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Abstract: Street greenery is a component of urban green infrastructure. By forming foundational green
corridors in urban ecological systems, street greenery provides vital ecological, social, and cultural
functions, and benefits the wellbeing of citizens. However, because of the difficulty of quantifying
people’s visual perceptions, the impact of street-visible greenery on housing prices has not been fully
studied. Using Beijing, which has a mature real estate market, as an example, this study evaluated
22,331 transactions in 2014 in 2370 private housing estates. We selected 25 variables that were classified
into three categories—location, housing, and neighbourhood characteristics—and introduced an
index called the horizontal green view index (HGVI) into a hedonic pricing model to measure
the value of the visual perception of street greenery in neighbouring residential developments.
The results show that (1) Beijing’s homebuyers would like to reside in residential units with a higher
HGVI; (2) Beijing’s homebuyers favour larger lakes; and (3) Beijing’s housing prices were impacted
by the spatial development patterns of the city centre and multiple business centres. We used
computer vision to quantify the street-visible greenery and estimated the economic benefits that
the neighbouring visible greenery would have on residential developments in Beijing. This study
provides a scientific basis and reference for policy makers and city planners in road greening, and a
tool for formulating street greening policy, studying housing price characteristics, and evaluating real
estate values.

Keywords: street greenery; visual perception; hedonic pricing model; horizontal green view index;
amenity value; real estate value

1. Introduction

Street greenery is an important part of urban green infrastructure. Planting grass, shrubs, and
trees along both sides of roads can reduce noise pollution, purify the air, beautify the streetscape,
and offer inhabitants ecological, entertainment, and recreational functions [1,2]. Street greenery is a
public resource that provides residents aesthetic value and ecological benefits in addition to other,
unconscious benefits. For instance, trees along roads could reduce the oppressiveness of high-rise and
high-density buildings [3,4]. Some studies have indicated that exposure to greenery in hospitals can
improve patients’ moods and accelerate their recovery [5]. Beautiful street greenery can enhance the
walkability of streets [6] and improve physical health [7–9].

Domestic real estate developers usually lack the theoretical understanding and practical
experience required for constructing sustainable environments for residential units and, thus, they often
underestimate or neglect the characteristics for which house buyers are willing to pay. This limited
recognition may mean that the residential estates built by developers cannot meet the actual demands
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of residents and house buyers. Moreover, low-quality housing units and disamenities may reduce the
competitiveness of developers in the real estate market. A lack of related metrics limits the application
of sustainability science in real estate development and urban environment improvement.

Real estate developers provide a number of different housing products to the market and
simultaneously bear the cost of development. However, buyers pay premiums for these different
products based on their levels of demand and willingness. The hedonic pricing method is a
conventional method for measuring the relationships between housing value and characteristics [10],
and has high flexibility and extensibility. By including housing characteristics in a hedonic pricing
model, researchers can estimate their coefficients and implied prices (or marginal prices) [11]. In a
fully-competitive housing market, buyers tend to purchase houses with fine amenities and are willing
to pay a premium to reside in high-amenity residential developments [12]. Other models, such as
general equilibrium models, synthetically consider urban spatial structure and local public goods
to explain the impact of location, housing, and neighbourhood characteristics on housing prices in
metropolitan areas [13–15].

The characteristics with significant impacts on house price are diverse and complicated.
Three types of these characteristics can be identified; namely, location, housing, and neighbourhood
characteristics [16]. Location characteristics reflect the geographical locations of residential units, e.g.,
the distance to the city centre or business centres. For cities in the process of urbanization, the greater
the distance between properties and the city centre, the lower the property value tends to be [17].
The relative direction to the central business district also has an impact on house prices in Portland,
Oregon [18]. Neighbourhood characteristics include accessibility to the nearest functional buildings,
transport facilities, and natural landscapes, e.g., the distances to parks, urban green spaces, schools,
bus stations, and metro stations. Many empirical studies have proven that parks and urban green
spaces have had positive impacts on nearby housing values in several cities of the US, Salo in Finland,
and Guangzhou in China [19–22]. In Portland and Castellón, people are willing to pay a premium to
reside close to public green spaces [18,19,23]. In Wuhan and Hong Kong, China, some urban amenities,
such as rivers, lakes, and bays, can also increase nearby house prices [17,24]. Housing characteristics
include the age of the houses, quality of residential gardens, building type, window orientation, and
community services. In Shenzhen city, Chen and Jim [12] investigated a sample of properties using
questionnaires to obtain data on transactions and housing characteristics. The researchers built a
three-dimensional hedonic pricing model (availability, accessibility, and visibility) to evaluate the
relationship between heterogeneous landscape features and housing prices. The results showed that
residential gardens were the most attractive landscape type and resulted in an average increase in
housing prices of 17.2% [12]. Street views can also have an impact on nearby housing prices. In an
empirical study of Hong Kong, Jim and Chen [24] indicated that poor street views can decrease
housing prices by 3.7%, on average. In addition, air pollution has a negative impact on urban real
estate values. A study by Zheng et al. [25] was conducted in 85 cities in China and found that for
every 10% decrease in the inflow of air pollutants around the city, housing prices increased by 1.8%.
Xiao et al. [26] demonstrated that Beijing’s housing prices have a negative correlation with the air
quality index (AQI). However, there is still very little research on how street greenery affects urban
real estate values.

Tree canopy cover is a widely-used indicator for estimating urban street trees. Donovan
and Butry [27] explored whether street tree cover had an impact on housing values in Portland,
Oregon, and found that street trees with larger canopies could raise the housing values nearby.
In an additional study, they demonstrated that street trees could also positively affect the rents of
single-family houses [28]. In Los Angeles, and in Ramsey and Dakota counties in Minnesota, US, and
Brisbane, Australia, some studies have also shown that street trees can increase neighbouring housing
prices [29–31]. These studies took Earth observation approaches for extracting street tree cover data,
for instance, using visual interpretation or object-oriented segmentation methods to recognize and
quantify street canopy cover or other green vegetation cover in remote sensing or airborne images [2,32].
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However, several studies in Berkeley and Hartford have indicated that tree canopy cover cannot fully
represent the greenery in a streetscape profile as perceived by humans because of the variance in the
field, angle, and direction of view [33,34]. Current studies using the hedonic price method usually take
the acreage of and accessibility to urban parks, public green spaces, and tree canopy cover as indices to
measure amenity effects. However, few studies have focused on the impacts of street-visible greenery
on housing prices until now. In this study, we aim to explore the impact of street-visible greenery on
nearby property values by incorporating a modified indicator called the horizontal green view index
(HGVI) into a hedonic pricing model to estimate the marginal prices of the characteristics.

The green view index (GVI) is an indicator that reflects how much greenery people can see in street
scenarios. The GVI is the percentage of the green vegetation profile in the full field of a street view. The
GVI can measure the area of green vegetation in urban landscapes, especially urban streetscapes, from
the perspective of a person [34]. For example, Yang first calculated the GVI value of road intersections
by taking photos onsite and using artificial segmentation with Photoshop. The study provided insight
into quantifying street greenery, but its method limited the extent of the study and the calculation
efficiency [33]. In recent years, relevant techniques and methodologies using massive street view image
datasets and computer vision have emerged [34–38]. Street view images are easy to obtain, offer wide
data coverage, and have a high resolution [39]. Compared with remote sensing images, street view
images can represent streetscapes from pedestrians’ perspectives. These techniques and methodologies
can be powerful supplements to remote sensing images in urban landscape studies, and can produce
high-resolution and precise pictures of street-visible greenery at the regional or city level [34,38,39].
The GVI offers a link between visual perception and socio-economic data at the block level, and Li’s
studies have proven this notion [36,37]. In addition, using computer vision algorithms can aid in
quantitative batch processing, offering clear efficiency improvements and reducing labour [40,41].

To evaluate location, housing, and neighbourhood characteristics in a conventional hedonic
pricing model, 25 variables were constructed, and the HGVI indicator was incorporated into the model
to explore whether street-visible greenery around residential developments has an impact on housing
prices. Quantifying and mapping visible greenery metrics in megacities could be helpful in designing
street greenery and providing a scientific basis and methodological reference for building a sustainable
urban environment. Additionally, understanding the capitalisation values of street-visible greenery in
the real estate market benefits property developers, because better quality green environments close to
residential units may increase their revenues and enhance their competitiveness. In addition, realizing
and understanding the values of street-visible greenery could be helpful to local governments and
planners in optimizing road design, planning vertical greening layouts, and formulating laws and
regulations aimed at providing sufficient security and an adequate supply of resources to maximize
the potential value of urban street greenery.

The main purpose of this article was to value street-visible greenery near the housing units
in Beijing using a hedonic pricing model and a massive street view image dataset. Moreover, a
computer vision method was introduced to segment and quantify the visible greenery, and its accuracy
was verified. Our method and technique was provided for mapping street-visible greenery and for
combining street-visible elements with real estate values in a megacity. In the study, we hypothesized
that the street-visible greenery around housing units in Beijing had an impact on the housing prices.

2. Study Area and Data Acquisition

2.1. Study Area

In 2014, the fifth ring road area in Beijing, China, was approximately 669 km2, which accounted
for 4.1% of the area of Beijing city. However, the population in this area was approximately 10.5 million
people, which accounted for 48.4% of the total population of Beijing. Thus, the fifth ring road area is
the main centre in Beijing. A map of the whole study area and the geographic elements are shown in
Figure 1. There were 6103 road segments with a cumulative length of 1925.1 km. There were 33 main
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business districts located in the study area, with an average acreage of 5.1 km2. Some famous business
districts, such as Dongdan, Xidan, Wangfujing, and Wudaokou, had concentrated commercial facilities
and a good ability to attract industry. The fifth ring road area of Beijing is a typical and meaningful
study area, so many studies have been conducted here [2,26,42–44].
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Figure 1. Map of Beijing’s fifth ring road area and the location of residential developments.

2.2. Data Acquisition

The basic geographical data we used in the study were electronic navigation map data from
Autonavi, generated in 2014 and covering parks, schools, and bus and metro station POIs (points of
interest) in addition to roads, rivers, lakes, and business district polygon shapefiles. The parcel data
were for the year 2012, so there was some mismatch with 2014’s Autonavi data, especially in the street
network. We used these street data only for better map visualization so that this would not influence
our results.

The HGVI values were calculated based on massive Tencent street view image datasets from
2014, and SegNet [45]. To decrease the influence of seasonal change, we used street view images
taken from April to October in 2014. The street view samples were selected by sampling along the
road centreline at 100 m intervals, and at road intersections. Every sample point was represented
by six street view images with an intersection angle of 60 degrees. A total of 208,746 street view
images were obtained using the Tencent static picture API. For more detail on the crawling technique,
see [34,46]. The massive street view image dataset that we developed was adopted as a surrogate of
urban streetscapes in Beijing, and was used to perform further analysis over a large geographical area
and to develop new metrics for the hedonic pricing model in the study.

The housing transactions and basic housing characteristics data were obtained from the Fang
Company, which is a large global real estate platform covering transactions information from 642 cities
all over the world (www.fang.com). The data included 22,331 transaction records in the study area in
2014 (excluding 152 invalid or omitted records). The main fields in the transaction records were the
name of the residential development, housing area, window orientation, transaction price, the age

www.fang.com
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of the residential development, address, geographical coordinates, building types, residential unit
housing number, households, plot ratio, green coverage rate, and residential unit building number.
Since most residential units had multiple transaction records (the average number of records was 9),
these transactions were aggregated by residential unit, and we obtained 2370 transactions at the
housing estate level for further analysis.

The statistical analysis software adopted in the article was Stata 14, which was mainly used
for building regression models and statistical analysis. The crawler for obtaining the Tencent street
view images and batch processing applications for the massive image datasets was written in Python,
and the maps were produced in ArcGIS 10.2. The shortest distances between housing units and the
amenities along the road network were calculated using the Network Analyst models of ArcGIS.

3. Methods

3.1. Hedonic Pricing Model

Hedonic pricing models have different forms; for example, linear models [47], semi-log
models [48,49], and double-log models [23]. Generally, it is difficult to confirm whether one has
an absolute advantage over the others [50], but this could be determined through experimental
examination [11,51] or research [52]. Among the model forms, the semi-log model has five overall
advantages: first, this model considers the variation of each independent variable; second, it is
relatively easy to explain the implied values of the independent variables; third, this form can reduce
the heteroscedasticity in the model; fourth, the calculation of this approach is simple; and fifth, this
approach produces a flexible model [53]. In summary, based on the advantages above, we decided
to build a semi-log hedonic pricing model with log-dependent variables and a linear combination of
independent variables, the mathematical equation of which is shown in Equation (1). The estimates of
this semi-log hedonic model can imply the percentage change in housing prices as a response to a unit
change in an independent variable:

ln P = α0 + ∑βτCτ + ln HGVI + ε (1)

In Equation (1), P is the average transaction price at the residential unit level; lnP is the logarithmic
form of P; βτ is the coefficient of a housing characteristic (τ ∈ [1, 2, 3, . . . , 24]); ln HGVI is the
logarithm form of HGVI; α0 is the intercept term; and ε is the error term. The descriptions and statistics
for the 25 characteristic variables in the model are illustrated in Table 1. The dependent variable
LSPRICE is P in Equation (1).

Our hedonic model included three categories of characteristics; namely, location, housing, and
neighbourhood characteristics. We took BC_DIS and C_DIS, which represent the shortest road distance
from the housing unit points to business centres and the city centre (Tiananmen Square) of the study
area, respectively, to reflect the location characteristic of housing prices. A detailed description of
BC_DIS and C_DIS is shown in Table 1. All accessibility variables were calculated by road network
distance in the article. Additionally, the 0.5 km and 1 km distance buffers were calculated by road
network distance.

The housing characteristics included the following variables: AREA, YEAR, HS, PR, PF, and
GR and the dummy variables ORI, TOWER, and SLAB. For ORI, if the residence has north-facing
windows, the value is 1; otherwise, the value is 0. TOWER and SLAB are dummy variables. If the
building type is a tower, the TOWER variable is 1; if the building type is a slab, the SLAB variable is 1;
otherwise, the two variables are 0.

Concerning the neighbourhood characteristics, the variables measuring the accessibility to bus
stations, metro stations, and schools (including kindergartens, primary schools, junior middle schools,
senior high schools, and colleges) along road networks were included in our hedonic model (BUS_DIS,
SUB_DIS, and SCH_DIS). We took the means of road network metrics to measure the length along
roads between housing units and urban amenities in order to obtain a realistic result. In addition, we
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added the number of bus stations and schools within 0.5 km and 1 km road distances into the model
(0.5 km: BUS_5H, SUB_5H, and SCH_5H; 1 km: BUS_1T, SUB_1T, and SCH_1T). As indicated by the
statistics in Table 1, the densities of bus stations, metro stations, and schools could have an impact
on housing prices, since the concentration of amenities can have an impact on the housing prices of
residential units [26]. Except for the traffic and educational aspects, several independent variables
were used to measure and explain several natural or semi-natural amenities, including PARK_DIS,
LAKE_DIS, LAKE_AREA, RIVER_DIS, and HGVI. The definitions and equations for HGVI will be
illustrated in the next two sections.

Table 1. Descriptions and statistics of variables used in the hedonic pricing model.

Variable Description Mean Standard Deviation

Dependent variable

LSPRICE Log selling price in 10,000 RMB (Chinese currency, US $1 = RMB 6.5) 5.73 0.43

Location characteristics

BC_DIS Road distance to the nearest business centre (km) 3.95 3.27
C_DIS Road distance to the geometric centre (km) 11.91 4.74

Housing characteristics

AREA Average usable area in the apartment (m2) 79.74 34.68
YEAR 2018 minus the construction time of building 19.93 13.40
ORI Dummy variable, 1 if it has windows facing north 0.24 0.43
HS Household numbers 1371 1751
PR Plot ratio 2.71 1.61
PF Property fee (RMB/m2 per month) 1.74 1.20
GR Green coverage rate (%) 31.40 7.05

TOWER Dummy variable, 1 if the building type is tower 0.16 0.37
SLAB Dummy variable, 1 if the building type is slab 0.57 0.53

Neighbourhood characteristics

BUS_DIS Road distance to the nearest bus station (km) 0.28 0.23
BUS_5H Number of bus stations within 0.5 km (road distance) 7.48 8.07
BUS_1T Number of bus stations within 1 km (road distance) 28.29 17.43

SUB_DIS Road distance to the nearest subway station entrance (km) 1.49 1.16
SUB_5H Number of subway station entrances within 0.5 km (road distance) 0.35 1.47
SUB_1T Number of subway station entrances within 1 km (road distance) 1.47 2.93

SCH_DIS Road distance to the nearest school (km) 0.29 0.26
SCH_5H Number of schools within 0.5 km (road distance) 2.08 3.24
SCH_1T Number of schools within 1 km (road distance) 8.83 10.03

PARK_DIS Road distance to the nearest park (km) 1.33 0.83
LAKE_DIS Road distance to the nearest lake (km) 5.53 3.60

LAKE_AREA Area of the nearest lake (km2) 0.26 0.19
RIVER_DIS Road distance to the nearest river (km) 1.99 1.39
HGVI_LN Mean horizontal green view index within 400 m in logarithm 3.07 0.20

3.2. Equation of the Horizontal Green View Index

The calculation equation for the GVI is closely related to the configuration and arrangement of
street view images and scene photos. Yang et al. [33] first used scene photos at road intersections to
calculate the GVI value. On the basis of Yang et al.’s [33] study, Li et al. [34] used eighteen Google
street view images and modified the GVI equation. Then, Long and Liu [38] used four Tencent street
view images facing north, east, south, and west to calculate the GVI with an image resolution of
960 × 480. In this article, we simplified Li et al.’s [34] calculation equation and took six horizontal
Tencent street view images with 600 × 600 resolutions and an intersection angle of 60 degrees to
represent the streetscapes (see Figure 2). Our simplified indicator is called the HGVI in this study to
differentiate from those used in other studies. Using Equation (2), we can obtain the HGVI values at
all street view sample sites in Beijing:

HGVI =
Areagreen

Areatotal
× 100% (2)
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3.3. Calculating HGVI Based on SegNet

We adopted SegNet [45], which is a pixel-level semantic segmentation method, to quantify the
green vegetation information from the crawled street view images. At the core of SegNet is a deep
convolutional neural network encoder-decoder architecture [45], which can be used for recognising
and extracting multiple landscape elements, such as green vegetation, sky, cars, pedestrians, fences,
and buildings from RGB (red, green, and blue channels) pictures. In this study, we trained the deep
convolutional neural network (DCNN) based on a GPU-accelerated mode (graphics processing unit)
using the CamVid dataset (a driving photo dataset) [54] and iterated 5 million times so that the
accuracy for the training data reached over 99%. The configuration of the hardware devices used in
the experiment was one NVDIA TITAN Xp graphics card with 12 GB of video memory and 64 GB of
physical memory, and an Intel Xeon E5-2630 CPU (central processing unit). The operation system of
the computer was 64-bit Ubuntu 16.04.2 LTS. Finally, we used the trained DCNN model to patch the
208,746 street view images together and further calculated the HGVI values based on Equation (2).

To verify the accuracy of the segmentation results, we compared the HGVI results of SegNet and
the artificial segmentation results of Photoshop using linear regression. This method uses the artificial
segmentation results from Photoshop as a reference, and if the regression result was significant and the
coefficient was high, the results were accurate. In addition, we also built a regression model between
the results of the HSV colour model and the references for comparison of the regression model with
SegNet and the references. The details of this verification step are shown in Section 3.4.

In this paragraph, we illustrate the HGVI calculation for a residential unit. Taking the YZDL
community as an example, the HGVI of all street view sites with a 400 m radius circle buffer was
averaged, and this mean value was the HGVI value at the residential unit level, representing the
perception of street greenery neighbouring the residential unit (see the left sub-picture in Figure 3).
The buffer radius was defined based on our experiences and analysis. The buffer should cover the
streets neighbouring the residential units as much as possible. Additionally, the normal radius of
residents’ activities should be taken into account. The radius capturing the activities of most American
people is approximately 200 m from the home [55]. However, the basic dwelling unit in China was
the housing unit, and there is a large difference between the residential conditions and traditions in
China as compared to America (see Jiao and Liu [56]). Therefore, we took the approximate square root
value (approximately 400 m) as the radius for HGVI calculation based on the mean acreage (419.5 m2)
of residential units in Beijing. After calculating the HGVI values of all residential units in study area,
there were approximately 36 street view sites neighbouring a residential unit, and the residential units
with three sample sites or less were excluded from our study. Each street view site on the roads in
Beijing was related to a set of Tencent street view pictures, and the configuration and arrangement
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of these images have been shown previously in Figure 2. Four example points (P1 to P4) in the right
sub-picture in Figure 3 show the corresponding street view images.
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3.4. Verifying HGVI

To observe the segmentation effect, we randomly took three groups of street view images from the
dataset, and each group included the original street view image and the SegNet result (see Figure 4).
The polygons labelled in green are the visible greenery segmented by SegNet. The HGVI value for
each street view site was easily calculated.
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To verify the accuracy of the segmentation process, we randomly selected 100 street view images
from the image database and used the HSV colour model [38], SegNet [45], and artificial segmentation
with Photoshop [33] to calculate the proportions of greenery in each image. Two linear regression
models were built; namely, one between the HSV colour model results and the references and another
between the SegNet results and the references. The regression verification indicated that the Pearson’s
coefficient of the first model was 0.89; in contrast, the coefficient of the second model was 0.98, which
was relatively higher (see Figure 5a,b). Moreover, from Figure 5b we can see that the fitting line is
closer to the diagonal line of the graph than the fitting line in Figure 5a. In summary, using SegNet to
calculate the HGVI values with street view images was accurate and feasible.
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4. Results

4.1. Distribution of HGVI in the Study Area

As in the method mentioned above, all the HGVI values at street level in the study area can
be calculated based on the HGVI equation and SegNet. The HGVI values were classified into five
classes by the natural breaks method: very low (0.16, 11.30), low (11.31, 20.51), medium (20.52, 30.66),
high (30.67, 43.06), and very high (43.07, 90.03). The street-level HGVI map in Figure 6a showed that
the street-visible greenery in the northern region of the study area was higher than that in the south.
The map also showed that the street network in central Beijing was denser than that on the periphery,
and HGVI values of the street view sites at low and very low levels dominated in this area. The average
and standard deviation of all of the HGVI data at street level were 21.3 and 13.0, respectively, and the
HGVI data exhibited an approximately log-normal distribution, thus, a logarithm transformation for
the HGVI variable was necessary in the hedonic pricing model.

4.2. OLS Regression Results

We used the “reg” command in Stata 14 to build the ordinary least squares (OLS) regression
model and added the additional term “robust” into the model to make the standard error more robust
and reduce the effect of heteroscedasticity on the regression results; for more details, see Stock and
Watson [57]. The OLS regression results of the two models are shown in Table 2. Model 1 shows
the full-variables hedonic model and Model 2 shows the hedonic model excluding non-significant
variables. The percentage of total variation explained by our model reached about 75.4% (Model 1 and
2’s R2 values were very close). In examining the coefficients of the characteristic variables in the model,
all location characteristics, including BC_DIS and C_DIS, were clearly highly significant in the model.
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Most of the housing characteristics in the model were significant, including AREA, YEAR, PR, PF,
GR, and TOWER. Most of the neighbourhood characteristics, including BUS_5H, BUS_1T, SUB_DIS,
SUB_5H, SUB_1T, SCH_DIS, SCH_1T, LAKE_AREA, and the newly-developed HGVI, were significant
in the model. Comparing the two models in Table 2, the significance of the variables YEAR, BUS_5H,
and SUB_DIS in Model 2 increased. The coefficients of the significant variables demonstrated a very
small change. The marginal prices of the characteristics (except HGVI) in the model were obtained by
multiplying the non-standardized coefficients of those characteristics by the mean housing prices at
the residential unit level (RMB 3,429,300). The percentage change in HGVI was calculated based on
the formula 2b − 1, where b is the non-standardized coefficient of HGVI, since it is in logarithm form.
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Figure 6. Map and histogram of the HGVI values in Beijing. Sub-picture (a) shows the spatial
distribution of HGVI values; and sub-picture (b) shows the histogram of HGVI values.

Table 2. Regression results for the semi-log hedonic pricing models.

Model 1 Model 2

Variables Unstandardized Coefficients Standard Error VIF Unstandardized Coefficients Standard Error VIF

Constant 4.78 *** 0.09 4.78 *** 0.087
BC_DIS −0.033 *** 0.0028 3.65 −0.031 *** 0.0015 1.51
C_DIS −0.017 *** 0.0013 1.96 −0.016 *** 0.001 1.28
AREA 0.01 *** 2.9 × 10−4 1.46 0.01 *** 2.9 × 10−4 1.42
YEAR −0.0012 ** 4.6 × 10−4 1.15 −0.0012 *** 4.5 × 10−4 1.15
ORI −0.01 0.011 1.07
HS 3.02 × 10−6 2.3 × 10−6 1.08
PR −0.0065 * 0.0034 1.14 −0.0065 * 0.0034 1.13
PF 0.022 *** 0.0052 1.36 0.022 *** 0.0052 1.35
GR 9.82 × 10−4 ** 4.8 × 10−4 1.06 0.001 ** 4.7 × 10−4 1.05

TOWER −0.065 *** 0.014 1.38 −0.071 *** 0.012 1.12
SLAB 0.011 0.009 1.38

BUS_DIS 0.0083 0.023 1.38
BUS_5H −0.0017 ** 7 × 10−4 1.97 −0.0018 *** 6.8 × 10−4 1.77
BUS_1T −0.001 *** 3.6 × 10−4 1.90 −0.001 *** 3.5 × 10−4 1.85

SUB_DIS −0.0099 * 0.0057 1.93 −0.011** 0.0054 1.65
SUB_5H −0.0077 *** 0.0029 1.41 −0.0076 *** 0.0029 1.40
SUB_1T 0.01 *** 0.002 1.60 0.01 *** 0.002 1.58

SCH_DIS 0.047 ** 0.019 1.22 0.041 ** 0.019 1.14
SCH_5H 0.0025 0.0017 1.77
SCH_1T 0.0016 *** 5.5 × 10−4 1.80 0.002 *** 4.4 × 10−4 1.22

PARK_DIS 6.74 × 10−4 0.0061 1.34
LAKE_DIS 0.003 0.0029 4.18

LAKE_AREA 0.17 *** 0.025 1.10 0.17 *** 0.025 1.09
RIVER_DIS −0.004 0.0035 1.17
HGVI_LN 0.14 *** 0.026 1.40 0.14 *** 0.026 1.23

F ratio 148.14 201.74
Adjusted R2 0.7544 0.7536

Durbin-Watson 1.66 1.65

*** significant at the 1% level; ** significant at the 5% level; * significant at the 10% level.
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To test for the multicollinearity effect in the model, we used VIF (variance inflation factor) to
check all of the model parameters. All the VIFs of the independent variables were lower than five,
which indicated that those variables did not have serious multicollinearity. The VIFs in Model 2
were smaller than in Model 1 for each variable except YEAR. In addition, the Durbin-Watson test
results of Model 1 and 2 were 1.66 and 1.65, separately; these were both close to two, meaning that the
autocorrelations in the models are weak. On the basis of the models in Table 2, we finally decided to
use Model 2’s coefficients to estimate the marginal values of characteristics for the purpose of obtaining
a fine value estimate.

4.3. The Regression Results for Location Characteristics

For every 1 km decrease in the distance between business centres and the housing unit (BC_DIS),
the housing price increased by 3.1% (RMB 106,308). The C_DIS variable was relatively weaker, and a
similar decrease in distance increased the housing price by 1.6% on average (RMB 54,869).

4.4. The Regression Results for Housing Characteristics

The AREA variable is the dominant factor in the model (t-value = 34.8). When AREA increased
by 1 m2, the housing price increased on average by 1% (RMB 34,293). YEAR has a negative effect on
housing prices, and a one-unit increase can decrease housing prices by 0.12% (RMB 4115) on average.
PR is significant at the 10% level in the model, and a one-unit increase can decrease housing prices by
0.65% (RMB 22,290). When PF increases 1 RMB per m2 per month, the relative housing price increases
by 2.2% (RMB 75,445), on average. GR reflects the greenery coverage inside the residential unit, and a
1-unit increase can improve the housing price by 0.1% (RMB 3429) on average. SLAB and TOWER are
dummy variables (the percentage change in dummy variables is calculated based on the formula eb− 1,
where b is the non-standardized coefficient and e is the natural base of the logarithm). The TOWER
variable is highly significant at the 1% level. Compared to other building types, a one-unit increase in
this variable can decrease the housing price by 7.1% (RMB 243,480) on average. Other variables, such
as SLAB, ORI, and HS, are not statistically significant in the model.

4.5. The Regression Results for Neighbourhood Characteristics

The independent variables BUS_DIS and SCH_5H are not statistically significant in the first model.
However, BUS_5H, BUS_1T, SUB_5H, SUB_1T, and SCH_1T are statistically significant at the 1% level.
SUB_DIS and SCH_DIS are significant at 5% level. Among these variables, a one-unit increase in
BUS_5H and BUS_1T can decrease housing prices by 0.18% (RMB 6173) and 0.1% (RMB 3429) on
average, which indicated that the concentration of bus stops within a 0.5 km or 1 km radius has
a slightly negative effect on housing prices. For SUB_1T and SCH_1T every one-unit increase can
increase housing prices by 1% and 0.2% (RMB 34,293 and 6859), respectively, on average. However, the
estimate of SUB_5H shows it can decrease the housing price by 0.76% (RMB 26,062). The significant
road distance variables SUB_DIS and SCH_DIS have a different status; SUB_DIS can decrease the
housing price by 1.1% (RMB 37,722), while SCH_DIS can increase the value by 4.1% (RMB 140,601),
on average.

In our hedonic model, PARK_DIS, LAKE_DIS, LAKE_AREA, RIVER_DIS, and HGVI are variables
that reflect the characteristics of neighbouring natural or semi-natural landscapes. First, PARK_DIS,
LAKE_DIS, and RIVER_DIS are all not significant in the first model, which implies that the road
distance from housing units to parks, lakes, and rivers in Beijing does not have a significant effect on
housing prices based on our data. Second, LAKE_AREA has significant positive impact on housing
price, and a one-unit increase in this variable can increase housing prices by 17% (RMB 582,981) on
average. This result implies that lake area is a powerful characteristic in our model. Finally, according
to the HGVI_LN in the model, the variable of residential developments has a significant and positive
impact on housing prices at the 1% level, and a one-unit increase can increase the residential estate
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value by 10% (RMB 342,930) on average, which means an improvement in HGVI can significantly
increase the nearby housing prices.

5. Discussion

In this section, we further discuss the characteristic elements, such as location, housing, green
landscape, other landscape, traffic, and educational facilities to analyse their impacts on Beijing’s
housing prices at the residential unit level. Then, we summarize the advantages of methods combining
computer vision with massive street view image datasets. Following this, several recommendations are
presented for domestic decision-making and urban planning. Finally, limitations and future research
directions are presented.

5.1. Impact of Location Characteristics on Housing Prices

Many studies have shown that the distance from housing units to the city centre and sub-centres
can affect housing prices. Our results demonstrated that BC_DIS and C_DIS have negative relationships
with housing values. The result for C_DIS was consistent with that found by Yang [58], Jim and
Chen [22], Shin, et al. [59], and Chen and Hao [60], but was inconsistent with that in the studies by
Mcleod [61], Bae, et al. [62], and Jiao and Liu [56]. In Wuhan city, China, Jiao and Liu [56] found that the
distance to the city centre did not have a significant impact on Wuhan’s housing prices because Wuhan
is a polycentric city. Yang [58] demonstrated that a shorter distance from residential developments
to the city centre has a significant and positive impact on housing prices in Beijing. In contrast,
Xiao et al. [26] indicated that a shorter distance from houses to city sub-centres increases Beijing’s real
estate values. These two studies did not indicate whether the two distances impact Beijing’s housing
prices simultaneously. Multiple urban sub-centres can produce heterogeneous pulling effects that
simultaneously compete with and supply conventional city centres [63]. In our model, BC_DIS and
C_DIS both had significant and negative correlations with Beijing’s housing prices, and the hedonic
models did not have clear multicollinearity or autocorrelation, indicating that Beijing’s housing prices
were affected by BC_DIS and C_DIS simultaneously. This result occurs because the early spatial
development of Beijing (before the 1990s) was focused on expanding around the city centre, but after
the inner built-up area was saturated, the external expansion model evolved toward multi-centre
development with a fast urbanization process. Therefore, the real estate prices were affected by the
complex spatial model around the city centre and business centres (sub-centres). In other words,
present-day Beijing has a monocentric and polycentric compounded spatial pattern.

5.2. Impact of Housing Characteristics on Housing Prices

AREA is a dominant independent variable in our model, which is consistent with the findings of
several studies in Guangzhou [22,49], Shenzhen [12], and Beijing [12] in China, and in some western
cities [21,23]. The coefficient of PF indicated that Beijing’s homebuyers would be willing to pay for
resident units with better community property services. The willingness for homebuyers to maintain
a high-quality living experience translates into a willingness to pay for this experience. YEAR is a
significant and negative characteristic in the model and represents the age of the residential unit.
This finding is consistent with those of studies in Shenzhen [64] and Beijing [26]. For housing unit
building types in Beijing, the data showed that compared to slab and other building types, homebuyers
dislike tower buildings. In addition, the coefficient of PR indicated that people do not like to live in an
intensively residential environment.

5.3. Impact of Green Landscapes on Housing Prices

Previous literature has indicated that tree canopy cover can have positive impacts on neighbouring
housing prices [29–31,65]. However, because street greenery was described in different ways in these
papers, tree cover cannot fully represent what people truly perceived. A study in Hong Kong indicated
that street views could have negative impacts on housing price [24]. However, the study did not
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indicate which specific street view element had negative impacts. Streetscapes are heterogeneous and
complex, and are composed of multiple visual elements. In our study, we used a computer vision
method to analyse massive street view image datasets to measure the greenery visible on Beijing’s
streetscapes. Additionally, we built a hedonic pricing model to establish a quantitative and economic
relationship between street-visible greenery and real estate values.

The coefficient of HGVI in the model shows that the HGVI of residential units has a significant
and positive relationship with housing prices and, thus, a core conclusion can be obtained: Beijing’s
homebuyers would be willing to pay a premium for houses in residential units with higher HGVI
values. This finding indicates that homebuyers in Beijing prefer to see more greenery around residential
developments. GR is a frequently used indicator that measures the green coverage in a residential
unit in China. This indicator has been shown to have a positive impact on housing prices in Wuhan,
China [56], and the coefficient of GR in our model aligns with this result. Therefore, housing prices are
affected not only by green coverage inside the residential units, but also by neighbouring street-visible
greenery. Comparing both the coefficients of HGVI and GR in the model, the marginal price of HGVI
is much larger than that of GR. The visible greenery neighbouring residential units has a positive effect
on housing prices and this impact is strong (10%). Therefore, improvements in street-visible greenery
could cause very large increases to housing prices in Beijing, which would also increase the revenues
for housing developers, investors, and real estate agencies. In recent years, Beijing’s government has
been working on the construction of open blocks. The outer walls of many gated communities have
been changed to perspective fences or have even had fences removed. In these projects, the impacts of
street-visible greenery on the housing prices would be greater. To summarize, Beijing’s government
should encourage vertical greening and ensure the visibility of the street greenery around residential
units. These approaches can satisfy the consumption demands of homebuyers and will improve the
aesthetic values of urban streets.

Our results indicate that homebuyers have actual requirements for street-visible greenery
neighbouring residential units. When house buyers are going to buy a house, they usually investigate
and compare housing information through the Internet, real estate trade magazines, or newspapers.
If they really want to buy the house, they go to the residential units to see the houses and housing
environments because buying a house is an important decision for most Chinese people. In addition,
most of the residential units in Beijing are gated, have security guards, and are surrounded by walls.
Thus, before the buyers go into the residential unit, the first scenes they will see are the streetscapes
and neighbouring street greenery. The quality of the exterior scene and streetscapes may provide a
first impression to homebuyers. However, because of the different preferences of different people, this
impression may be positive or negative. For instance, if the buyers see poor street views with very
little greenery surrounding the residential unit, their intention to buy may decrease. However, if they
see high-quality surrounding streetscapes, their intention to buy may be strengthened. In addition,
residents are commonly active in the areas neighbouring the residential unit and in the unit itself. Old
and retired persons may take walks or walk their dogs near their residential unit to enjoy their lives
in peace and safety because of the close proximity to their homes and the perceived safety of their
environment. Residents may go to supermarkets and restaurants close to their houses, and during
their walk, they can view the street greenery, which is important and easily overlooked. In summary,
most of Beijing’s homebuyers may unconsciously form a willingness to buy a house with abundant
street greenery neighbouring the community.

5.4. Impact of Other Landscapes on Housing Prices

While HGVI and GR represent the green environment of residential units, several other metrics,
such as PARK_DIS, LAKE_DIS, LAKE_AREA, and RIVER_DIS, measure other urban landscape
characteristics. The results show that Beijing’s homebuyers have non-significant preferences for buying
houses close to parks, which is inconsistent with the results of Luttik [66] and Pearson, et al. [67].
This could be caused by the excessive utilisation of parks by many people, resulting in the production
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of a large amount of noise and other environmental stresses that reduce the living quality of the
surrounding residents.

With regards to urban water bodies, based on the coefficients of LAKE_AREA and LAKE_DIS, we
find that Beijing’s buyers favour lakes with larger areas however they have not shown a preference for
the road distance to them. In other words, the road distance to lakes is not a significant characteristic.
This finding occurs because the water bodies in Beijing have been seriously polluted [68,69], which
can decrease the ecological effects and aesthetic values of lakes. The negative correlation between
water bodies and housing prices has been demonstrated in several studies (e.g., Huang and Yin [17],
Luttik [66]). Similarly, the distance to rivers in our model is also not a significant characteristic, which
may also be due to river pollution. Therefore, regulators and the public should take actions to protect
the rivers and lakes in Beijing in order to improve water quality.

5.5. Impact of Traffic and Educational Facilities on Housing Prices

Our results demonstrate that the road distance to the nearest bus stations does not significantly
affect housing prices. The density of bus stations within a 0.5 or 1 km radius of the residential unit has
a negative impact on housing prices. This is because bus stations may cause noise pollution. The road
distance to metro stations has a negative impact on nearby housing prices because metro lines are
very convenient and fast transportation for residents in their daily lives. The number of metro stations
within 0.5 km road distance has a negative impact on housing prices. This is because homebuyers
would not like their living environment to have too many metro stations nearby. However, increasing
the number of metro stations within a 1 km road distance would have a positive impact on surrounding
housing estates. This indicates that the metro stations concentrated within a 1 km road distance can
provide a desirable traffic service to local residents. This finding could be a reference for metro station
planning and arrangement. The density of educational facilities within 1 km could raise housing prices,
which suggests that buyers tend to pay a premium for residential units surrounded by more schools.
Such a configuration could give parents more schools to choose from for their children [70]. However,
our data shows that the road distance to schools has a positive impact on housing prices, which means
homebuyers do not prefer their houses to be very close to schools. This finding occurs because our
school POI data includes many different types of education institutions. Further studies could discuss
whether the types of schools in Beijing have an impact on housing prices.

5.6. The Advantages of Using Street View Images and Computer Vision

Using street view images could enable urban studies to be conducted on a large scale. Street
view pictures have advantages that remote sensing images lack. These pictures can reflect the visual
perceptions of people to some extent, and can enable policy-makers and planners to understand urban
streetscapes and their elements from the perspective of the public [34,71]. Compared to questionnaires,
field investigations [12], and Earth observation studies [72], using street view images and computer
vision techniques has several advantages [39]. First, these approaches reduce human interference,
while questionnaires need to consider gender, educational level, age, and other factors related to both
the respondents and the investigators, all of which can influence the experimental results. Second, this
method has advantages in data coverage and size. Third, this method can significantly reduce labour
and save time because most of the procedures are completed with Python scripts. Fourth, street view
images could be suitable supplements to remote sensing images for the vertical dimension, and have a
high resolution for streetscape studies [37]. Finally, street view images represent low-cost datasets for
researchers compared with high-resolution remote sensing images.

5.7. Policy Guidance and Recommendations

Our empirical results indicate that street-visible greenery neighbouring residential units in Beijing
increased housing prices. Housing developers have obtained benefits from the surrounding street
greenery but have not provided support or assistance for street greening. Therefore, the Beijing
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Municipal Government could levy a “green value tax” specifically on property developers. The urban
landscaping department could establish a standard HGVI range (the agreeable street-visible greenery
range). The specific tax amount could be calculated according to our method if the HGVI value of a
residential unit is within the range. Such a measure could increase the funding for subsequent public
environmental optimization and development. Additionally, such a measure will bring property
developers, managers, and owners to the forefront of public street greening, especially for streets close
to residential units. This research could broaden the horizon of policy-makers, i.e., enabling them to
not merely focus on the tree coverage inside or outside the residential units, but also on how much
greenery residents, pedestrians, and homebuyers can actually see. HGVI could represent a new metric
and quantification method for street greenery planning and could be employed as a characteristic in
property evaluation. During future urban street greenery planning and design, the planner should
pay attention to the visible greenery within the line of sight and give pedestrians and drivers enough
visible greenery to view, which can provide improved landscape aesthetics during their activities and
meet the demands of most home buyers in residential environments.

5.8. Limitations and Future Research

As we were limited by the acquisition of residential unit shapefiles, we neglected the topology of
the polygons of residential units, which could cause some bias. In future studies, a “donut” buffer
could be employed when calculating the HGVI value of residential units. Our study used only
cross-sectional data from the year 2014, so further studies could be conducted to add time dummy
variables to analyse the temporal dynamics of housing prices in a hedonic pricing model. SegNet can
also quantify other visual elements of streetscapes, and those elements could be incorporated into
hedonic pricing models to explore their impacts on housing prices. Spatial econometrics models could
be used in future research to further improve the accuracy of the model.

6. Conclusions

We analysed three categories of major characteristics of housing prices; namely, location, housing,
and neighbourhood characteristics, based on a hedonic pricing model. First, we introduced the HGVI
as an indicator measuring the street-visible greenery neighbouring residential units and explored its
impacts on housing price. From this empirical study, several key conclusions can be drawn. First, the
street-visible greenery neighbouring properties has a positive relationship with property values. This
finding indicated that Beijing’s buyers are willing to pay a premium for houses with higher HGVI
values, a finding that has not been discussed in previous studies. Second, we found that Beijing’s
homebuyers do not like to live close to lakes, but favour lakes with larger areas. This result could
be caused by the heavy pollution of such water bodies. Third, location characteristics, including the
shortest distance to the city centre and business centres, had powerful impacts on housing prices.
This finding indicated that Beijing’s housing prices were driven by the development mode of the city
centre and sub-centres.

We provided a new empirical study for Beijing city that combined street visual perception
and housing transactions. Our results demonstrated that buyers were willing to pay for adequate
street-visible greenery neighbouring residential units. This article offers a tool for quantifying and
analysing the street-visible greenery surrounding gated residential units. Planners and policy-makers
should pay attention to the layout and design of vertical greening (e.g., green roofs and walls) in
residential environments because the economic values of these structures have often been neglected.
This study can help property developers realize and understand the demands of the real estate market
and develop elegant and agreeable residential products. In addition, the HGVI map could serve as a
reference for the allocation of greening resources. In further studies, our method could be applied to
other megacities in China to verify the feasibility of the method and the universality of our conclusions.

Using massive street view picture datasets and computer vision quantification offers some
advantages for urban streetscape studies. Our quantification method and the HGVI indicator, which
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were used to quantify the visual elements of streetscapes, could supplement real estate studies that
use the hedonic pricing method. Most of the calculations were completed by Python scripts, which
improved the efficiency.
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