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Urban ecological quality evaluation attracts more and more attention in urban land use and ecosystem planning optimization due to continuity problems from rapid urbanization and population growth. Remote sensing was always considering contribute to the evaluation. However, accurate and efficient evaluation of urban ecological quality is being challenged, as traditional remote-sensing-based methods were mainly based on low spatial resolution data, pixel-based land cover classification, and vegetation condition factors, and ignored object-oriented high spatial resolution classification and urban landscape pattern. Thus, method for urban ecological quality evaluation based on high-resolution remote sensing is greatly needed to support spatially explicit decision-making in urban planning. In this study, a novel high-resolution remote-sensing-based method based on six ecological indicators from vegetation conditions and landscape patterns was proposed to evaluate urban ecological quality. The six ecological indicators were derived from high-resolution remote sensing data using an object-oriented land cover classification. Factor analysis indicated that the sensitivity of landscape patterns to ecological quality is relatively weaken. Therefore, vegetation conditions and landscape patterns were used as two respective variables to generate a linear evaluation model, with their weights calculated from the loadings of factor analysis, to evaluation urban ecological quality. The results showed that the proposed linear model, considering both vegetation conditions and landscape patterns, is effective and trustworthy, and can provide more suitable support to urban land use and ecological planning.
Keywords: urban, ecological quality, vegetation condition, landscape pattern, remote sensing
1 INTRODUCTION
Urbanization in China has been an unforeseen major historical event over the past 40 years. The urban population increased from 172.45 million in 1978 to 914.25 million in 2021, and the urbanization rate increased from 17.9 to 64.7% during the same period (National Bureau of Statistics of China, 2021). Due to the relaxation of population policies in China, the urbanization rate has shown an accelerating tendency, and is predicted to surpass 70% by 2035 (Chinese Academy of Social Sciences, 2019). However, the dramatic urbanization process poses great challenges to the ecological environment and resources (Zhang et al., 2019), leading to various ecological issues including biodiversity reduction (Elmqvist, 2013), lengthy drought (Kaufmann et al., 2007), heat island effect (Du et al., 2020), water quality deterioration (Owen, 2010), atmospheric pollution (Sarrat et al., 2006), and disease spreading (Allender et al., 2010). Shrinkage of ecological land and the resulting water shortage have become outstanding issues in highly urbanized cities such as Beijing, China (Zhang et al., 2009). China implemented the “Green GDP” project in 2007 to deal with the challenging ecological situation. Green GDP suggests less urbanization and industrialization, and more green space expansion in urban areas. Accordingly, Beijing municipal government decided to limit residential and business land, and develop more green space in the urban area to strengthen the ecological conservation. Both growing ecological issues and the effectiveness of policy optimization need to be considered for understanding the impacts on urban residential suitability. Therefore, the analysis of urban ecological quality is of greater importance than ever in the rapid urbanization region.
A well-established approach is to use ecological indicators as standardized tools to provide comparable and comprehensive information of an urban area for urban ecological quality analysis (Lakes and Kim, 2012). Urban ecological indicators are quantitative and spatially continuous descriptions of ecological conditions in urban environments. They reﬂect ecological functions and ecosystem services such as groundwater recharge, retention of contaminants, air puriﬁcation, and urban climate regulation (Henry and Dicks, 1987; Bolund and Hunhammar, 1999; Eliasson and Svensson, 2003; Arlt and Lehmann, 2005; Gómez-Baggethun and Barton, 2013).
Many urban ecological indicators have been developed for evaluating urban ecological quality, ranging from qualitative to quantitative, from physical based to remote sensing based, from point to surface monitoring, and from intermittent monitoring to continuous monitoring in the last 2 decades (Wang et al., 2017). However, most of the existing indicators were developed using local statistical data, labor-intensive ﬁeld surveys, or visual interpretation of aerial photographs, which are difficult to collect, and often lack high quality spatial context (Cadenasso et al., 2007). Therefore, there is a need to develop a high-resolution cyberinfrastructure-based ecological indicator for effective ecological planning (Rose et al., 2015).
A remarkable array of ecological measurements can be derived from remotely sensed images that include habitats (or land cover classiﬁcations) and their biophysical properties (integrated ecosystem measurements) as well as natural and human-induced changes across the landscape (Pettorelli et al., 2014). Various automatic remote-sensing-based methods have been developed to improve the efficiency of urban ecological indicators. Behling et al. presented an automatic remote sensing and GIS based system to generate flexible and user-defined urban ecological indicators. In their work, fourteen indicators were developed based on hyperspectral remote sensing data and its corresponding height information (Behling et al., 2015). Xu developed a remote sensing based ecological index (RSEI), which takes greenness, wetness, dryness and heat into consideration. The four aspects were quantified by four remote sensing indices: normalized difference vegetation index (NDVI), normalized difference built-up and soil index (NDBSI), wetness component of the tasseled cap transformation (Wet), and land surface temperature (LST) (Xu, 2013). However, a common issue exists in the current remote-sensing-based ecological evaluation: the use of coarse indicators from low-resolution remote sensing data, which hindered the development of spatially detailed urban ecological indicators.
On the other hand, current ecological indicators from remotely sensed images mainly focused on the quantity of urban ecological land and ignored their spatial patterns. However, the spatial pattern is considered as one of the most important factors that affect urban ecological quality (Su et al., 2012; Zhou et al., 2012; Estoque and Murayama, 2013). For instance, landscape pattern strongly influences ecological processes with respect to population persistence, biodiversity, and ecosystem health. The ecological consequences of urbanization can be observed and described by the dynamic changes of regional landscape through landscape metrics (Li et al., 2010; Peng et al., 2016). Some studies have expounded the significant functions of Urban Green Space (UGS) in urban life (Uy and Nakagoshi, 2008). Landscape pattern assessment could also infer potential ecological processes (Turner et al., 2001; Botequilha Leitão and Ahern, 2002). These factors express the ecological quality of UGS from different aspects, such as biodiversity, physical and mental health, and visual and amenity benefits (Harper et al., 2005; Fuller et al., 2007; Gonzalez et al., 2010). Therefore, landscape pattern assessment should be considered to derive more comprehensive ecological quality assessment.
In light of the issues of existing studies on remote-sensing-based urban ecological quality evaluation, the objective of this article is to propose an innovative method to develop urban ecological indicators using high resolution remote sensing images. The proposed method takes both vegetation condition and landscape pattern into consideration to evaluate the urban ecological quality. The results are expected to greatly support urban managers for better understanding of the importance of urban ecological quality, and for more objective decision making in urban planning.
2 STUDY AREA, DATA COLLECTION AND PRE-PROCESSING
2.1 Study Area
In this study, Haidian District in Beijing, China (Figure 1), was selected as the study area. The area is located in the northwest part of Beijing city. It covers an area of 430.8 km2 and is divided into 30 administrative sub-districts. The population of the area amounted to 3.24 million by the end of year 2019, while the production value reached 113.23 billion US dollars, taking up 22.4% of the total value of Beijing (Bureau of Statistics of Haidian District, 2020). Generally, the built-up area occupies half of the southeast area while mountains distribute in the west margin, with urban-rural fringe located in between. Because of the tremendous population, high industrial output and fragmented land use patches, Haidian District becomes a suitable area to develop an ecological quality evaluation method with both vegetation conditions and landscape patterns considered.
[image: Figure 1]FIGURE 1 | The study area of Haidian district overlaid on a mosaicked GaoFen-2 true-color image and the location of Haidian District within Beijing, China.
2.2 Remote Sensing Data and Preprocessing
GaoFen-2 (GF-2) is a high spatial resolution remote sensing satellite that was launched by China, on 19 August 2014. It contains Panchromatic and Multi-Spectral (PMS) sensors (PMS-1 and PMS-2 with the same band designations). The band designation of GF-2 PMS is shown in Table 1. The spatial resolution of the multispectral and panchromatic bands is 4 and 1 m, respectively. Four GF-2 multispectral images, acquired on 12 September 2015, were used to develop ecological indicators in this study.
TABLE 1 | Spectral bands of GaoFen-2 (GF-2) Panchromatic/Multi-Spectral (PMS).
[image: Table 1]The multispectral data preprocessing includes radiometric calibration, atmospheric correction, ortho-rectification and mosaic. Radiometric calibration was used to convert digital numbers to Top-Of-Atmosphere (TOA) reflectance using parameters developed by the China Centre for Resources Satellite Data and Application (http://www.cresda.com.cn). Atmospheric correction is used to convert the TOA reflectance to surface reflectance using a Fast Line-of-sight Atmospheric Analysis of Spectral Hypertube (FLAASH) module. After that, the images were visualized and orthorectified using ENVI 5.1 software. Lastly, four images were mosaicked.
3 METHODS
We propose a novel high-resolution remote-sensing-based methodological framework to evaluate ecological quality of Haidian District (Figure 2). The proposed framework consists of four modules: 1) Generation of a fine-scaled ecological land cover map using an object-oriented image classification method; 2) Derivation of vegetation parameters and landscape metrics based on GF-2 multi-spectral data and land cover mapping; 3) Evaluation of the ecological quality (EQ1) using factor analysis and analysis of the contribution of vegetation and landscape to ecological quality based on the loadings of six indicators. 4) Development of a linear model combining both vegetation condition and landscape pattern to evaluate the ecological quality (EQ2).
[image: Figure 2]FIGURE 2 | The framework of ecological quality evaluation using GF-2 remote sensing data.
3.1 Object-Oriented Land Cover Classification
Object-oriented image classification is one of the most effective methods to conduct land use/cover mapping using high spatial resolution remotely sensed images. As compared with pixel-based image classification, this method can remove salt-and-pepper noise and generate more reliable and accurate results. In this study, the GF-2 images were classified into various land cover types. The results were then used as a basis for landscape metrics calculation.
Object-oriented image classification involved three steps: multi-scale segmentation, general classes creation, and classification rules (Ramakrishnan, 2014). The segmentation parameters were defined as follows: layer weights were all set to equal, scale to 20, shape factor to 0.3, color to 0.7, and compactness and smoothness to 0.5. Four classes (water, vegetation, soil, and impervious surface) were created to form class hierarchy. We chose the nearest neighbor method as the classifier. Urban area surface is complex and heterogeneous, so it is very difficult to identify all land cover classes simultaneously. In this research, based on the difference of pixel spectral heterogeneity, four classes were identified. After that, water and vegetation were subdivided further. Water was further divided into two sub-types, clean water and turbid water. Vegetation was divided into two sub-types: grassland, and forest/shrub. 50 sample regions of 100 m × 100 m in size were randomly selected, and the land cover type of these pixels within these sample regions were identified using visual interpretation in order to assess the accuracy of land cover classification.
3.2 Landscape Metrics Calculation
3.2.1 Definition of Urban Ecological Land
Ecological land patches are the basic units for landscape metric calculation. Urban ecological land refers to the land-use type that can provide ecosystem services. Its definition has been involved in the land use classification system, though has not yet been proposed as an explicit concept in ecological planning (Peng et al., 2017). Li et al. has defined urban ecological land as land “aimed at improving the quality of life of people in cities, protecting important ecosystems and habitats, maintaining and improving the natural and urban artificial ecological unit, and stabilizing the urban ecosystem services at a certain level.” (Li et al., 2009).
Vegetation areas and water bodies are conventionally recognized as ecological lands, which are important to ecosystem service. Barren land is inferior ecological land that has potential to convert into vegetation, and is therefore also considered part of ecological land in this study. The impervious surface is not regarded as urban ecological land. Ecological land patches were extracted from land cover maps based on GF-2 image in this study. Landscape metrics were calculated at the class level for only urban ecological land.
3.2.2 Landscape Metrics Selection and Measurement
Landscape metrics have been extensively used for analyzing spatial patterns and differentiating urban land uses (O’Neill et al., 1991; Listopad et al., 2015). They can be calculated at various levels of patch, class or landscape, quantifying different aspects such as landscape composition and configuration. Many landscape metrics are highly correlated; therefore, correlation analysis should be performed in order to identify suitable metrics which are not significantly correlated with each other. At the same time, those metrics should represent as many aspects of landscape pattern as possible. From the perspective of heterogeneity level, landscape metrics are typically grouped according to the aspect of landscape pattern measured, such as area and edge metrics, shape metrics, core area metrics, contrast metrics, aggregation metrics, and diversity metrics (McGarigal, 2015). On the basis of correlation analysis, diversity and heterogeneity consideration, three landscape metrics, i.e., percentage of Landscape (PLAND), edge density (ED), and effective mesh size of ecological land (MESH), were selected as ecological quality evaluation indices, and calculated at grid level. Here, the grid size is defined as 100 m × 100 m, which is suitable to analyze the landscape pattern for ecological quality evaluation.
PLAND is a landscape composition metric, and quantifies the proportional abundance of ecological type in the landscape (McGarigal, 2015). Higher PLAND values represent better ecological quality. The PLAND is calculated as follows:
[image: image]
Pi = proportion of the landscape occupied by urban ecological land patches type (class) i. aij = area (m2) of urban ecological land patch ij. A = total urban ecological land area (m2).
ED was calculated as the sum of the lengths of all edge segments of urban ecological land patches, divided by the total landscape area (McGarigal, 2015). ED quantifies the fragmentation and shape complexity of the ecological land patches. Higher values of ED represent lower ecological quality. The ED is calculated as follows:
[image: image]
[image: image] = total length (m) of edge in landscape involving urban ecological land patches type (class) i, includes landscape boundary and background segments involving patch type i. A = total urban ecological land area (m2).
MESH focuses on the patch area of ecological land (McGarigal, 2015). It represents the fragmentation degree, patch area and segmentation. MESH is calculated as the sum of the squared area of patches, divided by the total landscape area (i.e., 10,000 m2). Higher values of MESH represent better ecological quality. The MESH is calculated as follows:
[image: image]
aij = area (m2) of urban ecological land patch ij. A = total urban ecological land area (m2).
3.3 Vegetation Parameters Calculation
Three ecological indicators, i.e., Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI) and Biomass (BIO) from GF-2 images were involved to quantify vegetation condition.
NDVI is used to determine the density of green vegetation on the land by observing distinct colors (wavelengths) of the visible and near infrared (NIR) sunlight reflected by the plants. The NDVI is calculated as follows:
[image: image]
where Red and NIR refer to the reflectance of red and near-infrared bands in the GF-2 remote sensing data. NDVI values range from minus one to plus one, and no green leaves gives a value close to zero (NASA, 2017).
EVI improves sensitivity to high biomass regions and improved vegetation monitoring capability through a de-coupling of the canopy background signal and a reduction in atmospheric influences (Huete et al., 1999). It has shown significant improvements related to the analysis of environments composed by dense vegetation (Matsushita et al., 2007). According to the work of Liu and Huete, the EVI is defined as (Liu and Huete, 1995):
[image: image]
where L is a soil adjustment factor, C1 and C2 are coefficients used to correct aerosol scattering in the red band using the blue band, Blue, Red, and NIR represent reflectance at the blue, red, and NIR bands, respectively. In general, G = 2.5, C1 = 6.0, C2 = 7.5, and L = 1 (Huete et al., 1997). The formula can be written as follow:
[image: image]
BIO is the mass of living biological organisms in an area or ecosystem at a given time. In remote sensing based methods, empirical algorithms have been widely used to explore the relationships between BIO and various vegetation indices (Zhang, 2007). Kong et al. (2016) developed a single curve regression model and multiple linear regression models for estimating the BIO value of the grassland, and for forest and shrub with R squared values of 71.9 and 52.8%, respectively (Kong et al., 2016). Their work has been applied to the study area of Fengning county of China, which has the similar vegetation cover to Haidian district of Beijing. Therefore, Kong et al.’s biomass estimation model was used in this research. Kong et al.’s model for estimating BIO value of the grassland was defined as:
[image: image]
where RVI refers to the Ratio Vegetation Index, the reflectance ratio of NIR and Red band. The model for estimating biomass value of forest and shrub is:
[image: image]
where GNDVI refers to Green Normalized Difference Vegetation Index, and GBNDVI refers to Green and Blue Normalized Difference Vegetation Index. GNDVI and GBNDVI can be calculated using Equation 9, 10.
[image: image]
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In order to quantify the ecological quality in the study area, all selected vegetation parameters and landscape metrics were standardized to the range of 0 and 1 based on the standard deviation model.
3.4 Factor Analysis
In this study, factor analysis was used to determine the relationships between the ecological indicators (input variables) and output unobserved factors (urban ecological quality/vegetation condition/landscape pattern). The important output of the analysis is a table of factor loadings. Each item’s loading represents how strongly the item is associated with the underlying factor. The absolute value of loadings should be 0.7 or higher to indicate the independent variables identified a priori are represented by a factor. The mathematical form of the factor analysis can be described as:
[image: image]
where Y1, Y2, … , Yl are the observed variables, F1, F2, … , Fn are the underlying factors, and βln are loadings. For instance, β11 is called the loading of variable Y1 on factor F1. The error [image: image] serve to indicate that the hypothesized relationships are not exact. The maximum likelihood estimation, one of the most commonly used factor analysis procedures, was used in this paper to estimate factor loadings.
In this study, the factor analysis was applied three times to evaluation urban ecological quality from three aspects. First, the factor analysis was conducted to assess the sensitivities of six indicators to the overall ecological quality, and ecological quality was used as an unobserved factor. A loading matrix of six variables and a map of ecological quality were derived. Then, vegetation condition and landscape patterns were optimized using factor analysis, based on three vegetation parameters and three landscape metrics respectively. Lastly, based on the loading matrix, a linear function with two variables (vegetation condition and landscape pattern) was developed to provide more reliable evaluation of the ecological quality of the study area. For easy comparison, all values derived from factor analysis and linear model were normalized to the range of 0 and 1.
3.5 Linear Model
In order to present the contribution of landscape patterns more rationally without neglecting the influence of both aspects, a linear model was built to combine vegetation condition and landscape pattern as two variables, with their weights calculated from loadings of factor analysis.
Linear functions commonly arise from practical problems involving variables x and y with a linear relationship, that is, obeying a linear equation. The linear model used in this paper is deduced from the results of factor analysis, taking the form:
[image: image]
where a and b are mean factor loadings of vegetation parameters and landscape metrics respectively, X and Y are two factors representing vegetation condition and landscape pattern, and F is the urban ecological quality.
According to the discussions on factor loadings of every variable for the effect of ecological quality, a linear model was built based on the six variable loadings and the output of vegetation condition and landscape pattern. The result of model calculation represents the more reasonable ecological quality.
4 RESULTS AND ANALYSIS
4.1 Land Cover Classification
Land cover types in Haidian District, involving grassland, forest, shrub, clean water, turbid water, barren soil, and impervious surface were identified from GF-2 images through object-oriented method (Figure 3). Accuracy evaluation using randomly selected samples showed that the overall accuracy of the classification reaches 84.1%, and the Kappa coefficient (Consistency check index) is 0.72. Large patches of forest/shrub and grassland are located in the northwest, while patches of impervious surface locate mostly in the highly urbanized east-southern regions.
[image: Figure 3]FIGURE 3 | Land cover classification of Haidian District, Beijing.
4.2 Spatial Distribution of the Six Ecological Indicators
The spatial distribution of the three vegetation parameters showed similar patterns (Figure 4). Lower value patches indicated lower productivities and poor ecological effects due to poor vegetation coverage and low-level photosynthesis ratio. Spatial distribution patterns of NDVI, EVI, and BIO are also highly consistent among sub-districts (Figure 4D).
[image: Figure 4]FIGURE 4 | The spatial distribution of NDVI (A), EVI (B), and BIO (C) values, and sub-district-wise normalized indices (D).
Landscape metrics of the ecological land in Haidian District were also calculated (Figure 5). PLAND (a) and MESH (c) showed lower values in the southeastern area, indicating higher level fragmentation of ecological land. Higher values of both metrics can be observed in the northwest, indicating better landscape pattern. ED (b) showed the opposite distribution of PLAND (a) and MESH (c). Mean metrics at sub-district scale reveal that PLAND and MESH values are highly consistent while ED values are negatively correlated with them (Figure 5D).
[image: Figure 5]FIGURE 5 | The spatial distribution of landscape metrics PLAND (A), ED (B), and MESH (C), and sub-district-wise normalized landscape metrics (D).
4.3 Urban Ecological Quality Evaluation
4.3.1 Results of Factor Analysis
Factor analysis was used in this study to analyze the relationship between input variables (ecological indicators) and the output unobserved factor. The results of three factor analyses correspond respectively to levels of ecological quality, vegetation condition and landscape pattern.
First, the output of unobserved factor was generated through factor analysis with all six input variables. The weight of each indicator was multiplied by its corresponding indicator value to generate an overall ecological quality value (Figure 6). Here, the urban ecological quality based on factor analysis with six indicators is abbreviated as EQ1.
[image: Figure 6]FIGURE 6 | Map of ecological quality (EQ1) using six-indicator-based factor analysis in Haidian district.
Likewise, two other maps were generated using factor analysis (Figure 7), including the output unobserved factor of vegetation condition based on three vegetation parameters, and the output of landscape pattern using three landscape metrics as input. Figure 7A is the map of vegetation condition levels. Figure 7B is the map of landscape pattern levels. The hot spots in Figure 7A, in red, show the areas that have poor vegetation condition, and the hot spots in Figure 7B, in red, refer to the areas that have the lower-level landscape patterns.
[image: Figure 7]FIGURE 7 | Map of Vegetation condition (A), Landscape pattern (B), and the sub-district-wise values in Haidian district (C).
Figure 7C showed two curves with green and red representing levels of vegetation condition and landscape pattern at sub-district scale. Most sub-districts have higher vegetation condition value than landscape pattern value, and only nine are in opposite situation. It is also indicated that Qinglongqiao has the biggest difference of 0.36 between values of vegetation condition and landscape pattern.
Figure 8 illustrates the contribution of vegetation condition and landscape pattern to urban ecological quality. The comparison revealed that EQ1 values were more likely to be consistent with those of vegetation condition, regardless of the values of landscape patter. This indicates that EQ1 from the 6-indicator factor analysis overlooked the contribution of landscape pattern, and may represent biased ecological quality of the study area.
[image: Figure 8]FIGURE 8 | Ecological quality (EQ1), vegetation condition and landscape pattern derived from factor analysis at sub-district scale.
4.3.2 Results of the Linear Model
It is indicated by the factor analysis results that, landscape pattern, one of the most important factors that affect urban ecological quality, should be incorporated in a different way in the ecological evaluation process. Therefore, this study adopted a linear model integrating vegetation condition and landscape pattern with their respective weights, instead of the 6-factor analysis. We take the average of the absolute loading values as a weight. Then, ecological quality was calculated based on the linear model which considers vegetation and landscape with their respective weights.
4.3.2.1 The Weights of Vegetation and Landscape
Equation 13 in factor analysis gives the relationship between ecological quality and the six observed variables (PLAND, ED, MESH, NDVI, EVI, and BIO) with indicator loadings shown.
[image: image]
These loadings represent how strongly this indicator is associated with the unobserved factor (EQ1). The importance of various ecological indicators can be determined through comparison of their loadings on ecological quality. PLAND, MESH, NDVI, EVI, and BIO had positive loading values higher than 0.7, indicating that those variables were positively correlated with EQ1 and therefore can be used as important indicators to evaluate the ecological quality. On the other hand, ED has a negative loading value, which indicates a negative correlation between ED and ecological quality. The absolute loading value of ED is lower than 0.7, showing weaker relationship between ED and the factor compared to other indicators.
According to Equation 14, the weight of vegetation condition 1) is 0.942, derived as the average of absolute loadings of three vegetation parameters. The weight of landscape pattern 2) is 0.727, the average of the absolute loadings of three landscape metrics.
[image: image]
In the study, a linear combination model was adopted to give ecological quality evaluation considering both vegetation condition and landscape pattern. Here, the urban ecological quality based on linear model with the wights of vegetation condition and landscape pattern is abbreviated as EQ2. Vegetation condition and landscape pattern from factor analysis (Figure 7) were used as two separate sets in the model. Equation 15 shows the relationship between ecological quality and the two observed variables (vegetation condition X and landscape pattern Y).
[image: image]
4.3.2.2 Ecological Quality Map
Figure 9A showed the result of EQ2 in Haidian District using the linear model. Compared to Figures 7A,B, there exists good consistency between higher ecological quality and higher vegetation level and reasonable landscape patterns. The areas with high levels of ecological quality mostly present good vegetation conditions and reasonable landscape patterns. On the other hand, those areas with low levels of ecological quality are mainly caused by unreasonable landscape patterns combined with average levels of vegetation conditions. The hot spots, in red, in Figure 9A are the areas of poor ecological quality.
[image: Figure 9]FIGURE 9 | Results of ecological quality evaluation (EQ2) with the linear model (A), comparison to results with two methods (B).
Figure 9B showed EQ1 from the factor analysis and EQ2 from the linear model at sub-districts scale. EQ1 indicated that the levels were more likely consistent with that of vegetation condition. Comparisons found the levels of EQ2, which considered both vegetation conditions and landscape patterns is effective in evaluating urban ecological quality.
From the perspective of spatial variation of ecological quality, it can be concluded that there exists a gradual change from better quality in the northwest to worse in the southeast (Figure 9A). The northwestern part of Haidian, including Xiangshan, Sujiaduo and Wenquanzhen sub-districts has higher ecological quality. Then the sub-districts to the east of the top three high level ecological quality sub-districts, i.e., Shangzhuang, Xibeiwang and Sijiqing, ranked in the second tier of higher ecological quality.
In the middle-eastern part, sub-districts have a medium level of ecological quality. Southeastern part of Haidian district, especially Yongdinglu, Zhongguancun, Beixiaguan, Haidian and Beitaipingzhuang sub-districts, has lower level of ecological quality. The other areas exhibited mixed ecological quality patterns.
With that, Beijing government released a general city plan for 2016 to 2035. The plan emphasizes on removing non-capital functions and solving “big city disease”. It was also mentioned that the green area of Beijing will grow from 41.6 to 44% by year 2020 (Beijing general plan (2016-2035)). Northern region with the rich natural and human resources is the expanding area of Zhongguancun Science Park. In Haidian district overall development and planning, northern region is considered as a tourist area and ecological barrier, therefore urbanization is strictly under control and hardly permitted in these areas.
5 DISCUSSION
5.1 Vegetation Plays the Decisive Role for Ecological Quality
Over the past several decades, vegetation has been identified as an important contributor to urban environment and ecological service. Urban vegetation can contribute to quality of life at the most fundamental level through biodiversity protection, water quality levels, and maintenance of ecological processes and life-support systems (Carne, 1994). Interactions between vegetation and ecological quality were described by experiments (Fennessy et al., 2002; Pu et al., 2008; Giménez et al., 2017) or by models (Rajabov, 2009; Giménez et al., 2016; Kuipers et al., 2016). In this research, vegetation played a key role in ecological evaluation as shown by factor analysis results. Equation 14 showed that the three vegetation parameters (NDVI, EVI, and BIO) have positive and much higher loading values. This is consistent with the work that other researchers have done (Aksoy, 2010; Kuipers et al., 2016). Among the three vegetation parameters, NDVI represents the richness of vegetation and plays the decisive role for ecological quality, resulting in a push to improve urban environments by planting more trees and grass.
5.2 Landscape Metrics Contribute Less but Are Indispensable to Ecological Quality
Landscape structure has an important influence on a wide range of ecological patterns and processes, and landscape metrics are common tools to assess these relations under the matrix-corridor-patch model (Forman, 1995; Turner et al., 2001). Landscape patterns become increasingly crucial in ecological quality evaluation in urban areas because of the gradually fragmented ecological land. The importance of landscape patterns was underestimated as shown in the 6-indicator factor analysis results, while actually landscape metrics such as patch size, patch shape and distribution of urban ecological land play a decisive role in defining their ecological and landscape functions (Kong et al., 2007).
In light of this issue, the study evaluated ecological quality based on two separate groups of indicators, e.g., vegetation parameters and landscape pattern. Factor analysis was performed separately to generate their ecological effects, and then a linear combination model was used to evaluate ecological quality integrating the effects of both indicator groups. In this way can landscape metrics provide proper contribution to ecological quality evaluation. The results are expected to emphasize the contribution of landscape pattern to urban ecological quality in future studies. These can help decision-makers better understand cause and effect relationships between the influencing factors and urban ecological quality.
Figure 10 shows three maps of vegetation condition (a), landscape pattern (b), and EQ2 (c) of Qinglongqiao sub-district. In Figure 10A, the hot spots in the left-bottom indicated the area with extremely poor vegetation condition. However, Figure 10C showed that the ecological quality is not in the lowest level in the same area. This result was caused by the quite good landscape pattern with green color (Figure 10B). Therefore, the method proposed in this study synthesizes together landscape metrics and vegetation parameters in a reasonable way, and is expected to result in more convinced ecological results.
[image: Figure 10]FIGURE 10 | Maps of vegetation condition (A), landscape pattern (B), and EQ2 (C) of Qinglongqiao sub-district.
Furthermore, landscape metrics have been used to assess ecological patterns and processes. In this study, higher PLAND and MESH, and lower ED represent better ecological quality. PLAND and MESH have positive influence while ED has negative one. Thus, patch size and shape present the fundamental landscape indicator in assessing the urban ecological quality. For example, a connected green network has higher amenity value than smaller and fragmented ones. It can enhance the amenity values of green spaces and provide more choices to residents (Jim and Chen, 2003). Although ED has the least weight, it also can contribute to the complexity of patch edge and consequently the interactions between green spaces and ecological quality according to edge effect (Harper et al., 2005).
5.3 Advantages and Limitations of the Proposed Method
Remotely sensed images, especially high spatial resolution images provide several advantages in ecological land mapping and quantitative evaluation of ecological quality. Object-oriented image classification can provide highly accurate land cover map that can be used to generate ecological indicators with reliable accuracy, especially when meter level spatial resolution images were involved. The proposed method described the detailed differences of ecological quality at regional scales, which account for the spatial heterogeneity in evaluating urban ecological quality.
The shortage of the method lies in the spatial scale of the evaluation. Vegetation parameters can be derived from high spatial resolution images and UAV (Unmanned Aerial Vehicle) based remote sensing techniques. However, landscape metrics were calculated at a grid pixel level, which causes a coarser spatial resolution of the landscape metrics than vegetation parameters. Due to the availability of data, remote sensing-based vegetation and landscape indicators were considered in this study. Other indicators, e.g., air quality, vegetation diversity could be discussed in future work.
5.4 Policy Optimization by Combining Ecological Land Spatial Pattern
Increasing the area of ecological land (such as water bodies and especially vegetation) is a traditional way to improve ecological quality. With the rapid increase of population and expansion of built-up area, ecological land faces a growing risk of fragmentation. Therefore, the ecological quality evaluation method proposed in this paper, could provide decision-makers and the general public with specific information on the current status of vegetation condition and their spatial pattern, from the ecological quality view. Urban ecological quality could be enhanced through spatial pattern optimization as well as ecological land area expansion.
Figure 11 showed three lines with different colors to represent the levels of EQ2, vegetation condition and landscape pattern for each sub-district in Hiadian District. Xiangshan has the highest ecological quality level due to the most reasonable landscape pattern and the best vegetation condition, while Yongdinglu has the lowest. Either poor vegetation or unreasonable landscape patterns can result in low levels of ecological quality. The sub-districts with lower ecological quality can be potentially improved through optimization of the landscape pattern of ecological land or improvement of vegetation vigor. Hence, efficient policies to either improve vegetation vigor, increase vegetation area, or optimize spatial pattern could be drawn from Figure 11. For 19 sub-districts including Zhongguancun, which have higher vegetation condition value than landscape pattern value, the better way to improve the ecological quality of those areas is to make the landscape pattern more reasonable. Correspondingly, for the other nine sub-districts including Qinglongqiao, which have higher landscape pattern value than vegetation condition value, improving the vegetation condition of ecological land is considered a better solution to achieve higher ecological quality of this area.
[image: Figure 11]FIGURE 11 | The normalized results of landscape pattern levels, vegetation condition levels and ecological quality.
Another result shown in Figure 11 is that ecological quality is greatly affected by landscape pattern in those sub-districts with lower levels (score_VEG <0.4) of vegetation condition. Due to building protection and cultural tradition, it is difficult to improve vegetation condition in the above-mentioned sub-districts. Therefore, improving the level of landscape pattern is an effective way to make ecological quality better.
With the “ecological city” initiative launched as an integral part of Beijing and local government strategy, a plan is developed to build a compound ecological security pattern, according to the actual situation of Haidian district, The revealed performances and pattern of ecological quality will be useful to understand vegetation condition and landscape pattern as the sensitive influencing factors of ecological environment, and to improve urban land use and ecology management decisions. In the northern regions with mountains and wetlands, vegetation conditions need to be maintained and improved. However, in the southern regions with built-up land, ecological land patches are smaller and more fragmented. The better way to improve ecological quality is to optimize the landscape pattern instead of vegetation condition.
6 CONCLUSION
This paper proposed a novel method to evaluate urban ecological quality integrating vegetation condition and landscape pattern metrics from remotely sensed images. The paper gives more reliable ecological quality mapping in Haidian District, Beijing, China. The following conclusions can be drawn in the study.
• High-resolution remote-sensing-based method enables the development of ecological indicators with high spatial accuracy, thus better describing the detailed differences of ecological quality at regional scales, and could account for the spatial heterogeneity in evaluating urban ecological quality.
• Landscape patterns should be considered in the ecological evaluation process. Ecological quality evaluation based on only vegetation condition factors, e.g., NDVI, EVI, and BIO, cannot reflect the reality in Haidian District, Beijing, leading to the situation that areas with high levels of vegetation condition are more likely to be associated with higher level ecological quality, regardless of the landscape pattern level. This revealed the big shortcoming of the evaluation for neglecting the fragmentation of the ecological land and against the common sense of ecological quality.
• Ecological quality evaluation integrating vegetation condition factors and landscape metrics, e.g., PLAND, ED, and MESH, could result in more reliable and effective estimation. Areas with high levels of vegetation condition and reasonable landscape pattern lead to higher ecological quality results. On the other hand, those areas with low levels of ecological quality are mainly caused by unreasonable landscape patterns combined with below-average levels of vegetation condition.
• Ecological quality evaluation based on vegetation condition factors and landscape metrics could result in more spatially specific ecological quality level, and reflect the spatial variation in the study area. Analysis of the ecological quality evaluation results found that there exists a gradual degradation of ecological quality from the northwest to the southeast along, consistent with the intensified urbanization.
• Ecological quality is greatly affected by landscape pattern when the levels of vegetation condition is below 0.4. For optimization of ecological quality in those sub-districts, the government could make great efforts to improve landscape pattern such as creating more small patches of green space or water bodies, as well as strengthening the greening pattern of the built-up area.
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