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Abstract

Street greening is an important part of urban landscape, and Green view index (GVI) has an important influence on the com-
fort of street space environment. In this paper, we analyze the GVI of street space based on big data of street view photos and
neural network algorithm. By collecting about 25,000 street view photos from Tencent map, we synthesize the panoramic
projection photos of equal area. The image segmentation is achieved by training models through DeeplabV3 + network
framework, and then the GVI after image recognition is calculated by OpenCV. The spatial distribution of GVI on the street
space is analyzed by means of GIS and other means. In this paper, four spatial regression models are applied to analyze the
influencing factors of GVI in the context of urbanization development from three perspectives: historical planning, economic
and social. A negative correlation between road class and GVI distribution was obtained. When analyzing the influence of
different POI distributions on GVI, it was found that the distribution of hospitals and subway stations was significantly cor-
related with GVI, and the presence of hospitals in neighborhoods would increase the GVI of surrounding streets. The presence
of subway stations, on the other hand, decreases the green visibility of the surrounding streets. This study contributes to the
development of human-centered planning and design and provides scientific guidance for the construction and renovation
of green space in streets by targeting and optimizing the distribution of specific social facilities in the area.
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Introduction 2014). Meanwhile, the greenness of urban streets has a great

impact on people’s mental health. Li and He et al. explored

With the rapid development of modern cities, the popula-
tion density and building density of cities are increasing,
and the conflict between urban construction and green space
conservation is becoming more prominent (Wei 2016a). As
an important part of urban ecology, urban green space pro-
vides residents with a fresh and pleasant environment and a
variety of ecological services (Chen and Huang 2020) and is
one of the important elements to alleviate "urban diseases"
such as increased population concentration, urban pollution,
and traffic congestion under urban development (Wang et al.
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the relationship between Green view index (GVI) and resi-
dents’ exposure to green environment in Nanjing city (Li
et al. 2020) to analyze the impact of greenness in space on
residents’ health. Helbich and Yao et al. used deep learning
to identify blue and green spaces in street view photos and
combined with questionnaire data to conclude that green and
blue spaces in street space can prevent depression among
Chinese elderly people (Helbich et al. 2019). Wang and
Ruoyu analyzed the relationship between street greenery
and well-being index (Wang et al. 2019) and concluded that
street greenery and NDVI index were positively associated
with mental health.

At present, the indicators for measuring urban green
space development in China are mainly traditional indica-
tors, including per capita green area (Luo 2020) and green-
ery coverage (Shen et al. 2020). The traditional indicators
mainly emphasize the quantity of greenery in two-dimen-
sional space, and cannot evaluate the quality of greenery
from the human perspective (Yang et al. 2019), ignoring the
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human spatial perception of greenery quality. The "GVI"
was first proposed by Japanese scholar Yo Aoki in 1987,
referring to the proportion of green plants in the field of view
seen by people’s eyes(Xiao et al. 2018). In 2004, the Japa-
nese government officially made "GVI" one of the regular
indicators of the green landscape evaluation system (Matsu-
moto 2008), which made it possible to evaluate the greening
of urban space from a three-dimensional spatial perspective.
Some scholars manually took photos in the space and manu-
ally selected the plant boundaries in the photo scene through
Adobe Photoshop software to estimate the size of GVI in
that space (Xu et al. 2018). Some scholars have also meas-
ured the 3D green volume of single count trees by 3D laser
scanning technology to calculate the 3D green volume of
plants more accurately (Li et al. 2017). Since manual photo-
graphs can no longer meet the requirements for urban spatial
calculations, methods for batch calculations such as machine
learning have emerged to enhance the demand for large-scale
and efficient GVI measurements. For example, Chen and
Zhou et al. implemented the estimation of GVI for cities in
the Pearl River Delta by writing an automated program using
Matlab software (Chen et al. 2020) and analyzed the correla-
tion with socioeconomic factors. Scholars such as Long ana-
lyzed the color composition in street scenes by Matlab(Long
and Liu 2017), by converting RGB colors into HSV models
to determine the green range in the streetscape. However,
this method identifies green objects including cars and other
green objects on billboards as green areas when measuring
the color range of streetscape. To solve this problem, some
scholars later introduced a semantic segmentation method
based on convolutional neural networks to semantically clas-
sify and classify streetscape images to automatically identify
the categories of plants and improve the accuracy of GVI
recognition (Helbich et al. 2019).

As a part of the city, urban green space is affected by
urban development, therefore some scholars analyze the
factors affecting urban green development and explore the
mechanism of urbanization development on urban greenery.
Li et al. investigated the evolutionary driving mechanism
of green space in the central city of Beijing through par-
tial least squares regression (PLSR)-based regression(Li
et al. 2019). Wang explored the factors influencing the lay-
out of urban green spaces based on a geographic detector
and found that economic, natural factors present different
effects on the development of urban green spaces in differ-
ent regions (Wang et al. 2020b). Ru and Jiang et al. ana-
lyzed the drivers of urban green space evolution from three
aspects: natural ecology, socio-economic, and policy factors
(Ru and Jiang 2015). The above research methods mostly
use qualitative or simple regression quantitative research.
And such methods tend to ignore the spatial attributes of
urban green space. Therefore, some scholars have applied
spatial models to urban greening studies by applying them
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to urban greening. For example, Zhao et al. applied a spatial
regression model to explain the inner mechanism of spatial
evolution of urban green space from three aspects: economic
drive, social growth, and government regulation (Zhao et al.
2020). Guo et al. used a geographically weighted regres-
sion model with spatial effects to explain the positive con-
tribution of GDP per capita and fixed asset investment per
capita to the optimization of green development(Guo et al.
2020). While GVI, as one of the important indicators of
urban green space development nowadays, there are fewer
studies related to the driving mechanism and influencing fac-
tors of GVI. Meng et al. extracted GVI based on streetscape
data using the HSV color model and analyzed the influence
of different parameters on GVI identification results (Meng
et al. 2020). Wei used SPSS software to analyze the green
space rate, the green cover, number of trees and plant type
were correlated with GVI, and it was concluded that the
combination of plants had the greatest influence on GVI(Wei
2016b). While less on the use of spatial models applied to
the influence mechanism of GVI, Wang and Hu et al. studied
the relationship between blue and green space with NDVI
index and socioeconomic factors in Beijing, but the driving
mechanism of GVI could not be fully explained under only
a single economic perspective (Wang et al. 2020a). There is
a lack of studies combining the spatial distribution patterns
and driving mechanisms of GVI under multiple perspectives.

In view of the above problems, this paper applies the
DeepLab V3 +algorithm to semantic segmentation of street
images for GVI recognition in Jing’an District, Shanghai,
and tries to analyze the spatial distribution of GVI in the
study area. In addition, this paper tries to construct a spa-
tial regression model from three aspects: planning factors,
economic factors, and social factors to analyze the driving
mechanism of GVI in Jing’an District, Shanghai. This paper
tries to answer the following three questions.

1 What is the method and technical route to extract the
GVI of street space in this paper?

2 What is the spatial distribution of GVI in Jing’an Dis-
trict, Shanghai? What kind of differences exist?

3 What is the relationship between street GVI and social,
governmental planning, and economic factors?

Study areas, data and methods
Study areas

Jing’an District, located in the center of Shanghai(Fig. 1),
from the original Zhabei District and the old Jing’an Dis-
trict into one, has a rich historical background with dis-
tinct regional characteristics. The district has a total area
of 370,000 square kilometers, with a resident population of



Earth Science Informatics (2022) 15:163-181

165

ShangHai

Jing’an District

KA A

K2R

Case of interpretation of sampling
points of street view images

Fig. 1 The site and sampling points across the street network. Case study area Jing’an district, Shanghai. The white lines in the right subplot are

the main roads in the study area obtained from openstreetmap.org

1.1 million, and a total of 13 street offices under its jurisdic-
tion. There are 64 roads in the district, with a total length of
63 km. The district has a large number of green spaces, the
earliest of which can be traced back to the mid-nineteenth
century. The high density of commercial residences and
multiple types of street spaces are highly representative of a
global city like Shanghai.

Data acquisition
Streetscape data acquisition

The vector road network data in this study is the road net-
work data provided by OpenStreetMap, which is imported
into ArcGIS to simplify the road network, simplifying the
complex traffic network, road grades, and multi-way lanes
in reality to a one-way road, generating street view sampling
points in the study area according to the 50 m distance inter-
val and counting the latitude and longitude of all the collec-
tion points. In order to obtain the street view images, we use
the API interface provided by Tencent Map Service. The
Tencent Street View API service can provide the complete
URL address of the street view request and the complete
parameters that we need to set in the street view, including
location, yaw angle, pitch angle, scene ID, and image size.
As shown in Fig. 2, SIZE indicates the resolution of the
photo we need, and the study in this paper synthesizes a
panoramic photo by 6 photos with a resolution of 600%400;

location indicates the location information of the down-
loaded street view we need, and we generate the location
parameters of each point based on the latitude and longitude
of each sampling point generated; heading represents the
yaw angle, which is the angle with the due north direction.
The range of values is [0,360], and the default value is 0;
pitch is the pitch angle, which refers to the head-up or head-
down perspective of the street view acquisition camera, 0 for
flat view, (0,20] for head-down, and (-90,0] for head-up. In
this paper, we define a PYTHON script to call the Tencent
Street View API to obtain all the photos of the points in
batch and set the horizontal heading parameter to 0°, 60°,
120°, 180°, 240°, 300° in order to more closely match the
360-degree horizontal view of a person, and set the pitch
parameter to O to simulate the vertical angle when a person
is looking at it horizontally, and then download 6 photos
with a resolution of 600*400.

The usual practice is to identify the four angles of the
street view photos at the sampling point separately, and then
calculate the GVI values in each photo and take the average
(Wang et al. 2020a, b), because there are overlapping parts in
the four photos, the average calculation will cause errors in
the GVI values. In order to more closely match the real scene
under the 360-degree view of the human eye, we processed
six different angles of street scenes from each sampling point
by PTgui software to synthesize one isoparametric cylindri-
cal projection photo. Finally, a total of 25,050 street scene
photos were obtained by calling the API. The GVI is the
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Tencent Street View URL Example:
https://apis.map.qq.com/ws/street-view/v1/image?size=&loca-tion=&pi

tch=&heading=&key=

Tencent Street View Panorama Parameters
Size:600*400

Street view longitude and latitude:121.4388,31.232
Pitch Angle:0

Heading Angle:300°

Fig.2 Street View Image Acquisition Parameters Description Example

ratio of the vegetation area in the isoprojected image to the
total area of the isoprojected image (Zhang et al. 2019).

GVI driving indicators

In urban street space, the magnitude of GVI values can
be influenced and constrained by a variety of factors. To
investigate the drivers of GVI in urban streets, data were
collected from different network data providers. When road
construction is planned, different levels of roads assume
different needs and therefore different requirements for the
construction of road green space. In this paper, road class
and road length are selected as planning factors. It has been
shown (Liu et al. 2020) that cities with higher economic
levels invest more in urban green space construction, which
results in better green space construction. The higher the
price of the community will be the community green as
an important factor to attract people to buy, the better the
community its green construction will be better, with the
breaking of the wall through the green and other policies
make the small area of the landscape spillover, will affect
the road around the green view rate to have an impact. In
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urban construction, the government has different greening
construction norms for different types of units, according
to the "Urban Greening Planning and Construction Index
Regulations" implemented since January 1, 1994 on the
requirements to ensure the realization of the urban green
space rate index, the green space rate for all types of green
space in the city has a minimum requirement. It is stipulated
in the unit attached to the green space area of the unit of the
total land area ratio of not less than 30%, including industrial
enterprises; transportation hubs, warehouses, commercial
centers, such as green space rate of not less than 20%, and
according to national standards to set up not less than 50 m
of protective forest belt; schools, hospitals, rest and recu-
peration institutions, institutions and groups, public cultural
facilities, troops and other units of the green space rate of
not less than 35%. Therefore, the greening inside different
kinds of building units can have an impact on the GVI of the
space. And since 2000, Shanghai has required to break the
greenery on both sides of the road. This makes the greenery
inside various types of building units increase into the view-
point of the road, thus affecting the proportion of greenery
in the road space. Therefore, parks, neighborhoods, schools,



Earth Science Informatics (2022) 15:163-181

167

subway stations, hospitals, squares, shopping malls, attrac-
tions, etc. were selected according to the different functional
categories of buildings required in the implementation of the
wall penetration.

And in order to explore the reasons for the differences
in GVI, 12 factors were selected as indicators of the spatial
model of GVI from three aspects: historical planning factors,
social factors, and economic factors. Since GVI is sampled
in the form of points, in order to facilitate the analysis of the
correlation between them, the block house price and GVI are
averaged into a block for resampling. By defining the area
enclosed by multiple roads as a block, the average value of
house price within each block was counted. In the research
related to urban development, some scholars have conducted
related studies by POI (Point of interest) and AOI (Area of
interest) data (Cui et al. 2018). The influencing factors of
GVTI under the calculation of multiple perspectives need data
support by multi-sourced big data. Chen and Wang et al.
analyzed the travel demand of urban residents by combin-
ing traditional data and new Internet big data, using public
transportation data, cell phone navigation data, and AOI data
(Chen et al. 2020). Cui and He et al. identified various func-
tional areas by POI data density to identify various func-
tional areas in cold cities and overlay GVI for analysis, con-
cluding that the average GVI of work areas is greater than
that of residential areas and service areas (Cui et al. 2018).
POI refers to all geographic entities that can be abstracted
as points, representing a landmark on an electronic map,
including all kinds of geographic entities closely related to
people’s lives, and AOI refers to area-like geographic enti-
ties in map data. In addition to the role of POI data, AOI
data also contains area range attributes, which can be used
to eliminate duplicate information. In this paper, the impact
of different functions of buildings on GVI is calculated by

Table 1 Factors Influencing of Green Vision in Jing’an District

the number of buildings of each type of function within the
block area, without considering the floor area of each type
of building and the boundary situation. Therefore, this paper
selects POI data as the research object. The number of POI
in each category and the average GVI within the neighbor-
hood are calculated, and the regression equation of GVI
and house price for each neighborhood can be established.
In this paper, based on the application program interface
(API) provided by the largest online map service provider in
China, we define PYTHON scripts to obtain different kinds
of POI within each block based on longitude and latitude,
and manually de-duplicate and clean the downloaded POI to
count the number of POI under each block. Information such
as road grade and length is obtained from open data provided
by the Shanghai government. Administrative boundaries are
obtained from Open Street Map (OSM). We collected the
number of neighborhoods from the largest real estate trading
platform in China through crawlers, and the average house
price of the neighborhoods in Jing’an District, Shanghai.
The specific data and sources are shown in Table 1.

Research framework

In this paper, we developed a program to automatically
obtain street view photos based on Tencent Street View
Map. First, we set sampling points in the study area based
on the road network at 50 m intervals according to ArcGIS
and obtained the coordinates of all sample points. Based on
the coordinate information, 6 photos of each sample point
were obtained from Tencent map through a web crawler. The
six street photos were synthesized into one high-resolution
isoprojected image by panorama synthesis software. After
semantic segmentation by DeepLab V3 + neural network

Factors Data Name Data Source
Historical planning factors Road class Shanghai Big Data Public Platform (https://data.sh.gov.cn/)
Road width Shanghai Big Data Public Platform (https://data.sh.gov.cn/)

Economic factors House price

Economic Expenditure
Social factors Total population
Hospital

Mall

School

Park

Metro

Scenics

Museum

Chain Home API (https://sh.lianjia.com/)

Jing’an District Statistical Yearbook (http://www.jingan.gov.cn/)
Jing’an District Statistical Yearbook (http://www.jingan.gov.cn/)
Gaude Map API (https://Ibs.amap.com/api/)

Gaude Map API (https://Ibs.amap.com/api/)

Gaude Map API (https://Ibs.amap.com/api/)

Gaude Map API (https://lbs.amap.com/api/)

Gaude Map API (https://lbs.amap.com/api/)

Gaude Map API (https://lbs.amap.com/api/)

Gaude Map API (https://lbs.amap.com/api/)
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algorithm, the vegetation area of each point location is
obtained. The GVI of each point location was obtained by
calculating the ratio of the vegetation pixel value of each
point location to the pixel value of the whole photo. The
results were visualized in ArcGis to obtain the GVI spatial
distribution map of the study area. The spatial autocorre-
lation of GVI was also examined, and historical planning
factors (road width, road grade), economic factors (housing
price), and social factors (metro stations, hospitals, neigh-
borhood distribution) were overlaid to investigate the factors
behind the differences in GVI distribution. The technical
flow chart is shown in Fig. 3

GVl identification and calculation

For thousands of street photos, it is a daunting task to manu-
ally identify the GVI of each one accurately. And it is a

challenge to extract the area of plant greenery accurately
because of the difference of plants and street elements in
different scenes across the street, as well as the difference
of plant forms in different seasons and weather. To solve
this challenge, this paper uses a deep learning model for
semantic segmentation of street scenes. Semantic segmenta-
tion takes advantage of the spatial invariance of photos in
computer recognition to segment the visual information in
daily life into each category by computer processing and
converts all pixels belonging to each category into a uniform
color (Ju et al. 2020), and this technique has higher accuracy
compared to extracting with image color features.

DeepLab V3 + model

In this paper, Deeplab V3 + convolutional neural network
model is used as the algorithm of semantic segmentation,

Fig. 3 Technical analysis
framework. API Application
Programming Interface; POI
Point Of Information; GWR
Geographically Weighted
Regression; SLM Spatial Lag

Model; SEM Spatial Error
Model

Python Script
Eyhor Via tencent map
Crawler P
o -
- B = V=
2~ OpenStreetMap . =1 [
e
= - [ -=n- ===
OSM online map Arcgis sample points Tencent Streetview DeepLab V3+ net
() () s () (S
m Spatial autocorrelation o SLM
test
. O 3 3 3 3
{ | Moran's I o SEM
y
i
> Web
Q Crawler
- K——
Spatial heterogeneity GWR
test

Green Vision Distribution in
Jing'an District

Urban planning
factors

Driving Factors Of Urban
Green Vision

Economic factors

Type of green-visibility

Social factors characteristics
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and the framework is the third generation improvement
version of the Deeplab neural network series proposed by
Google, and the concept of spatial convolution is proposed
in the previous v1, v2 and v3, which effectively solves the
problem of excessive resolution of images in semantic
segmentation, thus the parameters of network learning are
greatly reduced and the network training speed is greatly
accelerated (Fig. 4). Compared to the traditional FCN which
is not perfect in processing the detailed part of the image and
does not take into account the pixel-to-pixel relationship and
other problems, Deeplab V3 + maintains the original spatial
convolution and ASSP layers and adds the Xception model
to improve the accuracy of image feature sampling(Chen
et al. 2018).

Model training and computation

The operating system used in this paper is Windows 10, the
open source neural network framework TensorFlow is used,
and the graphics card used for training is GTX 2080s. The
CityScapes dataset is a dataset for understanding urban street
scenes, jointly provided by three German units including
Daimler, and contains stereo visual data from more than 50
cities, which is the most commonly used dataset to evaluate

the performance of vision algorithms for urban neighbor-
hood scenes (Cordts et al. 2016). In this paper, a semantic
segmentation model is trained based on the 50-city German
autopilot dataset provided by CityScapes, combined with
a pre-trained model after 100,000 iterations. The crawled
streetscape photos are fed into the network and processed by
convolution and pooling operations to achieve image clas-
sification and semantic segmentation. Since the data volume
of streetscape images is too large and the manual recogni-
tion is too time-consuming, in order to realize the automatic
recognition of GVI, the semantic map after recognition seg-
mentation is analyzed by using OpenCV to calculate the
total number of pixel values occupied by each category in
the segmentation result, and the GVI calculation formula is

N,
Rg =~ x 100% M
The pixels of all green parts in the image are denoted as

N,, N is the total number of pixels in the whole panorama.R;
is the GVI result of each panorama.

Training dataset--Cityscapes

Stret View
panorama eee
o " Deeplab V3+ CNN network architecture A 4
=2 o
-< - ) B
. |
Training _ <
_9
(msehoiy —
y J
Decoder| Lowtev g | |
Features
| 2
| - 0 - - ocm-amm
K 1 B i

mask

Street green
segmentation

v Prediction

Fig.4 The input and output of the DeepLab V3 +and the details of the network structure
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Spatial regression model

According to the first law of geography, there is a corre-
sponding connection between points in space. In order to
explore the driving factors of GVI, it is first necessary to
test the spatial autocorrelation of the spatial distribution of
GVI. Moran’s I is used to test the spatial autocorrelation of
GVI. Based on the geometric distance between each sam-
pling point, this paper uses the K-nearest neighbor method
to establish the spatial weights of the whole area to calculate
Moran’s I through the latitude and longitude coordinates of
sampling points.

The local Moran’s analysis is used to find the degree of
regional association in different geographic locations and is
used to test whether the high and low values of local areas
with high and low green-visibility rates show clustering in
space. In order to understand the relationship between the
influencing factors and the green view rate, four different
spatial models were selected to fit the regression between
the green view rate and the influencing factors in this paper.
They are ordinary least squares (OLS), spatial lag model
(SLM), spatial error model (SEM), and geographically
weighted regression (GWR) (Gao et al. 2020). The optimal
model is selected by Log likelihood (LogL), Likelihood ratio
(LR), Akaike information criterion (AC), Schwartz criterion
(sc). The larger the LogL, the smaller the AC and SC values,
the larger the LogL, the smaller the AC and SC values, the
better the model fits.

Ordinary least squares (OLS)

OLS is a global regression method used to study the rela-
tionship between the dependent and independent variables,
which can be shown by the formula

Vi=Py+xfp+e, (=12, ,n) )

where y; is the dependent variable (GVI in this paper), x;
is the independent variable, ¢; is the error term, /3 is the coef-
ficient of the independent variable and f, is the intercept.
However, OLS as a global regression model, the regression
coefficient estimates obtained by it are the average values
of the whole study area, which cannot reflect the real geo-
graphic characteristics of the regression parameters, and the
multicollinearity between variables can affect the results
(Han et al. 2020).

Spatial lag model (SLE)

The SLE model is mainly used to study whether a variable
is spatially diffuse or not, and its expression is

@ Springer

Y=pWy+Xp+c¢, (£~N[0,521]) 3)

Y is the dependent variable, X is the independent vari-
able, p is the spatial lag coefficient, Wy is the spatial weight
matrix, € is the random error, and f is the independent vari-
able coefficient(Han et al. 2020). Reflecting the role of spa-
tial distance on the variables in the region (GVI).

Spatial error model (SEM)

The spatial error model, as the name implies, considers ran-
dom disturbance terms (error terms) correlated in space, and
its expression is

Y=Xp+ee=AWe+u, (u~N[0,0°1]) 4)

f is the independent variable coefficient, Y is the depend-
ent variable, X is the independent variable, We denotes the
spatial adjacency weight matrix of the residuals (residuals
are the difference between the actual observed values and
the estimated values (fitted values); 4 is the regression coef-
ficient of the spatial residual term; u denotes the error term
that is not spatially correlated, so the spatial correlation
effect on the dependent variable (GVI) is not considered
(Han et al. 2020).

Geographically weighted regression (GWR)

Geographically weighted regression is an extension of ordi-
nary linear regression in which the regression coefficients
for a particular locality in the model are no longer assumed
constants obtained using all the information, but variables
that vary spatially with local geographic location, estimated
by local regression using information from a subsample of
neighboring observations.

p
v = ﬁo(“p vi) + Z ﬁk(ui, vi)x,-k +e,(i=12,....,n) (5
k=1

In the above equation, ( His vl-) is the coordinates of sam-
pling point 1,6, is the intercept, y; is the dependent vari-
able, x; is the independent variable, ¢; is the random error.
B ( M vi) is the k regression parameter on sampling point i,
which is a function of geographic location, and is obtained
by using the weight function method in the estimation pro-
cess (Gao et al. 2020).
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Fig.5 Comparison of differ-
ent semantic segmentation
algorithms

E Fastrcnn

Analysis of results
Model validation analysis

In this study, we propose to perform semantic segmentation
of street photos by DeepLab V3 + algorithm for recognition
to calculate GVI. In order to prove the effectiveness of this
model, we validate it by comparing with the results of previ-
ous studies. We compared four algorithms, PSPnet, Deep-
Lab V3, Fastrcnn, and HSV color thresholding. It is obvious
from Fig. 5 that the DeepLab V3 +in this paper has the high-
est accuracy in terms of segmentation compared with the
other four methods. HSV color thresholding is segmented
by thresholding the image color, and the selected threshold
value causes uncertainty in segmentation. And the green
areas in the image that are not vegetation are also segmented,
such as garbage cans, store signs, etc. Therefore, the overall
accuracy is the lowest, while PSPnet, Fastrcnn, DeepLab

D PSPnet

D Deeplab V3

V3, and other three algorithms all have some segmentation
errors to a certain extent, resulting in some vegetation not
being accurately identified. The DeepLab V3 + algorithm
used in this paper has the lowest segmentation error and
more accurate segmentation boundary for vegetation. It
proves that the algorithm of this paper is effective in veg-
etation segmentation calculation of GVI.

GVI value distribution
Overall analysis

As shown in Fig. 6, the overall GVI of the streets in Jing’an
District is good, and after excluding the points where the
streetscape does not exist, the GVI results are obtained for
a total of 3870 points. According to a study by the Japanese
scholar Yoji Aoki, when the GVIis higher than 25%, people
have the feeling that the surrounding environment is green;
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Fig.6 Histogram of greenery distribution in Jing’an District. a. Distribution of Average Green Vision Ratio of sampling sites. b. Distribution of

Average Green Vision Ratio on Streets

Table 2 Table of numerical

X e Number of Min Max Mean Standard deviation Variance
values for green visualization
roads
Northern 135 0.037785 0.465489 0.24964352 0.095470719 0.009
Central 135 0.009412 0.381017 0.14636201 0.074609129 0.006
Southern 154 0.019145 0.542287 0.29569669 0.101286773 0.01

when it is higher than 50%, people have the psychologi-
cal feeling that the greenery is good, and people are more
relaxed and happy mentally (Yoji Aoki, 1987). The overall
level of GVI of streets in Jing’an District can basically meet
the standard.

In order to explore the average road GVI level, after dis-
tributing all the points into the road network equally, the
total number of 424 roads in the whole Jing’an District, the
highest GVI of roads is 54.2%. According to the distribu-
tion map shown Jing’an District’s overall GVI level at about
0.11% the first peak, at about 30% the second peak, in the
overall level is relatively smooth. The distribution shows an
approximately normal distribution.

Partition analysis

According to the previous paper, the distribution of GVI
values in the southern, central and northern parts of Jing’an
District were counted separately, and the results are shown
in Table 2 below. 135 total road sections were found in the
central area, with a maximum GVI of 38% and a minimum
GVI of 0.9%, and an average GVI of 14.6%. The overall
variance is 0.006, compared with the variance of 0.019 for
the whole Jing’an district, indicating that the GVI distribu-
tion in the central part of Jing’an district is more stable. The
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overall GVI level in the central part shows an approximately
normal distribution, but the average GVI is much lower than
the normal level of 25%, due to the poor greening of the old
roads in the central area, resulting in a low GVI. According
to Fig. 7, there is a singular value around 10%-13%, and the
number of roads in this interval is the most in the overall
roads, which can best represent the average GVI level in
the central region. The roads in this GVI range do not have
a special distribution pattern or gather in a certain area, but
present a partial aggregation in the southeast and southwest
corners, and it is estimated that the singular value is due to a
factor in these two areas that causes the two areas to present
clustering. The GVI in the northern part of Jing’an District
is more balanced, with 135 total roads in the north, which
is equal to the collected roads. The average GVI1is 24.96%,
and the overall GVI level is better in the north compared to
the central stage, with a maximum GVI value of 46.5% and
a minimum value of 3%, with a GVI variance of 0.009, and a
more stable overall GVI level than in the central part. Com-
paring with the histogram of the average GVI distribution
of the northern roads, the overall green level in the north-
ern region is better, basically reaching 25% of the normal
level. The overall distribution shows a normal distribution,
with odd values in 26-30%, and the distribution of road sec-
tions reaches 28 road sections, which is just near the overall
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Fig.7 Histogram of greenery distribution in Jing’an District. a. Histogram of greenery distribution in central Jing’an District. b. Histogram of
greenery distribution in southern Jing’an District. c. Histogram of greenery distribution in northern Jing’an District

GVI mean value, and the road sections in this range can
best represent the average GVI level in the northern region.
Comparison of the southern GVI distribution histogram can
be obtained, the southern region GVI distribution is also
showing a normal distribution, the overall distribution is
relatively smooth, in the 30-36% near the presence of odd
values, the number of roads in the range of 63, can basically
represent the normal level of the region.

GVI spatial distribution
Overall analysis

The GVI spatial visualization is shown in Fig. 8, and the set
collection points are recalculated based on the actual roads,
and the collection points on the same road are averaged to
each road. The average GVI of streets was classified into 5
grades by Nature Breaks method(Chen et al. 2013), with
0-7% as worst, 8%-18% as worse, 19%-28% as mideam,
29%-38% as better, and 39%-54% as best. The distribution
map shows that there are obvious regional characteristics in
the distribution of GVI in the whole Jing’an District, with

the overall GVI distribution in the south of Jing’an District
being good, in the central part of the district being largely
poor, and in the north being more evenly distributed.

Spatial autocorrelation analysis

In order to study whether the distribution pattern of GVI
within Jing’an District is correlated with the internal area,
spatial autocorrelation analysis was conducted for the GVI
within the whole Jing’an District. The Moran’s I value of the
GVI of the whole Jing’an District was calculated, and the
result was 0.551, with an obvious positive spatial correla-
tion. The local spatial autocorrelation analysis shows that
the central region of Jing’an District shows a clear clustering
of low GVI values, and in the north there is a partial clus-
tering of low and high values. The southern region, on the
other hand, mainly shows high value clustering. Consistent
with the previous spatial distribution results, Fig. 9 shows
that the GVI in Jing’an District shows a significant level of
aggregation.

The southern part of Jing’an District is mostly second-
ary roads and bypasses, and the overall GVI distribution is
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Fig.8 Results of the study of
the distribution of green Vision
on roads in the region

Green Visual Rate
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relatively good, with mostly high values clustered. In the
central area, there are elevated roads and bypasses, but in
contrast to the southern area, most of the bypasses do not
have high values, showing a large number of low values
clustered. In contrast, in the northern region, the road condi-
tions are more even. In the north, the main elevated road sec-
tions show a concentration of low values while high values
are distributed with each bypass, and the overall distribution
is more balanced.
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Analysis of driving factors

Multicollinearity analysis

In order to prevent the presence of multicollinearity in our
selected indicators from generating errors in the established
regression models, all the indicators for which regression
models were established were tested to verify the correlation
coefficients between the variables before regression. The
results are shown in the Fig. 10, and the Pearson correlation
coefficients for all indicators are between 0 and 1. Except
for the correlation coefficient between the same variables,
which is 1, all of them are less than 0.8. Therefore, there is
no significant linear relationship between all independent
variables.
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Fig.9 Spatial
Autocorrelation(Moran’s I)
Analysis. (a) Global Moran
Analysis Scatterplot. (b) Partial
Moran clustered scatter plot. (c)
Partial Moran distinctive scatter
plot

Regression model analysis
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sampling point by the road class to which it belongs are
shown in Table 3. The P-value of the road class is less than

The results of the OLS regression of the GVI of each  0.01 at 99% confidence level and the coefficient is -0.048
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Fig. 10 Multi-collinearity 1.0
testing of regression equation
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Table 3 OLS regression results based on roads class and length
OLS
Variable coefficient Std t-statistics Pro Robust_SE Robust_t Robust_Pr VIF
Intercept term 0.121642 0.025453 4.77908 0.000004* 0.024395 4.98627 0.000001* —_—
Roads class -0.048761 0.011853 4.113752 0.000053* 0.011067 4.405835 0.000016* 1.002439
Roads length 0.000022 0.00001 2.192027 0.028906* 0.000009 2.537959 0.011497* 1.002439
Table 4 Lagrange multiplier test results Table 5 Comparison of OLS, SLM, SEM, and GWR based on model
diagnostics
TEST MI/DF  VALUE PROB
OLS SLM SEM GWR
Moran’s I (error) 0.6767 22.7612 0.00000
Lagrange Multiplier (lag) 1 552.0605 0.00000 AlCc -773.677  -1181.01  -1175.15  -1118.11
Robust LM (lag) 1 51.8732 0.00000 R2 0.074415 0.75448 0.751295 0.732231
Lagrange Multiplier (error) 1 502.7345 0.00000 Log likelihood 388.839  593.505  589.5737
Robust LM (error) 1 2.5472 0.11049
Lagrange Multiplier(SARMA) 2 554.6077 0.00000

indicating that there is a significant negative correlation
between the road class and the GVI of the road. The regres-
sion P-value of road length and GVI is 0.028 less than 0.05.
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It is significant at 95% confidence level. While the coeffi-
cient is smaller proves that there is a weak positive correla-

tion between the length of the road and the GVI of the road.
By running Ordinary Least Squares (OLS) regression
of the mean GVI values at the neighborhood level and
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the average house price at the neighborhood level, an
R-Squared of 0.07 can only represent 7% of the sample.
But the p-value is highly significant at the 0.01 level. The
residuals of the regression were tested for autocorrelation
with Moran’s I of 0.6767. Therefore, the residuals are
spatially correlated. The residuals of the OLS were then
subjected to lagrange Multiplier test and Robust LM test.
The results are shown in Table 4. From the table shows
that both lag and error of lagrange Multiplier are signifi-
cant, and continue to analyze Robust LM results, p <0.01
for Robust LM(lag) and p>0.01 for Robust LM(error).
therefore, the optimal spatial autocorrelation model in this
paper is SLM spatial lag model. The spatial heterogene-
ity model was established by the geographically weighted
regression tool of ArcGIS. The SLM results are compared
with OLS results and GWR geographically weighted
results in the following Table 5 By comparing the results
of the four models, Among them, SLM has the smallest
AICc value and the highest R2 of 75.4% as the optimal
model. According to the regression coefficient 1.88699¢-
007 in the SLM model proves that the house price in the
middle neighborhood of Jing’an district shows a signifi-
cant positive correlation with the GVI value. While we
establish OLS regression for street economic input and
GVI with p-value of 0.76 > 0.05 and chi-square test with
p-value of 0.77 > 0.05. Therefore, the original hypothesis
is rejected and it is proved that there is no significant cor-
relation between street economic input and GVI.

For the social indicators, the number of POIs in each cate-
gory for each neighborhood range was counted to establish a
regression model with the average GVI of the neighborhood.
The OLS regression results are shown in Table 6. It can be
found through the above table that the GVI has a significant
positive correlation with schools, hospitals, and attractions.
The regression results of GVI with subway, square, and
shopping mall show a significant negative correlation. The
rest of the variables are not significant. The non-significant

Table 6 OLS regression results based on POIs densities

variables were excluded and the OLS regression was con-
tinued. The R-squared of the regression was increased from
0.20 to 0.21. There was no significant increase. From the
previous section, it is clear that there is significant spatial
autocorrelation in the GVI of the study area, so the residuals
of the OLS regression results are tested for spatial autocorre-
lation, as well as the lagrange Multiplier test and Robust LM
test. The result Moran’s I is 0.5685 there is significant spatial
autocorrelation, while lagrange Multiplier’s lag is significant
at the 0.000 level. Thus there is spatial dependence, consist-
ent with the above. The SLM model was continued to be
chosen for the fitting. The fitted R-squared is 0.7540. P-value
for metro station and hospital is significant at 0.05 level.

Discussion
Determination of GVI

In previous studies, due to the lack of sufficient data, the
sampling locations of street images are mostly chosen as a
certain section of a neighborhood, or the spatial photos of
streets in some areas are collected manually by cameras and
so on. For example, CBD. With the rapid development of
web data street view services, street view map services can
provide a large number of photos of street space, such as in
this study, we obtain the current situation of street space by
calling Tencent Street View Map. Previously, some scholars
used Street View Map to obtain the GVI values calculated
from 4 horizontal 90° pictures and averaged them to calcu-
late the GVI. Some scholars also calculated the average GVI
from 6 pictures with a heading angle of 60° or 8 pictures
with a horizontal angle of 45°. In this study, we stitched 6
horizontal 60° street view pictures into a horizontal cylin-
drical projection panorama by PTgui software and directly
calculated the GVI. This method avoids the computational
overlap error that occurs in the overlapping part of multiple

OLS

Variable coefficient Std t-statistics Pro Robust_SE Robust_t Robust_Pr VIF
Intercept term 0.19889 0.007808 25.472767 0.000000%* 0.008861 22.44643 0.000000%* e
Subdistrict 0.000083 0.000277 0.299185 0.764983 0.00026 0.318641 0.750197 1.33924
School 0.004039 0.001003 4.025661 0.000076%* 0.00118 3.421468 0.000709%* 1.492529
Metro -0.02862 0.007021 -4.076375 0.000063* 0.006076 -4.71031 0.000005%* 1.123128
Park -0.00607 0.005743 -1.056297 0.291545 0.004417 -1.3736 0.170447 1.255819
Hospital 0.002489 0.000934 2.665591 0.008033* 0.001113 2.236743 0.025912%* 1.233894
Square -0.00061 0.000342 -1.7927 0.073879 0.000262 -2.34013 0.019819* 1.15595
Scenics 0.002108 0.000603 3.49327 0.000551%* 0.000586 3.598355 0.000378* 2.088583
Mall -0.00339 0.001686 -2.01249 0.044918* 0.001437 -2.35993 0.018807* 1.85872
Museum -0.0069 0.005649 -1.220698 0.223015 0.005384 -1.28091 0.201071 1.051946
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street views. Dong compared the errors of several methods
and concluded that the method in this study is the most
appropriate.

This study proposes the semantic segmentation by Dee-
pLab V3 +algorithm combined with streetscape maps to
achieve the measurement of road space GVI. Unlike previ-
ous studies, this study can automatically identify the GVI
size of road space in large quantities through a neural net-
work framework, as opposed to manual segmentation and
extraction of street scenes through PS software. The Deep-
Lab V3 +applied in this paper has the highest segmentation
accuracy compared to the deep learning PSPnet, FCN, and
other frameworks applied by previous scholars. The over-
all distribution of green landscape rate in Jing’an District
is obtained through semantic recognition analysis, and it
is very obvious that there are obvious regional differences
as well as spatial autocorrelation in GVI of road space in
Jing’an District, and the reasons for the spatial regression
model are explored.

Spatial regression model for the analysis of GVI

In this paper, by studying the relationship between road class
and road width and GVI, we get that the average GVI of
streets shows a certain negative correlation with road class
and a certain positive correlation with road length. The rea-
sons for this result may be: (1) The higher the road grade,
for example, in primary roads, there are often more elevated
sections, and the presence of elevation will make the GVI
range in the field of view significantly lower. (2) Since the
study area is Jing’an district, there are only three grades of
roads in the study area, and the range of high grade roads
exists only for the sections related to the north—south ele-
vated roads, while the others are mostly low grade roads.
So it causes the sample of high grade of roads is not enough
and there is obvious GVI difference. Usually in our percep-
tion, the longer the road length degree, the more open view
in the field of view will continue more greenery, so the GVI
is higher.

In contrast, when the GVI of the block was regressed
with the economic input of the block, the economic
level of the block was not significantly correlated with
the GVI. The reasons for this are (1) due to the limited
access to data and the large scope of the block, the GVI
averaged to the block is no longer significantly repre-
sentative of the region. Therefore, the analysis results
are not correlated. (2) Since the greening of blocks in
Shanghai is managed by the Shanghai Municipal Bureau
of Greening and Urbanism, there is no specific statisti-
cal division of the economic investment in greening for
each block in the Shanghai Municipal Bureau of Green-
ing and Urbanism. Therefore, it may lead to insignificant
regression results between block-wide economic inputs
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and GVI. In contrast, there is a significant positive cor-
relation between the average house price within the block
and GVI, and the R-square of the SLM model proves
to explain 75% of the block GVI level. Since the green
environment and quality of neighborhoods are directly
linked to house prices. The green space construction in
and around the neighborhoods with higher house prices
is generally better, and the government’s construction
specification will also give the developer a certain range
of public greenery construction outside the planning red
line as an additional condition, and after the construction
is completed, it will be transferred to the Greening and
Amenities Bureau for unified management and mainte-
nance. Therefore neighborhoods with higher house prices
will strengthen the greening of the surrounding streets,
therefore further affecting the GVI level of the streets.

The regression of GVI with schools, hospitals, and attrac-
tions in the previous section is significant and positive. The
GVI showed a significant negative correlation with subways,
plazas, shopping malls, etc. In the SLM model, GVI showed
a significant negative correlation with subway stations and a
significant positive correlation with hospitals. The reasons
for this are as follows: (1) Most of the subway stations in
Jing’an District are located on major roads and road inter-
sections, and the view near the subway stations is occupied
by elevated roads and subway lines, resulting in a lower per-
centage of greenery in the space. (2) The greening effect in
hospitals is generally good, due to the influence of the policy
of breaking down the wall and greening in three dimensions
so that the good greening inside the hospital increases the
greening in the view of the street, and thus the GVI of the
road is improved. The significant factors of schools, attrac-
tions, plazas, and shopping malls in the OLS return may
be due to the functional needs of these places themselves.
For example, plazas require sufficient hard paving and open
space for evacuation, schools require playgrounds, shopping
malls need entrance gathering plazas, etc. These variables
are not significant in the SEM model, indicating that their
spatial effects are limited.

Discussion of the differences in GVI distribution

Combining the characteristics of the GVI distribution in
each part, the study makes a preliminary guess about the
variability of the area in which it is located. In order to ver-
ify the correctness of the reason for the guess, an example
analysis is made based on Moran’s locally significant results
for the areas showing very significant high and low values
in the whole Jing’an district and the areas where high and
low values are clustered within each partition. The mini-
mum values of GVI in the three sub-areas were analyzed as
shown in Fig. 11. The minimum value in the whole Jing’an
District is the northern area. According to Fig. 11, most of
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Fig. 11 Case study on the types of characteristics in the Jing’an district

the low levels in the north are constrained by the elevated
road sections, which block the view to different degrees
due to the elevation causing a significant reduction in the
green level in the view, as well as the influence of some
road intersections. The low values in the center according
to the significance map can be seen mainly gathered in the
central northwest, southeast section as well as elevated road
sections, through the example map, it can be seen that the
extent of the road sections are low greening, mostly for the
lack of street trees. Most of the road is in disrepair, con-
struction. So the greenery on both sides of the street is seri-
ously damaged. A few areas are affected by elevation like the
north, leading to a lower percentage of green space under the
viewpoint. Through the overall comparison, the road width
of the whole central region, the form is basically close. The
reason for the change in GVI is that the old roads in the cen-
tral region are in serious disrepair, and the single road form
makes the roadside greenery destroy seriously, and thus the
GVI decreases. In the south, there are fewer low values from
the visualization results, and a small number of them exist in
the intersection of the streets and the internal roads of some
neighborhoods. Therefore, the reason for the low GVI in
the southern area is the poor greening of the internal roads

of some subdivisions and the road restrictions of the road
intersections that lead to the absence of street trees or single
street trees, resulting in the low GVL.

Meanwhile, according to the significance results, the
clustering of high GVI values in the three sub-districts was
analyzed by example, and the highest GVI values of roads in
the whole Jing’an District were found in the southern area,
and a large number of high GVI values were clustered in
the south. The GVI maximum road sections in the south are
distributed in the northern section of the southern region,
and the road sections with high GVI values basically run
through the entire southern region, and there is no certain
special distribution pattern, so the overall unified analysis.
According to Fig. 11, the road width along the river section
is smaller and the greening configuration is higher, which
leads to the maximum GVI. The highest value of GVI in the
central region is located in Baoshan Road section, due to
the good growth of roadside greenery and the rich level of
greenery configuration leading to the high level of GVI. The
maximum values in the northern region are mostly located
in the roads around the urban green areas, where the high
greening of the green areas leads to a significant increase
in the proportion of green in the field of vision, and the
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overall roads basically show a similar road width, although
the greening configuration is relatively single compared
to the central region, but the street trees in the range are
growing well and the canopy is also relatively complete.
Therefore, the overall GVI level is relatively good. The main
reason for the regional nature of the entire study area is the
difference in the roadside greenery level of the road and
street space, while the central area, which has the lowest
GVl level, is mostly old internal roads, and a lot of construc-
tion has destroyed a lot of street greenery. In contrast, the
northern area, compared to the central area, does not have
a lot of construction, and the level of greenery is basically
at a normal level. In the southern region, the level of road
greening is greatly improved, and the greening configuration
of some road sections is more abundant in level making the
southern region the highest GVI.

Limitations of this study

The following limitations exist in this study. First, this paper
conducts research through the streetscape photos provided
by Tencent Maps, but some lots lack the corresponding
streetscape maps, and the points can only be removed by
hand. Second, the street view photos were taken too early,
which may not be consistent with the current situation
leading to errors in the analysis. Thirdly, the viewpoints of
the streetscape map come from the carriageway, and it is
impossible to collect the distribution of greening viewpoints
under the viewpoints of the sidewalk. In the future, we can
consider combining the streetscape map with the field sur-
vey to compare the distribution of green landscape rate in
streetscape space from multiple perspectives and analyze
the evolution of urban green space by combining the current
situation and past streetscape.

In addition, this paper uses neural network for streetscape
recognition. The accuracy of recognition is affected by the
neural network algorithm, and later with the development of
research has a more accurate recognition algorithm applied
to the extraction of GVI. Finally, due to the limitation of the
obtained data, such as the population distribution data at the
street block level and the expenditure budget of urban street
greening cannot be obtained. In the future, there is a need to
combine more indicators and data sets for a more detailed
study of urban greening development.

Finally, three indicators of economic, social, and govern-
mental planning are selected for the study, but for different
research problems, different indicators may be considered
and not limited to economic, social, and governmental plan-
ning. Considering of different countries and regions back-
ground (e.g., climate factors in extreme cold region), new
indicators may be added for new situations.
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Conclusion

As an answer to the questions 1 and 2, this paper is based
on DeepLab V3 + algorithm for semantic segmentation,
combined with the street view provided by the map service
provider to study the GVI of the street space. This paper gen-
erates equal volume cylindrical projection from six different
horizontal angles of the street view through the panoramic
synthesis software to simulate the 360° surround effect of a
person. The synthesized photos are segmented semantically
by a neural network model, and the segmentation category
map is output using OPENCYV to identify the proportion of
greenery, and finally the GVI levels of the streets in the study
area are obtained. The study shows that there is an obvious
spatial relationship between the distribution of greenery vis-
ibility in Jing’an District, and the GVI levels in the central,
northern, and southern parts of Jing’an District are more
different. Among them, the GVI distribution is better in the
southern area, while the overall GVI level in the central and
northern areas needs to be improved. Especially in the cen-
tral area, there is an obvious clustering of low GVI values,
and the reason for this difference is mostly the difference in
the roadside greening level of road and street space, and the
massive destruction of street greening by a large amount of
construction.

This paper analyzes the GVI from three perspectives: eco-
nomic, social, and governmental planning, and uses a spatial
model that combines the spatial attributes of the GVI to find
that the road class is negatively correlated with the GVI,
while the length of the road is positively correlated with the
GVI. Distribution of hospitals showed a significant positive
correlation and a negative correlation with subway stations.
This will provide targeted guidance and help for future street
greening planning and design.

Based on research on urban GVI in this paper, targeted
renovation strategies can be proposed for specific areas, and
the following strategies are proposed for improving the over-
all urban street GVI. (1) Policies should support to break
walls to penetrate greenery. Although Jing’an District has
already implemented the practice, but there are still some old
neighborhoods with solid walls. In the next urban renewal,
such areas should be broken to enhance green permeability.
(2) In urban construction, the greening layout of street space
should be focused on, and the greening design should be
emphasized in elevated sections to avoid the lack of GVI in
elevated sections. (3) In the next phase, the greening level
should be upgraded while making up for the shortage of GVI
in the central and northern section. Accelerate and improve
the green infrastructure construction in the area, improve
the GVI at the junction of the central, southern and north-
ern areas, enhance the coordination and balance of greening
in the city streets, and finally improve the overall greening
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quality of the city streets. This study provides new ideas for
the optimization of urban ecosystem assessment. Limited by
current conditions such as data acquisition, a more precise
analysis of the influencing factors of GVI combined with
new data and frameworks will provide scientific guidance
for the construction and renovation of green space in streets.

Funding National Natural Science Foundation of China (51978329,
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