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ABSTRACT  

Enhancing green space exposure is a crucial strategy for proactively 

intervening in public health from an upstream perspective. However, 

the distribution of green spaces in urban areas is often uneven, 

leading to issues such as “green inequity.” This study aims to 

systematically assess the level of green space exposure at overhead 

and eye levels, analyze the geographical and social equity of green 

space exposure, and propose planning and regulatory strategies. 

Focusing on Nanjing as the study area, the research team first 

constructed a green space exposure assessment system based 

on the composition and configuration of urban green spaces at 

the overhead level, and the quantity and perceived quality of street 

green space at the eye level, assessing the geographical equity of 

green space exposure. Next, by selecting housing price as a socio-

economic indicator, the research used various spatial regression 

models to analyze the spatial correlation between green space 

exposure and housing price, evaluating the social equity of green 

space exposure. The research finds 1) significant imbalances in both 

the geographical and social equity of green space exposure within 

the study area; 2) the spatial correlation between eye-level green 

space exposure indicators and housing price ranges from 0.08 to 

0.29, generally higher than that at overhead level (ranging from 0.02 

to 0.13); 3) significant heterogeneity in the spatial correlation between 

green space exposure and housing price, with people in higher-priced 

housing being more likely to benefit from green space services. The 

results can accurately identify blind spots in green space exposure 

and imbalance areas between green space supply and socio-

economic status, providing guidance for “scientific greening,” and 

further promoting empirical studies in Exposure Ecology.
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GRAPHICAL ABSTRACT

Priorities for 
construction

· 	Adjust the structure of green spaces to increase 
residents’ access

· 	Create green corridors along linear spaces to enhance 
connectivity between fragmented green spaces

· 	The focus of greening should be planting trees
· 	Properly increase the number of trees and shrubs 

in grassland to enhance visual landscape layers

Scarcity of available land resources makes incremental 
development difficult

Relatively peripheral areas with low housing prices· 	Tree coverage rate
· 	Normalized difference 

vegetation index
· 	Edge density
· 	Largest patch index

 Overhead level

·	 Walkability
· 	Accessibility
· 	Amenity
· 	Neatness
· 	Safety

 Eye level

Planning 
suggestions

The improvement of green space exposure equity within built-up 
areas should prioritize regulating the eye-level indicators while 

considering overhead level indicators

Suggestion 1

The low green space exposure level zones within the built-up areas 
should be optimized based on differences in socio-economic status

Suggestion 2

Main 
findings

In the study area, the correlation between 
eye-level green space exposure indicators and housing price is 

stronger than that of overhead level

There is significant geographical and social equity heterogeneity in green space 
exposure levels within the study area

· 	Fewer green spaces
· 	Smaller green space size
· 	Regular green space shape
· 	Overall poor vegetation coverage

High socio-economic status zones

· 	High grassland and cropland coverage 
rate

· 	Low tree coverage rate
· 	Located at the edges of the study area
· 	Low urban vitality

Low socio-economic status zones
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1 Introduction

Green spaces, as critical urban ecological features, are essential for 
constructing resilient cities and improving the quality of life[1][2]. 
These spaces not only provide extensive ecosystem services but 
also offer vital venues for residents to connect with and experience 
nature[3][4]. However, in urban contexts, particularly in high-density 
areas, green spaces are scarce and often unevenly distributed, 
leading to a series of equity-related challenges[5][6].

Green space exposure (GSE) refers to direct or indirect access 
and interaction between residents and urban green spaces[7]. 
Ensuring sufficient exposure to urban green spaces is a prerequisite 
for promoting health benefits[8]. Over the years, both domestic 
and international scholars have explored the characteristics 
of urban GSE, including its spatial patterns and health effect 
measurements[9][10]. Current GSE assessments are predominantly 
conducted at the overhead level, utilizing indicators such as 
area of green space, normalized difference vegetation index, 
percentage of tree canopy, and percentage of vegetation[11]~[13]. 
Some studies also evaluate the configuration of green spaces, 
e.g., fragmentation, shape complexity, and patch cohesion[14][15]. 
However, such studies primarily rely on satellite imagery to reveal 
large-scale spatiotemporal GSE patterns, omitting the vertical 
dimension of exposure or the actual spatiotemporal behaviors 
of residents in urban green spaces. Consequently, these studies 
fail to reflect the inherent complexity, diversity, and dynamism 
of GSE. With the advancement of big data and machine learning 
technologies, scholars have begun to preliminarily explore eye-level 
GSE metrics, such as using street view images to measure the green 
view index and quantify the quality of street spaces[16][17]. Although 
there has been a shift from single-dimensional measurements 
to multi-dimensional GSE evaluations[9][18][19], comprehensive 
urban GSE assessment models remain scarce. Bin Chen et al. have 
emphasized the importance of integrating green space quantity, 
quality, type, and structure attributes in quantitative studies and 
advocated for GSE measurements that consider spatial, temporal, 
and social disparities[20]. Theoretically, Zhaowu Yu et al. proposed 
the framework of Exposure Ecology to systematically understand 
the nexus of (urban) natural ecosystems, ecological exposure, and 
health[21]. Geographical and social equity in urban GSE is a critical 
study component of this framework, focusing on the “object–reality” 
dimension.

Green space equity research has evolved from quantity equity 
to spatial distribution equity, and to social equity[22]. Early studies 
predominantly employed conventional green space coverage 
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indicators (e.g., ratio of green space, per capita green area) to assess 
the service capacity of green spaces in a given administrative area. 
While these metrics reveal the supply levels, they often fail to reflect 
the demand–supply relationship between populations and green 
spaces[20][23]. Later studies incorporating population distribution 
and socio-economic attributes into GSE equity analyses have 
gained prominence[24][25]. Evidence suggests that GSE equity varies 
across different geographic regions and socio-cultural contexts[26]. 
Inequities in GSE potentially exacerbate health disparities, 
particularly among socio-economically disadvantaged groups[27]. 
The United Nations’ Sustainable Development Goals proposes to 
“provide universal access to safe, inclusive and accessible, green and 
public spaces, in particular for women and children, older persons 
and persons with disabilities”[28]. Systematically assessing urban 
GSE, identifying blind spots, understanding geographical and social 
disparities, and proposing planning interventions are pivotal for 
achieving green space growth scientifically and for upstream public 
health interventions[29]. Despite growing interest, existing research 
lacks comprehensive evaluations of both geographical and social 
equity of GSE in high-density urban areas, limiting the ability to 
propose targeted optimization strategies for diverse urban contexts.

Building on the framework of Exposure Ecology, this study aims 
to construct an assessment system for urban GSE at both overhead 
and eye levels. It seeks to systematically evaluate the geographical 
and social equity of urban GSE and address the following questions: 
1) What are the spatial distribution characteristics of urban GSE 
indicators at overhead and eye levels? 2) Is there any spatial 
correlation and heterogeneity between GSE indicators and housing 
price?

2 Research Methods

2.1 Study Area
This study focuses on the central urban area of Nanjing City, 

China (Fig. 1). By the end of 2022, Nanjing had a total population of 
approximately 9.5 million, with 8.26 million urban population[30]. 
According to the Master plan of Nanjing Territorial Spatial Planning 
(2021–2035), the central urban area encompasses four centers: 
Xinjiekou, Hexi, Chengnan, and Jiangbei, covering a total planned 
area of 804 km². The study area has a prosperous economy and plays 
a critical role in culture and history as it covers the cultural core of 
ancient capital. It also features the highest population density and 
the most intricate road network in the city. This research divided the 
study area into 500 m × 500 m fishnet grids using ArcGIS 10.3, with 
each grid as a sample unit.

2.2 Construction of the Urban GSE Assessment Model
This research developed an urban GSE assessment system 

at both overhead and eye levels. The overhead-level indicators 
include two categories: green space composition and configuration  
(Table 1). The eye-level indicators consist of two categories: 
quantity and perceived quality (Table 2).

2.2.1	Selection and Data Acquisition of Overhead-Level GSE 
Indicators

This research first downloaded Sentinel-2 satellite imagery 
(10 m resolution) of September 2021 via the Copernicus Open 
Access Hub. The NDVI for the study area was calculated using 
the Sentinel Application Platform (SNAP) and ArcGIS 10.3. 
Next, the data of green space composition indicators were 
derived from the European Space Agency’s WorldCover v100 
land cover dataset (10 m resolution) and calculated with 
Fragstats 4.2, identifying eight land cover types: tree, shrub, 
grassland, cropland, built-up land, bare/sparsely vegetated 
land, water body, and herbaceous wetland. Given the minimal 
area proportions of shrubland (0.001%) and herbaceous 
wetland (0.013%), only the coverage rates of tree, grassland, 
and cropland were included in the GSE composition indicators. 
The landscape pattern indices of tree, grassland, and cropland 
as a whole were calculated using Fragstats 4.2 as configuration 
dimension indicators.

1. Location of the study area.
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Baidu Maps were adopted to capture images in four cardinal 
directions (0°, 90°, 180°, and 270°) at each observation point, 
resulting in a total of 319,108 images (640 × 480 pixels). Next, 
a fully convolutional network model (FCN-8s) was trained in 
Python 3.7 based on the ADE20K dataset, which includes 150 
object categories (e.g., trees, buildings, cars). The images were 
semantically segmented to identify their compositional elements. 
Pixels corresponding to different semantics were filled with specific 
colors, and the percentage of pixels representing vegetation was 
calculated to determine the GVI:

	                           𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 =
∑ 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴g
𝑚𝑚𝑚𝑚
𝑖𝑖𝑖𝑖𝑖𝑖

∑ 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴t
𝑚𝑚𝑚𝑚
𝑖𝑖𝑖𝑖𝑖𝑖

× 100% ,                                 (1)

where Areat represents the total number of pixels in each street 
view image, Area g is the number of pixels occupied by vegetation, 
and m is the number of images captured at each observation 
point (4 in this research).

To evaluate people’s perceived quality of the street view images, 
a human-machine adversarial scoring method was employed. The 
research team randomly selected 5,000 street-view images from 

Table 1: Overhead-level GSE indicators 

Composition

Configuration

Normalized 
difference 
vegetation index 
(NDVI)

Tree coverage rate

Grassland 
coverage rate

Cropland coverage 
rate

Percentage 
of landscape 
(PLAND)

Largest patch 
index (LPI)

Number of patches 
(NP)

Edge density (ED)

Shape index 
(SHAPE)

Fractal dimension 
index (FRAC)

Patch cohesion 
index (COHESION)

· 	 A reflection of vegetation density and 
health of the ground vegetation

· 	 Higher values indicate higher vegetation 
density and healthier condition

Proportion of tree area in the grid

Proportion of grassland area in the grid

Proportion of cropland area in the grid

The ratio of the total area of green space 
patches to the total area in the grid

· 	 The ratio of the area of the largest green 
space patch to the area of the grid

· 	 Values closer to 0 indicate smaller patches

· 	 Number of green space patches in the grid
· 	 Higher values indicate greater 

fragmentation

· 	 The ratio of the total edge length of all 
green space patches to the area of the grid

· 	 Higher values indicate greater 
fragmentation

· 	 Average shape index (ratio of the patch 
perimeter to the circumference of a circle 
with the same area) of all green space 
patches in the grid

· 	 Values closer to 0 indicate simpler shapes

· 	 Average edge complexity of all green space 
patches in the grid

· 	 Values closer to 0 indicate simpler shapes

· 	 Degree of aggregation of green space 
patches

· 	 Values closer to 0 indicate simpler shapes

Category Indicator Description

Table 2: Eye-level GSE indicators 

Category Indicator Description

Percentage of vegetation in a person’s field of 
view

Diversity of plant species in street green spaces

Degree to which the street environment supports 
walking activities

Ease with which people can reach and use street 
green spaces

Convenience of facilities and services provided 
in street green spaces

Connectivity and openness of the street network

Cleanliness of green spaces

Safety conditions of street green spaces, 
including objective factors (e.g., crime rate, 
nighttime lighting, and emergency facilities) and 
subjective perceptions of the street atmosphere

Green view index 
(GVI)

Vegetation 
abundance

Walkability

Accessibility

Amenity

Openness

Neatness

Safety

Quantity

Perceived 
quality

2.2.2 Selection and Data Acquisition of Eye-level GSE Indicators
First, this research employed ArcGIS to establish 79,777 

observation points at 200-meter intervals along the first class, 
second class, and third class roads. Street view images from 



LANDSCAPE ARCHITECTURE FRONTIERS / PAPERS017

the database, covering various landscape features, to construct a 
training dataset (Fig. 2). Forty volunteers (1∶1 male-to-female ratio) 
were randomly recruited from university researchers specializing 
in landscape architecture, architecture, and urban planning, as 
well as from local shopkeepers familiar with the area. Volunteers 
rated seven perceived quality indicators of the images online, on a 
scale of 0 (extremely low quality) to 100 (extremely high quality). 
A Python-based random forest model was used to train the ratings 
and the proportions of different landscape elements, enabling 
automated scoring of the entire street view image dataset. The 
values of the GSE indicators for each grid were calculated as the 
average score of all corresponding images within the grid. To avoid 
bias caused by insufficient street view images, grids with fewer 
than five observation points (i.e., fewer than 20 images) were 
excluded. Ultimately, 2,750 grids were included as valid samples for 
the analysis.

2.3 Socio-Economic Indicators
Studies have shown that population density, per capita GDP, and 

housing price are closely linked to socio-economic conditions[31]~[33]. 
Housing price, as an important indicator refecting socio-economic 
status, has shown reliability and validity in empirical research. 
For instance, Jinguang Zhang employed housing price as a proxy 
for household income to analyze spatial and social inequalities in 
GSE accessibility, availability, and attractiveness in central urban 
area of Nanjing[34]. Siqi Yu et al. revealed spatial disparities in 
urban park accessibility among different socio-economic groups 
in the main urban districts of Nanjing based on housing prices[35]. 
Accordingly, this research uses housing price as the primary socio-
ecnomic indicator in spatial analysis, with population density and 
per capita GDP included as covariates. Population density was 
obtained from the 2020 WorldPop database (100 m resolution). Per 

capita GDP was calculated by dividing 2020 district-level GDP by 
the registered population, using data from the Statistics Bureau of 
Nanjing Municipality. Housing price data were collected from online 
property listing and rental platform—Lianjia. First, ArcGIS 10.3 was 
adopted to segment and calculate the average population density for 
each grid; second, the per capita GDP of the administrative district 
in which each grid is located was assigned to that grid; finally, the 
average housing price of all residential properties within each grid 
was calculated.

2.4 Data Analysis
In the ArcGIS 10.3 platform, the natural breaks classification 

method was used to divide the GSE indicator values, observed at 
both overhead and eye levels, into seven levels of visualization, 
aiming to assess the geographical equity of GSE in the study area. 
For social equity analysis, univariate Moran’s I was first used to 
examine the spatial autocorrelation of housing prices, yielding a 
value of 0.924 (p = 0.001), indicating a strong and positive spatial 
autocorrelation in housing price across the study area. Subsequently, 
a bivariate local Moran’s I test and spatial correlation analysis 
were conducted separately for housing price and GSE indicators, 
accompanied by visualization. Four regression models were then 
employed to analyze the relationships between housing price and 
GSE indicators, including ordinary least squares (OLS) model, spatial 
lag model (SLM), spatial error model (SEM), and geographically 
weighted regression (GWR). Population density and per capita GDP 
were used as covariates. The OLS model is expressed as follows:

                  𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 = 𝛼𝛼𝛼𝛼0 + 𝛼𝛼𝛼𝛼1𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑖𝑖𝑖𝑖 + 𝛼𝛼𝛼𝛼2𝐻𝐻𝐻𝐻𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 + 𝛼𝛼𝛼𝛼3𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 + 𝜀𝜀𝜀𝜀0  ,	       (2)

where HPi, GSi, POi, and GDPi represent housing price, GSE indicators, 
population density, and per capita GDP in the i-th grid, respectively; 

Road

Tree 

Sky 

Building 

Sign 

Billboard  

Shrub        

Grass        

Pedestrian     

Sidewalk      

Car       

Lawn edge 

Trash can   

2. 	Examples of semantic 
segmentation results for street 
view images.©
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α0 is the constant term, and ε0 is the error term.
A spatial autocorrelation test was conducted on the residuals 

of the OLS model for each GSE indicator. The results showed that 
all residuals had significantly positive Moran’s I values (e.g., the 
Moran’s I for the residuals of the OLS model with NDVI as the 
independent variable was 0.878, p = 0.001). This indicates that 
the current OLS model failed to adequately capture the spatial 
structure in the data. Therefore, based on Eq. (2), spatial regression 
models (SLM and SEM) were constructed with distance weighting 
as follows:

	     𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 = 𝛼𝛼𝛼𝛼0 + 𝛾𝛾𝛾𝛾𝛾𝛾𝛾𝛾𝑖𝑖𝑖𝑖+ 𝛼𝛼𝛼𝛼1𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑖𝑖𝑖𝑖 + 𝛼𝛼𝛼𝛼2𝐻𝐻𝐻𝐻𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 + 𝛼𝛼𝛼𝛼3𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 + 𝜀𝜀𝜀𝜀0 ,	       (3)

where γWi represents the spatial lag of neighboring regions in SLM 
and the spatial error in SEM. The spatial weights were constructed 
using a minimum threshold distance of 864 m, ensuring that each 
grid had at least one neighboring grid. To test the robustness of the 
results, sensitivity analysis was performed with a threshold of 
1,000 m and weights constructed based on Queen’s case and Rook’s 
case adjacency criteria.

Although SLM and SEM account for spatial autocorrelation, 
they capture only global spatial relationships in the study area. In 
contrast, the GWR model provides local estimates of regression 
coefficients for each grid, revealing spatial heterogeneity. Using the 
spgwr package in RStudio, cross-validation determined an optimal 
bandwidth of approximately 485 m for the GWR analysis. The GWR 
model is expressed as follows:

	       𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 = 𝛼𝛼𝛼𝛼0(𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖 ,𝑣𝑣𝑣𝑣𝑖𝑖𝑖𝑖) + 𝛼𝛼𝛼𝛼1(𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖 ,𝑣𝑣𝑣𝑣𝑖𝑖𝑖𝑖)𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑖𝑖𝑖𝑖 + 𝛼𝛼𝛼𝛼2(𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖 ,𝑣𝑣𝑣𝑣𝑖𝑖𝑖𝑖)𝐻𝐻𝐻𝐻𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 + 𝛼𝛼𝛼𝛼3(𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖 ,𝑣𝑣𝑣𝑣𝑖𝑖𝑖𝑖)𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 + 𝜀𝜀𝜀𝜀0 
𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 = 𝛼𝛼𝛼𝛼0(𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖 ,𝑣𝑣𝑣𝑣𝑖𝑖𝑖𝑖) + 𝛼𝛼𝛼𝛼1(𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖 ,𝑣𝑣𝑣𝑣𝑖𝑖𝑖𝑖)𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑖𝑖𝑖𝑖 + 𝛼𝛼𝛼𝛼2(𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖 ,𝑣𝑣𝑣𝑣𝑖𝑖𝑖𝑖)𝐻𝐻𝐻𝐻𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 + 𝛼𝛼𝛼𝛼3(𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖 ,𝑣𝑣𝑣𝑣𝑖𝑖𝑖𝑖)𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 + 𝜀𝜀𝜀𝜀0 

,	       (4)

where HPi, GSi, POi, GDPi, and ε0 have the same definitions as in Eq. (2) and 
Eq. (3). α0(μi, νi) represents the intercept for the i-th grid, and α1(μi, νi), 
α2(μi, νi), and α3(μi, νi) are the location-specific regression coefficients, 
which vary with the geographic coordinates (μi, νi).

The models were then evaluated for goodness of fit using 
parameters such as the coefficient of determination (R2) and Akaike 
information criterion (AIC). The GWR model produced spatially 
varying regression coefficients, which were visualized to reveal the 
spatial variation of each GSE indicator across the study area. This 
analysis is instrumental in identifying areas and GSE indicators 
significantly correlated with housing price, uncovering spatial social 
heterogeneity in GSE and providing valuable insights for developing 
scientific and refined grid-based intervention strategies to address 
blind spots of GSE.

3 Results and Discussion

3.1 Spatial Distribution Characteristics of GSE Indicators
At the overhead level, GSE composition indicators revealed 

uneven distributions (Fig. 3). NDVI, tree coverage rate, and PLAND 
showed similar spatial patterns, with lower values in densely 
built-up central area and higher values near mountains; while 
peripheral areas generally exhibited higher values than the central 
area, indicating higher levels of GSE in these areas. Grassland and 
cropland coverage rate displayed similar spatial patterns, with 
lower values in the central area and the areas near mountains, and 
relatively higher values in peripheral areas. For GSE configuration 
indicators, NP and LPI exhibited contrasting distributions: green 
spaces in the central area were smaller but more numerous, 
whereas those in the northeastern and peripheral areas were larger 
but fewer. ED, SHAPE, FRAC, and COHESION displayed relatively 
balanced distributions, suggesting that green spaces in the study 
area had regular shapes and high aggregation. 

At the eye level, the quantity and perceived quality also exhibited 
uneven spatial distributions (Fig. 4). GVI, vegetation abundance, 
and openness showed spatial patterns similar to NDVI, with higher 
values in peripheral areas compared with densely built-up central 
areas, reflecting better greenery and more open streetscapes. 
Walkability, accessibility, amenity, neatness, and safety exhibited 
similar patterns, with generally high values, indicating sound overall 
quality of street environments in the study area.

3.2	 Spatial Correlation Between GSE Indicators and Housing Price
In the study area, the housing prices were the highest in the 

cultural core of ancient capital and Hexi Area, gradually decreasing 
outwards (Fig. 5). The bivariate local Moran’s I results (Fig. 6) 
showed that the larger the absolute value of the Moran’s I, the 
stronger the spatial correlation between GSE indicators and housing 
price. Results indicated significant spatial correlations between 
housing price and all 19 GSE indicators. Notably, grassland coverage 
rate, cropland coverage rate, NP, and vegetation abundance showed 
negative spatial correlations with housing price. This suggests that 
better green space conditions (e.g., dominated by trees with high 
quantity and quality), larger area, greater shape diversity, and higher 
cohesion were associated with higher housing price. Furthermore, 
the absolute value of Moran’s I for housing price and overhead 
GSE indicators were generally lower than those for housing price 
and eye-level GSE indicators. Among them, tree coverage rate and 
cropland coverage rate had relatively higher absolute Moran’s I 
of 0.129 and 0.171, respectively. For eye-level indicators, amenity, 
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neatness, and accessibility showed higher absolute Moran’s I of 
0.292, 0.254, and 0.232, respectively. These findings suggest that 
housing price is closely associated with both quantity and perceived 
quality, aligning with the results of previous studies exploring the 
relationship between urban green space and housing price[36][37].

Table 3 presents the regression analysis results of the four 
models for different GSE indicators at both overhead and eye levels. 
Overall, the spatial regression models (SLM, SEM, and GWR) greatly 
outperformed the OLS model in terms of goodness of fit, with SLM 
and SEM achieving the best results, followed by GWR. Sensitivity 

3. The spatial distribution of GSE indicators at the overhead level.
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4.	 The spatial distribution of GSE indicators at the eye level.
5.	 The spatial distribution of housing price in study area.
6.	 The spatial correlation between housing price and different GSE indicators.
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Table 3: Fitting results of the housing price with GSE indicators at the overhead and eye levels

NDVI

Tree coverage 
rate

Grassland 
coverage rate

Cropland 
coverage rate

PLAND

NP

LPI

ED

SHAPE

FRAC

COHESION

GVI

Vegetation 
abundance

Walkability

Accessibility

Amenity

Openness

Neatness

Safety

Variable

Overhead level

OLS

0.131

0.136

0.107

0.111

0.135

0.139

0.136

0.108

0.129

0.111

0.130

0.125

0.107

0.126

0.153

0.173

0.109

0.162

0.152

R2 AIC

−3,948.410

−3,964.150

−3,872.520

−3,885.630

−3,960.390

−3,973.290

−3,965.890

−3,876.800

−3,942.570

−3,886.590

−3,946.140

−3,930.530

−3,873.060

−3,931.390

−4,016.13

−4,083.690

−3,836.550

−4,049.470

−3,971.400

Log likelihood

1,978.210

1,986.070

1,940.260

1,946.820

1,984.200

1,990.840

1,986.950

1,942.400

1,975.280

1,947.290

1,977.070

1,969.260

1,940.530

1,969.690

2,012.060

2,045.850

1,922.280

2,028.740

1,989.700

SLM

0.939

0.939

0.938

0.938

0.939

0.940

0.939

0.938

0.939

0.939

0.939

 
0.939

0.939

0.938

0.938

0.938

0.938

0.938

0.938

R2 AIC

−10,480.800

−10,481.700

−10,457.700

−10,458.200

−10,492.000

−10,524.300

−10,498.000

−10,459.800

−10,495.000

−10,465.600

−10,512.700

−10,471.400

−10,465.800

−10,458.300

−10,457.100

−10,460.200

−10,354.400

−10,464.700

−10,359.600

Log likelihood

5,245.420

5,245.830

5,233.830

5,234.100

5,251.000

5,267.600

5,254.010

5,234.920

5,252.510

5,237.820

5,261.350

5,240.720

5,237.910

5,234.140

5,233.540

5,235.110

5,182.220

5,237.370

5,184.820

SEM

0.939

0.939

0.938

0.939

0.939

0.939

0.939

0.939

0.939

0.939

0.939

0.939

0.939

0.938

0.938

0.938

0.938

0.938

0.938

R2 AIC

−10,477.500

−10,477.000

−10,459.700

−10,461.800

−10,485.200

−10,506.100

−10490.000

−10,462.700

−10,476.300

−10,462.200

−10,501.800

−10,469.900

−10,474.500

−10,459.400

−10,454.600

−10,454.800

−10,357.200

−10,459.700

−10,357.300

Log likelihood

5,242.766

5,242.495

5,233.833

5,234.890

5,246.622

5,257.050

5,248.996

5,235.339

5,242.135

5,235.102

5,254.885

5,238.950

5,241.269

5,233.694

5,231.292

5,231.394

5,182.623

5,233.835

5,182.643

GWR

0.903

0.903

0.905

0.904

0.904

0.905

0.905

0.901

0.903

0.898

0.604
 

0.902

0.862

0.895

0.881

0.889

0.864

0.846

0.872

R2 AIC

−9,688.662

−9,696.385

−9,735.061

−9,705.012

−9,699.222

−9,742.258

−9,716.672

−9,641.370

−9,960.407

−9,528.610

−6,100.009

−9,655.261

−8,877.027

−9,514.691

−9,235.790

−9,090.944

−8,838.506

−8,614.218

−9,062.314

NOTE
The R2 of the GWR model for all GSE indicators in this table is the global mean value and there is no log likelihood term.

Eye level
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analysis using different weighting schemes confirmed the robustness 
of the findings, as SLM and SEM results were consistent with those 
reported in Table 3, with R2 values exceeding 0.9. It validated the 
robustness of the findings and reaffirmed the significant spatial 
correlation between GSE indicators and housing price.

3.3	 Spatial Association and Heterogeneity Between GSE 
Indicators and Housing Price 

The coefficient estimation results (Figs. 7, 8) showed that 
the estimated coefficients for all the GSE indicators in the study 
area simultaneously had both positive and negative values, with 

7. Coefficient estimations of housing price and GSE indicators at the overhead level.
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Housing 
price–NDVI 0 4 8 16 km

N

Coefficient

[−0.21, −0.06)

[−0.06, 0.01)

[0.01, 0.07)

[0.07, 0.14)

[0.14, 0.25)

[0.25, 0.43)

[0.43, 0.75]

Housing 
price–cropland 

coverage rate 0 4 8 16 km

N

Coefficient

[−1.63, −0.92)

[−0.92, −0.39)

[−0.39, −0.11)

[−0.11, 0.06)

[0.06, 0.37)

[0.37, 0.94)

[0.94, 1.91]

Housing 
price–LPI 0 4 8 16 km

N

Coefficient

[−0.15, −0.05)

[−0.05, 0.00)

[0.00, 0.03)

[0.03, 0.08)

[0.08, 0.14)

[0.14, 0.25)

[0.25, 0.41]

Housing 
price–FRAC 0 4 8 16 km

N

Coefficient

[−0.36, −0.08)

[−0.08, 0.00)

[0.00, 0.06)

[0.06, 0.13)

[0.13, 0.24)

[0.24, 0.39)

[0.39, 0.64]

Housing 
price–tree 

coverage rate 0 4 8 16 km

N

[−0.56, −0.23)

[−0.23, −0.05)

[−0.05, 0.02)

[0.02, 0.07)

[0.07, 0.14)

[0.14, 0.27)

[0.27, 0.55]

Coefficient

Housing 
price–PLAND 0 4 8 16 km

N

[−0.14, −0.04)

[−0.04, 0.01)

[0.01, 0.05)

[0.05, 0.11)

[0.11, 0.18)

[0.18, 0.31)

[0.31, 0.57]

Coefficient

Housing 
price–ED 0 4 8 16 km

N

[−0.39, −0.19)

[−0.19, −0.09)

[−0.09, −0.02)

[−0.02, 0.04)

[0.04, 0.12)

[0.12, 0.27)

[0.27, 0.65]

Coefficient

Housing 
price–COHESION 0 4 8 16 km

N

[−0.03, 0.03)

[0.03, 0.10)

[0.10, 0.17)

[0.17, 0.21)

[0.21, 0.24)

[0.24, 0.30)

[0.30, 0.39]

Coefficient

Housing 
price–grassland 

coverage rate 0 4 8 16 km

N

[−2.62, −1.28)

[−1.28, −0.35)

[−0.35, −0.04)

[−0.04, 0.11)

[0.11, 0.56)

[0.56, 1.58)

[1.58, 3.17]

Coefficient

Housing 
price–NP 0 4 8 16 km

N

[−0.43, −0.25)

[−0.25, −0.16)

[−0.16, −0.10)

[−0.10, −0.05)

[−0.05, −0.01)

[−0.01, 0.09)

[0.09, 0.28]

Coefficient

Housing 
price–SHAPE 0 4 8 16 km

N

[−0.53, −0.11)

[−0.11, 0.02)

[0.02, 0.13)

[0.13, 0.25)

[0.25, 0.44)

[0.44, 0.73)

[0.73, 1.31]

Coefficient

The Yangtze River 
Delta region

Nanjing
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a notable proportion of negative values, suggesting significant 
social equity heterogeneity of GSE. According to the distribution 
of housing price (Fig. 5), high-price areas exhibited positive 
coefficients for NDVI, tree coverage rate, PLAND, LPI, ED, and 
SHAPE at the overhead level, indicating that in these areas, 
as vegetation coverage increases, green space size grows, the 
diversity of green space shapes increases, and the connectivity 
with the surrounding environment improves, housing price 
tends to rise. Similarly, in high-price areas, the estimated 
positive coefficients for GVI, walkability, accessibility, 
amenity, neatness, and safety at the eye level indicated that 
as quantity and the quality of the street green space improve, 
housing price also increases. Conversely, in low-price areas, 
the coefficients for these indicators were estimated as 

negative, implying that GSE and housing price were negatively 
correlated. This result may be influenced by the geographical 
locations of these areas, which are typically on the periphery 
of the central city, where green space conditions are relatively 
good. Therefore, rather than an increase in GSE, urbanization 
levels may play a more significant role in raising housing prices 
in these areas. The relationship between the quantity and 
quality of street green spaces and housing price has also been 
confirmed in previous studies. Zhaocheng Bai et al. revealed a 
positive correlation between quantity of street green spaces 
and housing price in the central urban area of Hangzhou, 
China[38]. Ying Li et al. found that street quality characteristics 
could influence housing price by as much as 36.74% in 
Guangzhou, China[39]. Furthermore, in most high-price areas 
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8. Coefficient estimations of housing price and GSE indicators at the eye level.

Housing 
price–GVI 0 4 8 16 km

N

Coefficient

[−0.33, −0.12)

[−0.12, −0.03)

[−0.03, 0.04)

[0.04, 0.11)

[0.11, 0.21)

[0.21, 0.42)

[0.42, 0.84]
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price–accessibility 0 4 8 16 km
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[0.02, 0.07)

[0.07, 0.13)

[0.13, 0.22)

[0.22, 0.42)
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price–neatness 0 4 8 16 km
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[−0.09, 0.00)

[0.00, 0.05)

[0.05, 0.11)

[0.11, 0.18)
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[0.27, 0.39)

[0.39, 0.58]
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N

[−0.53, −0.25)
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[−0.09, 0.01)
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Coefficient
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[−0.37, −0.17)
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[−0.03, 0.03)

[0.03, 0.10)

[0.10, 0.20)

[0.20, 0.33)

[0.33, 0.52]

Coefficient

Housing 
price–safety 0 4 8 16 km

N

[−0.29, −0.13)

[−0.13, −0.03)

[−0.03, 0.02)

[0.02, 0.07)

[0.07, 0.14)

[0.14, 0.24)

[0.24, 0.44]

Coefficient

Housing 
price–walkability 0 4 8 16 km

N

[−0.34, −0.16)

[−0.16, −0.06)

[−0.06, −0.01)

[−0.01, 0.06)

[0.06, 0.16)

[0.16, 0.32)

[0.32, 0.53]

Coefficient

Housing 
price–openness 0 4 8 16 km

N

[−0.40, −0.20)

[−0.20, −0.09)

[−0.09, −0.01)

[−0.01, 0.05)

[0.05, 0.11)

[0.11, 0.21)

[0.21, 0.39]

Coefficient
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status, while tree coverage rate exhibits a positive correlation. 
Therefore, the focus of increasing green spaces in such areas 
should be on encouraging tree planting. The addition of trees and 
shrubs to grassland areas could enhance the visual layering of the 
landscape while improving the quality of GSE.

4 Conclusions and Prospects

This research developed a comprehensive urban GSE 
assessment model at both overhead and eye levels. Using housing 
price as a proxy for residents’ socio-economic status, this research 
adopted OLS, SLM, and SEM models to evaluate the geographical 
and social equity of GSE in Nanjing’s central urban area. To 
conduct a more detailed spatial heterogeneity analysis of GSE’s 
social equity, GWR model was employed to visualize grid-level 
spatial correlations between GSE and housing prices.

The results revealed an uneven distribution of GSE across the 
study area. Green spaces in the central area were fragmented, 
and overall GSE was lower than peripheral areas. A significant 
spatial correlation was observed between housing price 
and GSE indicators, with eye-level GSE indicators exhibiting 
stronger correlations with housing price than overhead-level 
indicators. Grassland coverage rate, cropland coverage rate, NP, 
and vegetation abundance showed negative correlations with 
housing price, while all other GSE indicators displayed positive 
correlations. Additionally, SLM and SEM models demonstrated 
the best predictive performance for housing price based on GSE 
indicators. The GWR model further showed significant imbalances 
in both geographical and social equity of GSE within the central 
urban area of Nanjing.

This research identified urban areas with insufficient GSE and 
proposed targeted planning interventions separately for low-
GSE, high socio-economic status zones, and low-GSE, low socio-
economic status zones. Theoretically, the research extends the 
empirical application of Exposure Ecology studies. Practically, it 
provides actionable insights for advancing urban GSE assessments 
and offers guidance for promoting equity in GSE through urban 
planning and green space system design.

This study has several limitations. First, differences in 
the number, profession, and age distribution of volunteers 
scoring street-view image training sets might introduce bias 
in perceived quality evaluations. Future studies should control 
these factors to improve robustness of the results. Second, 
using community housing price as a proxy for socio-economic 
status has certain constrains. Future research could incorporate 

in this research, the coefficients for grassland coverage rate, 
cropland coverage rate, NP, vegetation abundance, and openness 
were negative, indicating that subareas with lower building 
density and urbanization levels tend to have relatively lower 
housing prices in high-price areas.

3.4 Planning Intervention Strategies for GSE
Based on the above analysis, this research found that GSE 

indicators at the eye level exhibit a stronger spatial correlation 
with socio-economic status than those at the overhead level. 
Therefore, planning strategies aimed at promoting “green equity” 
should prioritize enhancing the quantity and quality of street 
green spaces. At the micro scale, this research identified low-GSE 
zones requiring optimization by analyzing the heterogeneity of 
geographical and social equity of GSE indicators, and proposed 
targeted optimization strategies for high and low socio-economic 
areas① within these zones.

1) Low-GSE, high socio-economic status zones. In these zones, 
GSE and socio-economic status are negatively correlated, typically 
characterized by high housing prices but limited green spaces with 
small, regular shape, and poor overall vegetation coverage. Such 
sites are often found in well-developed areas with relatively high 
living standards. The scarcity of available land makes it challenging 
to increase the amount of green spaces. Thus, structural 
adjustments to existing ones, such as improving shapes of green 
spaces to enhance residents’ access, could be considered. The more 
complex the green patch shapes, the higher the coupling between 
green space boundaries and the surrounding environment, which 
can provide more accesses for residents to interact with green 
spaces. Additionally, green corridors can be created along linear 
spaces like roads and rivers to connect fragmented green spaces 
and improve overall GSE levels in urban areas.

2) Low-GSE, low socio-economic status zones. In these zones, 
GSE and socio-economic status are positively correlated. Such 
zones are typically located on the periphery of the study area, 
with lower housing price and urban vitality, and also have higher 
proportions of grassland and cropland compared with tree 
coverage. As indicated earlier, grassland and cropland coverage 
rates exhibit negative spatial correlations with socio-economic 

①	 High/low socio-economic status zones were defined based on the spatial 
distribution of housing price shown in Fig. 4, where color yellow represents the 
intermediate level, deeper blue indicates lower socio-economic status, and deeper 
red indicates higher levels.
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additional indicators, such as average household income and 
education levels, for a more comprehensive assessment. Third, 
the analysis results based on cross-sectional data cannot reveal 
causal relationships between GSE and housing price. Future 
research can use long time-series data to fill this gap. Lastly, the 
sample selection from high-density urban areas may limit the 
generalizability of the planning strategies. Future research should 
explore the heterogeneity of GSE equity in a multi-scale, multi-
temporal, and cross-regional context.

Competing interests | The authors declare that they have no competing interests.
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摘要 

提升绿地暴露水平是上游主动式干预公众健康的重要抓手。然而，

绿地在城市空间中常呈现不均衡分布，引发了针对“绿色公平”等议题

的讨论。本研究旨在基于鸟瞰–目视视角系统地评估绿地暴露水平，剖

析绿地暴露的地理–社会公平性分异并提出规划调控策略。本文以南京

市中心城区为研究区域，首先从鸟瞰视角下的绿地组成和配置及目视视

角下的绿量和街景感知质量构建绿地暴露评估体系，评估绿地暴露的地

理公平性。其次，选取房价作为社会经济指标，使用空间回归模型分析

绿地暴露与房价水平的空间关联，评估绿地暴露的社会公平性。研究发

收稿日期 |  2023-12-27     录用日期 | 2024-06-07

现：1）研究区域内绿地暴露在地理公平性和社会公平性层面均存在显

著失衡现象；2）目视视角下的绿地暴露指标与房价水平的空间自相关性

为0.08～0.29，普遍高于鸟瞰视角（0.02～0.13）；3）绿地暴露与房

价的空间关联存在显著分异特征，高房价群体更易享受绿地服务。研究

成果精准识别了绿地暴露盲区，以及绿地供给与社会经济水平的失衡区

域，为科学“增绿”提供了有效指引，也可以进一步促进暴露生态学理

论的实证研究。

图文摘要

建设重点

·	“增绿”的发展重点应在增植树木
·	在草地上适当增加乔灌木，增加视觉上的
景观层次

·	调整绿地结构，提升居民接触绿地几率
·	打造绿色廊道，增加破碎绿地连接度

可利用的土地资源稀缺，“增量”难度较大

区域较为边缘，本身房价不高· 树木面积占比
· 归一化植被指数
· 边缘密度
· 最大斑块指数

鸟瞰视角

· 可步行性
· 可达性
· 设施便利性
· 整洁度
· 安全性

目视视角

规划建议建成区内绿地暴露的公平性提升应优先调控目视视角下
的指标并兼顾鸟瞰视角指标

建议一
需依据社会经济水平差异分别优化建成区内的

绿地暴露低水平区域

建议二

主要
研究结果

研究区域内目视视角下的绿地暴露指标
与房价水平的关联大于鸟瞰视角

研究区域内绿地暴露水平存在显著的地理和社会公平性分异

· 绿地数量少
· 绿地规模小
· 绿地形状规则
· 整体植被覆盖不佳

高社会经济水平区域

· 草地、耕地占比高
· 树木面积占比小
· 位于研究区域边缘
· 城市活力低

低社会经济水平区域  
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1 引言

绿地作为城市中重要的生态空间，是建设生态韧性城市、提升居民

生活品质的重要自然资源[1][2]。它不仅为城市提供了广泛的生态系统服

务，也是居民亲近和感受自然的重要场所[3][4]。然而，在城市空间中，尤

其是高密度城市区域，绿地是一种稀缺的自然资源，且常常呈现不均衡

分布，引发了一系列公平性问题[5][6]。

绿地暴露（green space exposure，GSE）是指居民与城市绿地直接或

间接的接触与互动[7]。居民能够充分暴露于城市绿地中是实现绿地健康促

进效益的先决条件[8]。近年来，国内外学者广泛研究了城市GSE特征，包

括对绿地空间格局及其健康效应的测度[9][10]。现有研究所涉GSE评价指标

主要集中在鸟瞰视角，如绿地面积、归一化植被指数、树冠覆盖率和植

被覆盖率[11]~[13]；亦有部分研究评估了城市绿地的景观结构等配置特征，

如破碎程度、形状复杂性和斑块凝聚度等[14][15]。然而，此类研究大多基

于卫星图像数据揭示大范围GSE的时空特征，无法测量垂直维度的GSE及

居民在时空行为中与城市绿地的实际接触情况，因此难以反映GSE的内

在复杂性、多样性和动态性。随着大数据与机器学习技术的普及应用，

有学者初步探索了目视视角下的城市GSE指标研究，如利用街景图像测

量绿视率并量化街道空间质量[16][17]。尽管现有研究已逐渐从单一维度的

GSE评估转变为多维度评估[9][18][19]，但仍缺乏系统的城市GSE评估模型。

陈斌等学者也强调了在城市绿地量化研究中综合考虑绿地数量、质量、

类型和结构属性的重要性，并提出测量GSE应考虑空间、时间和社会差

异[20]。在理论层面，余兆武等人进一步提出了暴露生态学理论体系来系

统理解（城市）自然生态系统、生态暴露与健康之间的耦合关系[21]。

城市GSE的地理和社会公平性相关研究是暴露生态学理论下“客体–现

实”维度的重要研究内容。

绿地公平性研究经历了从数量公平到空间公平再到社会公平的嬗

变[22]。过去研究多采用传统绿地覆盖指标（如绿地率、人均绿地面积）

衡量绿地在行政区划内的服务能力。尽管此类指标能够揭示供给情况，

但较难反映人口–绿地的供需关系[20][23]。随着研究的深入，将人口分布

和社会经济属性纳入考量的GSE社会公平性研究逐渐成为热点[24][25]。研究

表明，GSE公平性在不同地理区域、具有不同文化和发展历史的地区存

在差异[26]。GSE不平等也可能导致公众健康不平等，而这种负面影响在

社会经济水平低下的人群中更为明显[27]。联合国可持续发展目标提出要

“向所有人，特别是妇女、儿童、老年人和残障人群，普遍提供安全、

包容、无障碍、绿色的公共空间”的目标[28]。系统地评估城市G S E水平

并识别其盲区，厘清其在地理和社会维度的公平性分异特征并提出规

划 干 预 策 略 ， 是 实 现 科 学 “ 增 绿 ” 的 重 要 途 径 ， 也 是 上 游 主 动 式 干

预公众健康的重要抓手[29]。然而，现有研究缺乏对高密度城市区域中

GSE的地理公平性与社会公平性的全面评估，难以为不同GSE现状的区域

文章亮点

·	构建了涵盖鸟瞰–目视视角指标的城市绿地暴露综合评估框架

·使用四种空间回归模型评估了城市绿地暴露的社会公平性

·房价水平与鸟瞰–目视视角下的绿地暴露指标均存在显著空间关联

·依据地理加权模型结果为具有不同绿地暴露现状的区域提供了优化

策略

关键词 

暴露生态学；绿地暴露；城市绿地；地理公平；社会公平；空间回归

模型
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组成内容。用特定的颜色填充不同语义的像素，计算绿色植被所占的百

分比，即绿视率（GVI）：

	                              
 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 =

∑ 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴g
𝑚𝑚𝑚𝑚
𝑖𝑖𝑖𝑖𝑖𝑖

∑ 𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴t
𝑚𝑚𝑚𝑚
𝑖𝑖𝑖𝑖𝑖𝑖

× 100% ,                             （1）

式中，Area t代表每张街景图中的总像素数量，Area g表示该图中绿色植

被所占像素的数量，m 是在观测点获取的图像数量，在本研究中，m 取

值为4。

本文使用人机对抗评分评估公众对街景图像的感知质量。研究团队

从街景图像数据库随机选择5 000张涵盖不同景观元素特征的街景图像构

提供优化策略。

综上，本研究在暴露生态学视角下，旨在构建鸟瞰–目视视角下城

市GSE评估体系，系统性地衡量城市GSE地理和社会公平性，拟回应以下

科学问题：1）鸟瞰–目视视角下城市GSE空间分布特征是什么？2）城

市GSE和房价水平是否存在空间关联及空间异质性？

2 研究方法

2.1 研究区域
本研究选取中国南京市中心城区为研究区域（图1）。截至2022年

末，南京市总人口约为950万，其中城镇人口约826万[30]。依据《南京国

土空间总体规划（2021—2035）》，中心城区包含新街口、河西、城

南和江北四个市级中心，总体规划范围为804km2。中心城区不仅经济繁

荣，还覆盖了古都文化核，在文化和历史方面具有重要地位，同时也是

人口密度最高、路网最为复杂的区域。本研究利用ArcGIS 10.3将其划分

为500m×500m的渔网网格，并以单个网格作为研究样本。

2.2 城市GSE评估模型构建
本研究从鸟瞰–目视视角构建城市GSE评估体系。其中，鸟瞰视角

包括城市绿地的组成和配置两类指标，目视视角包括绿量及街景感知质

量两类指标（表1，2）。

2.2.1 鸟瞰视角下的城市GSE指标选取及数据获取

研究首先从哥白尼开放获取中心网站下载2021年9月的哨兵-2号卫星

影像（分辨率为10m），经哨兵数据应用平台（SNAP）及ArcGIS 10.3处

理计算得出研究区域内的NDVI。其次，采用欧洲航空局WorldCover v100

土地覆盖数据（分辨率为10m），经Frags ta t s 4.2计算研究区域内的绿

地组成指标。结果显示，研究区域内共识别出8种土地覆盖类型，即树

木、灌木、草地、耕地、建筑用地、裸地／稀疏植被区、水体和草本湿

地。考虑到灌木（0.001%）和草本湿地（0.013%）的面积占比较小，

本文仅将树木、草地及耕地三个类型的面积占比纳入GSE指标。随后在

Frags ta t s 4.2中计算树木、草地及耕地的整体景观格局指数作为配置维

度指标。

2.2.2 目视视角下的城市GSE指标选取及数据获取

研究首先利用ArcGIS以200m的间隔沿一、二、三级道路选取79 777

个观测点，使用百度街景地图捕捉观测点上0°、90°、180°和270°

四个基本方向的图像（640×480像素），共计319 108张。随后，在

Python 3.7中使用包含150个类别（如树木、建筑物、汽车等）的ADE20K

数据库训练全卷积网络（FCN-8s）模型，对图像进行语义分割以获取其

表 1：鸟瞰视角下的 GSE 指标

组成

配置

植被归一化指数（NDVI）

树木面积占比

草地面积占比

耕地面积占比

景观面积占比（PLAND）

最大斑块指数（LPI）

斑块数量（NP）

边缘密度（ED）

形状指数
（SHAPE）

分维数（FRAC）

斑块凝聚指数
（COHESION）

·	 反映地表植被密度和健康状况
·	 数值越高，地表植被情况越好

网格中树木所占的面积比例

网格中草地所占的面积比例

网格中耕地所占的面积比例

网格中全部绿地斑块所占的面积比例

·	 网格中最大单一绿地斑块所占的面积比例
·	 数值越接近 0，斑块越小

·	 网格中绿地斑块的数量
· 	数值越高，斑块破碎程度越高

· 	网格中绿地斑块的总边缘长度和网格面积
的比值
· 	数值越高，斑块破碎程度越高

· 	所有绿地斑块形状指数（斑块周长除以同
面积的圆周长）的平均值
· 	数值越接近 1，形状越简单

· 	绿地斑块边缘复杂度的平均值
· 	数值越接近 1，形状越简单

· 	绿地斑块聚集程度
· 	数值越高越聚集

分类 指标 描述
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分类 指标 描述

表 2：目视视角下的 GSE 指标

绿量

感知质量

绿视率（GVI）

种类丰富度

可步行性

可达性

设施便利性

通透性

整洁度

安全性

人的视野中绿色植被覆盖所占的百分比

街道绿色空间内植物种类的多样性

街道环境对步行活动的支持程度

人们能够轻松到达和使用街道绿色空间的程度

街道绿色空间内提供的设施和服务的便利程度

街道网络的连通性和开放性

绿色空间的清洁程度

街道绿色空间的安全状况（包括犯罪率、夜间
照明、紧急设施等客观因素，以及居民对街道
氛围的主观感受）

建训练数据集（图2）。从景观、建筑和城市规划类高校研究人员，以及

熟悉当地环境的沿街店铺人员中随机选取40名志愿者（男女比例1∶1）

对7项街景图像感知质量指标进行线上打分，评分范围均为0（质量极

低）～100（质量极高）。研究使用基于P y t h o n的随机森林模型对志

愿者评分及不同街景元素的占比进行训练，并自动为街景图像数据集

评分。每个网格的G S E指标数值为该网格内所有图像相应指标评分的

均值。为了排除因样本中街景图像过少而导致的结果偏差，本研究剔除

了观测点少于5个（即街景图像少于20张）的网格，最终得到有效样本

共2 750个。

2.3 社会经济指标
研究表明，人口密度和人均地区生产总值（GDP）和房价水平与社

会经济状况紧密关联[31]~[33]。房价水平作为反映社会经济水平的重要指

标，在多项实证研究中展现了较好的信效度。例如，张金光使用房价作

为家庭收入的指标，探讨了南京市中心城区GSE的可获得性、可达性和

吸引力在空间和社会层面上的不平等性[34]。余思奇等人依托于房价指标

揭示了南京市主城区不同社会经济群体在城市公园可达性方面的空间

差异[35]。因此，本研究在空间分析中以房价水平为主要社会经济指标，

以人口密度及人均GDP为协变量。研究团队通过2020年Wor ldPop数据

库（分辨率为100m）获取人口密度数据；由南京市统计局2020年区级

GDP及常住人口数量计算而得人均GDP；并通过在线房源和租赁平台链

家网获取房价数据。首先，利用ArcGIS 10.3分割并计算每个网格内的人

口密度均值。其次，以各网格所在行政区的人均GDP作为该网格的人均

GDP。最后，计算每个网格内所有居住区的房价均值。

2.4 数据分析
在ArcGIS 10.3平台中，使用自然断裂法将鸟瞰–目视视角下的GSE

指标数值分为7个等级并进行可视化，以评估研究区域内G S E的地理公

平性。对于社会公平性，首先使用单变量局部莫兰指数（Moran’s I）检

验房价水平，结果为0.924（p=0.001），表明在研究区域内房价水平存

在高度且正向的空间自相关性。随后分别对房价水平和GSE指标进行双

变量局部莫兰指数检验及可视化空间关联分析。最后，使用最小二乘法

（OLS）、空间滞后模型（SLM）、空间误差模型（SEM）及地理加权模

型（GWR）四种模型对房价水平与GSE指标进行回归分析，并以人口密

度和人均GDP为协变量。其中，OLS模型如公式（2）所示：

                     
𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 = 𝛼𝛼𝛼𝛼0 + 𝛼𝛼𝛼𝛼1𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑖𝑖𝑖𝑖 + 𝛼𝛼𝛼𝛼2𝐻𝐻𝐻𝐻𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 + 𝛼𝛼𝛼𝛼3𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 + 𝜀𝜀𝜀𝜀0  ，	     （2）

式中，HP i、GS i、PO i和GDP i分别表示第i个网格内的房价水平、GSE指

标、人口密度和人均GDP；α0和ε0分别为常数项和误差项。

对每个GSE指标的OLS模型进行残差空间自相关检验，结果显示所有

残差的莫兰指数均为显著正值（如以NDVI为自变量的OLS模型残差莫兰

指数为0.878，p=0.001），表明现有的OLS模型未能有效充分捕捉数据中

的空间结构特征。因此，本研究在公式（2）的基础上，基于距离权重构

建空间回归模型SLM和SEM：

	     
𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 = 𝛼𝛼𝛼𝛼0 + 𝛾𝛾𝛾𝛾𝛾𝛾𝛾𝛾𝑖𝑖𝑖𝑖+ 𝛼𝛼𝛼𝛼1𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑖𝑖𝑖𝑖 + 𝛼𝛼𝛼𝛼2𝐻𝐻𝐻𝐻𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 + 𝛼𝛼𝛼𝛼3𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 + 𝜀𝜀𝜀𝜀0 ，      （3）

式中，附加项γW i在SLM中表示邻近地区的空间滞后项，在SEM中表示

邻近地区的误差项。在构建权重时，为确保每个网格至少有一个相邻网

格，距离权重阈值使用了所需的最小距离，即864m。为了检验结果的稳

健性，本研究使用1 000m的距离阈值并基于共点共边相邻和共边相邻构

建权重以进行敏感性分析。

尽管SLM和SEM模型考虑了空间自相关问题，它们却只能解释研究

区域内的全局空间关联。而GWR模型能在每一网格单元内为相关指标的

回归系数提供局部估计，从而揭示空间异质性。因此，研究在Rstudio中

使用spgwr包，运用交叉验证法计算得出最佳带宽约为485m，并基于此进

行GWR模型分析。GWR模型如公式（4）所示：

	       
𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 = 𝛼𝛼𝛼𝛼0(𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖 ,𝑣𝑣𝑣𝑣𝑖𝑖𝑖𝑖) + 𝛼𝛼𝛼𝛼1(𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖 ,𝑣𝑣𝑣𝑣𝑖𝑖𝑖𝑖)𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑖𝑖𝑖𝑖 + 𝛼𝛼𝛼𝛼2(𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖 ,𝑣𝑣𝑣𝑣𝑖𝑖𝑖𝑖)𝐻𝐻𝐻𝐻𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 + 𝛼𝛼𝛼𝛼3(𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖 ,𝑣𝑣𝑣𝑣𝑖𝑖𝑖𝑖)𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 + 𝜀𝜀𝜀𝜀0 

𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 = 𝛼𝛼𝛼𝛼0(𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖 ,𝑣𝑣𝑣𝑣𝑖𝑖𝑖𝑖) + 𝛼𝛼𝛼𝛼1(𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖 ,𝑣𝑣𝑣𝑣𝑖𝑖𝑖𝑖)𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝑖𝑖𝑖𝑖 + 𝛼𝛼𝛼𝛼2(𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖 ,𝑣𝑣𝑣𝑣𝑖𝑖𝑖𝑖)𝐻𝐻𝐻𝐻𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 + 𝛼𝛼𝛼𝛼3(𝑢𝑢𝑢𝑢𝑖𝑖𝑖𝑖 ,𝑣𝑣𝑣𝑣𝑖𝑖𝑖𝑖)𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐻𝐻𝐻𝐻𝑖𝑖𝑖𝑖 + 𝜀𝜀𝜀𝜀0 
，	     （4）

式中，HPi、GSi、POi、GDPi和ε0的释义与公式（2）、公式（3）相同；
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α0(μi ,νi)是第i个网格的截距项，α1(μi ,νi)、α2(μi ,νi)和α3(μi ,νi)是第i

个网格的回归系数，它们的值均随地理位置(μi ,νi)变化。

随后，本研究依据决定系数（R2）和赤池信息量准则（AIC）等参数

比较模型的拟合优度。GWR模型生成的系数估计图可以展示每个GSE指

标的回归系数在研究区域内的变化，有助于识别对房价具有显著相关性

的区域和GSE指标，并进一步揭示GSE在空间上的社会分异特征，对提出

科学、精细化的暴露盲区“网格化”干预路径具有重要意义。

3 研究结果与讨论

3.1 GSE指标空间分布特征
在鸟瞰视角下，G S E组成指标均呈现了不均衡分布现象（图3）。

其中，NDVI、树木面积占比及PLAND呈现出相似的空间模式，即中心

建筑较密集区域的数值较低，靠近山体区域的数值较高；边缘区域数值

普遍高于中心区域，表明边缘区域普遍绿化程度较高，GSE水平较高。

草地面积占比和耕地面积占比的空间分布模式类似，中心区域数值普

遍较低，包括靠近山体的区域；边缘区域数值相对较高。对于GSE配置

指标，NP和LPI呈现相反的分布特征，整体而言中心区域的绿地小但数

量多，东北部及边缘区域的绿地大而数量少。E D、S H A P E、F R A C和

COHESION分布相对较均衡，绿地形状较为规则且聚集度较高。

在目视视角下，绿量及感知质量存在分布失衡现象（图4）。GVI、

种类丰富度和通透性指标与NDVI具有相似的空间模式，即边缘区域的数

值普遍高于中心建筑密集区，说明边缘区域绿化相对较好且街道较为开

敞；可步行性、可达性、设施便利性、整洁度和安全性指标具有类似的

空间分布模式，指标数值普遍较高，表明研究区域内街景感知质量普遍

较高。

3.2 GSE指标与房价的空间关联
研究区域内古都文化核及河西片区的房价水平最高，向外围呈逐渐

递减趋势（图5）。双变量局部莫兰指数检验结果显示（图6），莫兰指

数的绝对值越大，则暴露指标与房价在空间上具有更强的空间相关性。

结果显示，19个G S E指标均与房价呈现显著的空间相关性，其中仅草

地面积占比、耕地面积占比、N P及种类丰富度与房价呈现负空间相关

性。这一结果表明，绿地条件越好（以树木为主，数量多且质量好）、

绿地越大、形状越多样化且凝聚度越高，房价水平则越高。此外，从系

数来看，房价水平与鸟瞰视角下G S E指标的莫兰指数绝对值普遍低于

其与目视视角下GSE指标的莫兰指数绝对值。其中，鸟瞰视角下树木面

积占比与耕地面积占比的莫兰指数绝对值较高，分别为0.129和0.171，而

目视视角下莫兰指数绝对值较高的设施便利性、整洁度和可达性分别

为0.292、0.254和0.232。此研究结果表明，房价水平与GSE绿量及质量

密切相关，与现有多项探索城市公园绿地特征与房价水平关联的研究

结果一致[36][37]。

表3展示了鸟瞰–目视视角下不同G S E指标的四种回归模型分析结

果。整体而言，空间回归模型（SLM、SEM和GWR）的拟合程度远优于

OLS，其中SLM和SEM拟合优度最好，GWR模型次之。在使用不同权重

方式的敏感性分析中，SLM和SEM模型的回归结果与表3所报告的结果高

度一致，R 2均高于0.9。这一结果验证了研究结果的稳健性，再次证明了

GSE与房价水平存在显著的空间效应。

3.3 GSE指标与房价的空间关联及分异特征
结果显示（图7，8），研究区域内所有GSE指标的系数估计均有正

有负，且负值所占面积可观，表明GSE存在显著的社会公平性分异。结

合房价分布特征（图5），高房价区域在鸟瞰视角下的NDVI、树木面积

占比、PLAND、LPI、ED、SHAPE的系数估计值为正值，说明在该区

域中，随着植被覆盖面积的增加、绿地规模的增大、绿地形状的多样化

及与周边环境联系的紧密性增强，房价逐渐增高。同时，高房价区域在

目视视角下的街道空间的GVI、可步行性、可达性、设施便利性、整洁

度、安全性的系数估计为正值，表明该区域中随着街道空间绿量及街景

感知质量的提升，房价水平逐步提升。反之，低房价区域中这些指标的

系数估计为负值，意味着这些区域中GSE与房价呈负相关。这一结果可

能由这些区域的地理位置所决定：低房价区域普遍位于中心城区的边缘

区域，绿地条件较好，因此较之于GSE的增加，城市化水平的提升或许

更能够拉高房价水平。街道绿量与街道品质也曾在现有研究中被证实与

房价相关联。白钊成等人通过研究杭州市中心城区街道绿量的社会分

异，揭示了街道绿量与房价呈现正相关[38]。李莹等人在一项以广州市为

例的研究中发现，街道品质特征对房价的影响可达36.74%[39]。此外，本

研究中大部分高房价区域内的草地面积占比、耕地面积占比、NP、种类

丰富度、通透性的系数估计为负值，说明在高房价区域中建筑密度低、

城市化水平低的片区，房价水平相对较低。

3.4 GSE规划干预策略
通过上文的分析，本研究发现目视视角下的GSE指标与社会经济水

平的空间相关程度普遍高于鸟瞰视角。因此，在制定以促进“绿色公

平”为导向的规划举措时，应优先考虑提升街道空间的绿量及质量。在

微观层面，结合GSE指标的地理公平性及社会公平性空间分异特征，本

研究识别了亟待优化的低GSE区域，并为此区域内的高社会经济水平片

区和低社会经济水平片区①分别提供优化策略。

①	 通过图 4 研究区域内房价水平的空间分布界定高／低社会经济水平片区，黄色为中等

水平，蓝色越深，表明社会经济水平越低，红色越深，则社会经济水平越高。
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表 3：鸟瞰 – 目视视角下 GSE 指标与房价水平的拟合结果

NDVI

树木面积占比

草地面积占比

耕地面积占比

PLAND

NP

LPI

ED

SHAPE

FRAC

COHESION

GVI

种类丰富度

可步行性

可达性

设施便利性

通透性

整洁度

安全性

自变量

鸟瞰视角

OLS

0.131

0.136

0.107

0.111

0.135

0.139

0.136

0.108

0.129

0.111

0.130

0.125

0.107

0.126

0.153

0.173

0.109

0.162

0.152

R2 AIC

− 3 948.410

− 3 964.150

− 3 872.520

− 3 885.630

− 3 960.390

− 3 973.290

− 3 965.890

− 3 876.800

− 3 942.570

− 3 886.590

− 3 946.140

− 3 930.530

− 3 873.060

− 3 931.390

− 4 016.13

− 4 083.690

− 3 836.550

− 4 049.470

− 3 971.400

对数似然

1 978.210

1 986.070

1 940.260 

1 946.820

1 984.200

1 990.840

1 986.950

1 942.400

1 975.280

1 947.290

1 977.070

1 969.260

1 940.530

1 969.690

2 012.060

2 045.850

1 922.280

2 028.740

1 989.700

SLM

0.939

0.939

0.938

0.938

0.939

0.940

0.939

0.938

0.939

0.939

0.939

0.939

0.939

0.938

0.938

0.938

0.938

0.938

0.938

R2 AIC

− 10 480.800

− 10 481.700

− 10 457.700

− 10 458.200

− 10 492.000

− 10 524.300

− 10 498.000

− 10 459.800

− 10 495.000

− 10 465.600

− 10 512.700

− 10 471.400

− 10 465.800

− 10 458.300

− 10 457.100

− 10 460.200

− 10 354.400

− 10 464.700

− 10 359.600

对数似然

5 245.420

5 245.830

5 233.830

5 234.100

5 251.000

5 267.600

5 254.010

5 234.920

5 252.510

5 237.820

5 261.350

5 240.720

5 237.910

5 234.140

5 233.540

5 235.110

5 182.220

5 237.370

5 184.820

SEM

0.939

0.939

0.938

0.939

0.939

0.939

0.939

0.939

0.939

0.939

0.939

0.939

0.939

0.938

0.938

0.938

0.938

0.938

0.938

R2 AIC

−10 477.500

−10 477.000

−10 459.700

−10 461.800

−10 485.200

−10 506.100

− 10490.000

−10 462.700

−10 476.300

−10 462.200

−10 501.800

−10 469.900

−10 474.500

−10 459.400

−10 454.600

−10 454.800

−10 357.200

−10 459.700

−10 357.300

对数似然

5 242.766

5 242.495

5 233.833

5 234.890

5 246.622

5 257.050

5 248.996

5 235.339

5 242.135

5 235.102

5 254.885

5 238.950

5 241.269

5 233.694

5 231.292

5 231.394

5 182.623

5 233.835

5 182.643

GWR

0.903

0.903

0.905

0.904

0.904

0.905

0.905

0.901

0.903

0.898

0.604

0.902

0.862

0.895

0.881

0.889

0.864

0.846

0.872

R2 AIC

− 9 688.662

− 9 696.385

− 9 735.061

− 9 705.012

− 9 699.222

− 9 742.258

− 9 716.672

− 9 641.370

− 9 960.407

− 9 528.610

− 6 100.009

− 9 655.261

− 8 877.027

− 9 514.691

− 9 235.790

− 9 090.944

− 8 838.506

− 8 614.218

− 9 062.314

注  
表中所有 GSE 指标的 GWR 模型的 R2 为全局平均值，且不存在对数似然项。

目视视角
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1）低GSE–高社会经济水平区域。此区域内GSE与社会经济水平呈

负向关联，典型特征是自身房价高，但绿地数量少，规模较小且形状规

则，整体植被覆盖情况不佳。此特征多出现在发展较好、生活水平较高

的城市区域。此类区域可利用的土地资源稀缺，导致绿地“增量”难度

极大，因此可考虑通过调整绿地结构，如改善绿地形状，提升居民接触

绿地的机会。绿地斑块形状越复杂，绿地边界与周边环境耦合度越高，

居民接触到绿地的机会越多。此外，可结合道路、河流等线型空间打造

绿色廊道，增加破碎绿地的连接度，提升城区整体GSE水平。

2）低GSE–低社会经济水平区域。此区域内GSE与社会经济水平呈

正向关联，普遍处于研究区域边缘区域且本身房价不高，城市活力相对

较低；同时，此类区域内的草地、耕地占比高于树木。由上文可知，草

地、耕地面积占比和社会经济水平呈现负空间相关性，而树木面积占比

与社会经济水平呈现正空间相关性。因此，此类区域内“增绿”的发展

重点应放在增植树木，可考虑在草地上适当增加乔灌木，增加视觉上景

观层次的同时，提升GSE质量。

4 研究结论与展望

本研究从鸟瞰–目视视角构建了城市GSE综合评估模型，以房价表

征居民社会经济水平，使用OLS、SLM和SEM模型对南京市中心城区的

GSE进行了地理和社会公平性测度。为了更细致地测度GSE社会公平性的

空间分异，本研究基于GWR模型对GSE与房价的空间关联进行网格单元

可视化。

结果表明，研究区域内的GSE在空间分布上存在不均衡现象，中心

区域绿地碎片化程度高，整体GSE程度低于边缘区域。房价与GSE指标存

在显著的空间关联，目视视角下的GSE指标与房价水平的空间相关程度

普遍高于鸟瞰视角。其中，草地面积占比、耕地面积占比、NP及种类丰

富度与房价呈现负相关，其余GSE指标与房价呈现正相关。此外，SLM和

SEM模型在GSE指标预测房价水平的模型中拟合效果最好。GWR模型结

果进一步表明，南京市中心城区的GSE无论在地理公平性层面亦或是社

会公平性层面均存在显著的失衡现象。

本研究精准定位了城市GSE不足的区域，针对性地对低GSE–高社会

经济水平区域及低GSE–低社会经济水平区域分别提出了科学规划干预

举措。本研究进一步扩展了暴露生态学理论的实证研究，在实践上有助

于推进城市GSE评估，对通过城市规划和绿地系统规划以促进GSE的公平

性具有指导性价值。

本研究存在以下不足。首先，评估目视视角中的感知质量指标时，

对街景图像训练集进行打分的志愿者的数量、职业构成、年龄分布等差

异可能对结果造成一定的误差，未来研究需对这些因素进行控制以提升

结果的稳健性。其次，选取社区房价来表征社会经济水平具有一定的局

限性，未来可结合社区平均收入和教育程度等指标全面衡量社会经济水

平。再者，基于横截面数据的分析结果无法揭示“GSE–房价水平”之

间的因果效应，未来研究可采用长时间序列的数据弥补此不足。最后，

高密度城市区域的样本选取限制了规划调控举措的普适性，未来研究需

进一步扩大研究区域，考虑多尺度、多时空、跨区域背景下的GSE公平

性分异。

图 1. 研究区域区位图

图 2. 街景图像及其语义分割结果示例

图 3. 鸟瞰视角下 GSE 指标的空间分布

图 4. 目视视角下 GSE 指标的空间分布

图 5. 研究区域内房价水平的空间分布

图 6. 房价水平与不同 GSE 指标的空间相关性

图 7. 基于 GWR 模型的房价水平与鸟瞰视角下 GSE 指标的系数估计

图 8. 基于 GWR 模型的房价水平与目视视角下 GSE 指标的系数估计




