.027
	0.068
	0.025
	0.024



	p
	0.000
	0.000
	0.000
	0.000
	0.000
	0.000
	0.000
	0.015
	0.017



	Ranking
	3
	1
	4
	2
	6
	7
	5
	8
	9
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