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Abstract: Transport emissions and street dust are important sources of summertime air pollution
in urban centers. Street greening and buildings have an influence on the diffusion of air pollution
from streets. For field measurements, many studies have analyzed the effect of street green space
arrangement on the diffusion of air pollution, but these studies have neglected the patterns at the
landscape scale. Other studies have analyzed the effects of the large scale of green space on air
pollution, but the vertical distribution of street buildings and greening has rarely been considered.
In this study, we analyzed the impact of the vertical distribution of urban street green space on
summertime air pollution in urban centers on the urban scale for the first time by using a deep-learning
method to extract the vertical distribution of street greening and buildings from street view image
data. A total of 687,354 street view images were collected. The green index and building index were
proposed to quantify the street greening and street buildings. The multilevel regression method
was used to analyze the association between the street green index, building index and air pollution
indexes. For the cases in this study, including the central urban areas of Beijing, Shanghai and
Nanjing, our multilevel regressions results suggested that, in the central area of the city, the vertical
distribution of street greening and buildings within a certain range of the monitoring site is association
with the summertime air pollution index of the monitoring site. There was a significant negative
association between the street greening and air pollution indexes (radius = 1–2 km, NO2, p = 0.042;
radius = 3–4 km, AQI, p = 0.034; PM10, p = 0.028). The street length within a certain range of the
monitoring site has a positive association with the air pollution indexes (radius = 1–2 km, AQI,
p = 0.072; PM10, p = 0.062). With the increase of the distance between streets and the monitoring sites,
the association between streets and air pollution indexes decreases. Our findings on the association
between the vertical structure of street greening, street buildings and summertime air pollution in
urban centers can support urban street planning.

Keywords: street view image data; deep learning; street greening; street buildings; vertical
distribution; air pollution

1. Introduction

Air pollutants such as nitrogen dioxide (NO2), fine particulate matter (PM2.5, particle size≤ 2.5µm),
and inhalable particles (PM10, particle size ≤ 10 µm) in the urban central area are greatly affected by
traffic emissions and regional transmission in the summer. Transport emissions and street dust are
important pollution sources in the summer [1]. Street greening and street buildings have an impact on
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urban air pollution [2,3], and urban greening can reduce air pollution [4]. Reasonable use of street
greening can form efficient urban pollutant filters and continuously improve street air quality in
dense urban areas [5]. The increased biodiversity of roadside plants contributes to air filtration and
thus improves the environment along street corridors [6]. The current research methods for street
greening and buildings regarding the diffusion of street pollution include numerical simulation [7–9],
wind tunnel experiments and field measurements [10]. With the development of computer technology,
numerical simulation has become widely used in the research of street pollution diffusion [11,12].
However, most numerical simulation studies [13] lack the support of measured data.

In field measurements, the impact of the vertical distribution of street buildings and street greening
on air quality at city scale is rarely considered. Some studies have analyzed the impact of plant
configuration on the diffusion of air pollution on a particular street at a small scale. For instance,
Brantley [14] found that street trees can moderately improve air pollution in the area near the road and
that the configuration of trees will affect the diffusion of pollutants. Deshmukh [15] used a mobile
inspection vehicle to measure the air quality of a highway in California, USA, and measured the
impact of vegetation barriers on the air quality of nearby roads. However, these studies neglect the
pattern and process at the landscape scale [16] and lack analysis of the relationship between street
green space and air quality at urban scale. For this reason, some studies [17,18] have analyzed the
impact of the horizontal distribution of urban green coverage on air pollution on a city scale based on
traditional urban green space data. However, these city-scale field studies only consider the horizontal
distribution of plants and rarely consider the vertical distribution and structure of street buildings and
street greening.

In recent years, data acquisition and processing technologies have developed rapidly,
and automated processing of large-scale streetscape images has gradually matured. Urban-level
spatial characteristics are described from the street level based on large-scale urban street view images.
The characteristics of plants, buildings, etc., at the street level are extracted. Their relationship with the
economy [19], human behavior [20], disease [21], public safety [22], pedestrian perception [23], etc.,
was studied and further assists the street landscape design.

Deep-learning semantic segmentation models are used to extract information, such as the
proportions of different types of objects from street view images [24–27]. In recent years, the semantic
segmentation model based on deep learning has gradually developed in the direction of improving
real-time performance. However, with the improvement of real-time performance, the accuracy
of segmentation is inevitably reduced to a certain extent. For urban-scale research, accuracy is
more important. Fully Convolutional Networks (FCN) [28], Deep Convolutional Encoder–Decoder
Networks for segmentation (SegNet) [29], Pyramid Scene Phrase Networks (PSPNet) [30] and other
mature segmentation algorithms are used to segment street view images [7,10,31] with high accuracy.
The main processing flow is to first use the existing dataset to train the semantic segmentation model.
After training, the trained segmentation model is used to segment large-scale street view images
and output the segmentation results. The segmentation results are usually images with different
colors representing object categories and proportional information of various categories. Green space,
water body, sky [24–27] and other information are extracted to construct the green view index(GVI) [32],
sky view factor (SVF) [24], building view factor (BVF) [25] and other indexes to quantify the urban
space characteristics. In addition, deep-learning target detection methods are used to extract small
targets, such as traffic signs, text in buildings, etc. [33].

In this study, we analyzed the associations of the vertical distribution of urban street greening and
street buildings with the summertime air pollution in the urban center on the urban scale for the first
time. Street view image data and deep-learning methods are used to extract the vertical distribution
of street greening and buildings. Emerging from previous studies, the positive effects of street green
spaces upon summertime air pollution were hypothesized.
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2. Materials and Methods

In this study, the central area of the city, including the inner area of the Fifth Ring Road in Beijing
(Figure 1b), the main urban area of Nanjing (Figure 1c), and the area within the Shanghai Outer Ring
Road (Figure 1a), was used as the research area. Summertime Baidu street view images within a
radius of 1 to 5 km from the air quality-monitoring site were collected, and the vertical distribution of
street green space and street buildings was extracted using deep-learning methods. Python language
was used to develop the crawler script in this paper. A green index and building index used to
quantify street green space in a certain radius are proposed. The air pollution indexes of different sites,
including air quality index (AQI), NO2, PM2.5, and PM10, are calculated by hourly data from May
to October 2019, which were obtained from 25 air pollution sites. Finally, the multilevel regression
method was used to analyze the associations between the street green index, building index and air
pollution indexes (AQI, NO2, PM2.5, and PM10).

2.1. Air Pollution Data

As early as January 2013, the Ministry of Environmental Protection of China (MEPC) began to
release real-time air pollution monitoring information over 74 major cities to the public [34]. In this
study, the air pollution data used to determine urban air quality comes from 8 air quality-monitoring
sites (Figure 1a) located in the central urban area of the Shanghai Outer Ring Road, 8 sites (Figure 1b)
within the Fifth Ring Road of Beijing, and 9 sites (Figure 1c) in the main urban area of Nanjing.
The location of these quality-monitoring sites is shown in Figure 1a–c. These sites are not distributed
inside the street, but in open-air areas of residential areas and parks.

The hourly data for these 25 sites from May to October 2019 were collected, including AQI, NO2,
PM10 and PM2.5 (http://datacenter.mep.gov.cn/). The brief description of the MEPC’s measurement
systems to measure the air pollutants is shown in Table 1 [35–37]. Different from NO2, PM10 and PM2.5,
AQI is calculated from six atmospheric pollutants in this measurement systems [35]. Table 2 lists the
values of NO2, PM10, PM2.5 and AQI corresponding to different air quality levels [38]. The higher the
values, the worse the air quality. To minimize the impact of meteorological factors on air quality, the air
pollution indexes (AQI, NO2, PM10 and PM2.5) of different sites are the average of each indicator for
each site, which were calculated separately by hourly data. To indicate how much pollution might
vary across the summer season, the standard deviation (SD) for each parameter at each site were
also calculated.

Table 1. The brief description of the measurement systems to measure the air pollution indexes.

Air Pollution Index Unit Measurement Method

NO2 µg/m3 Chemiluminescence method
PM10 µg/m3 Micro oscillating balance method and β-absorption method
PM2.5 µg/m3 Micro oscillating balance method and β-absorption method
AQI non-dimensional Calculated from six atmospheric pollutants [38]

Table 2. The values of NO2, PM10, PM2.5 and AQI corresponding to different air quality levels.

Air Quality Level AQI NO2 (µg/m3) PM10 (µg/m3) PM2.5 (µg/m3)

I 0–50 0–40 0–50 0–35
II 51–100 41–80 51–150 36–75
III 101–150 81–180 151–250 76–115
IV 151–200 181–280 251–350 116–150
V 201–300 281–565 351–420 151–250
VI >300 >565 >420 >250

http://datacenter.mep.gov.cn/
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within the outer ring of Shanghai. (e) For each site, the considered radius was ranged from 1 to 5 km 
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point, the street view images with six azimuth angles (0, 60, 120, 180, 240, and 300) were collected. 
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Figure 1. The study area’s distribution of air quality-monitoring sites and street view image data.
(a) Road network and distribution of air quality-monitoring sites within the outer ring road of Shanghai.
(b) Road and distribution of sites within the Fifth Ring Road in Beijing. (c) Road and distribution of
sites within the main urban area of Nanjing. (d) Distribution of sampling points along the street within
the outer ring of Shanghai. (e) For each site, the considered radius was ranged from 1 to 5 km with a
1-km interval. (f) Spatial distribution of sampling points around a site. (g) At each sampling point,
the street view images with six azimuth angles (0, 60, 120, 180, 240, and 300) were collected. The vertical
angle is 0 degrees, and the resolution is 600 × 600 pixels.
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2.2. Street View Image Data

In this study, street view images were extracted from Baidu Map (https://map.baidu.com) in 2019,
which is similar to Google Maps. From the street data of OpenStreetMap [39], we extracted road vector
lines within the Fifth Ring Road of Beijing, the outer ring road of Shanghai, and the main urban area
of Nanjing. Referring to relevant research [21,40] and considering efficiency and details, we set the
sampling points at intervals of 100 m on the road vector line and compiled a script to crawl the street
view images within a 50 m radius from the sampling point from Baidu map. Figure 1d shows the
distribution of sampling points within the outer ring of Shanghai. As shown in Figure 1g, we obtained
street view images in six directions at each sampling point, including azimuth angles of 0, 60, 120, 180,
240, and 300. The size of these images is 600 × 600 pixels, and the vertical angle is 0◦. The meaning of
selecting a vertical angle of 0◦ is to use the simplest standard to unify all images, avoiding a difference
in standards when extracting information from different streets due to the different elevation angles of
images, which makes images from different streets lose comparability. If we use a unified elevation
angle for all images, as in the case of 0◦, there will always be some street view images that cannot show
the full extent (top or bottom) of the trees or buildings, we need to select different elevation angles for
some streets to make the images always show the full extent of the trees or buildings appropriately,
which will lead to different rules of the images obtained, and affect the comparability of the indexes
obtained between different streets.

A total of 687,354 images were collected, of which 174,252 were in the fifth ring road of Beijing,
281,070 were in the main urban area of Nanjing, and 232,032 were in the central urban area of the
outer ring of Shanghai. To analyze the effects of street greening and buildings in different ranges
on urban summertime air quality, we extracted street view image data for different radii from air
quality-monitoring sites in the study area, including 0–1, 1–2, 2–3, 3–4 and 4–5 km (Figure 1e).
Figure 1f shows the detailed spatial distribution of sampling points within a certain radius of an air
quality-monitoring site in Shanghai.

2.3. Street View Image Segmentation

A pyramid scene phrase network (PSPNet) [30] was used to segment street view images in this
study. Most advanced semantic segmentation methods are based on a fully connected network (FCN).
However, the convolutional neural network (CNN)’s empirical acceptance domain is much smaller
than the theoretical acceptance domain, especially at the high level [41], and the FCN-based model
lacks appropriate strategies to fully merge important global scene priors, resulting in the occurrence of
most segmentation errors [30]. To solve this problem, PSPNet introduces a pyramid pooling module,
which realizes context aggregation based on different regions, improves the ability to use global context
information, and makes the final prediction more reliable.

Figure 2a shows the structure of the PSPNet. First, an image is input into a pre-training deep
residual network [42] (ResNet) to extract the feature map of the image. Then, the feature map is input
into the pyramid pooling module, and the output of different levels is obtained by using four levels
of pyramids. The output of different-sized feature maps is sampled up, and the same-sized feature
map is obtained by bilinear interpolation. Then, the features of different levels are aggregated into
the pyramid global prior. This module is a hierarchical global prior, which reduces the loss of context
information between different sub-regions by fusing the features of four different pyramid scales.
Then, in the last part of the pyramid pooling module, the global prior of the pyramid is concatenated
to the original feature map. Finally, the final prediction result of the input is generated through the
convolution layer.

https://map.baidu.com
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The flow to segment street view images is shown in Figure 2b. The collected street view image
data are input into the trained PSPNet network, and the number of greening and building pixels in
each street view image is output. The PSPNet model trained on the cityscape dataset [43] was used.
Cityscape contains 5000 high-quality, pixel-level, fine-annotation street view images from 50 cities.
In the annotation data, plant and buildings are marked pixel by pixel. The trained model can accurately
identify the greening and building in the street view image. The pixel-wise accuracy for buildings is
93.2%, and that for plants is 93.4% [30].

2.4. Quantity of Street Greening and Street Buildings

The green view index (GVI) has been widely used in various urban green spaces [32], and many
scholars have used GVI to quantify the greening in streetscapes and conduct many research
studies [19,27,32,44–46]. There are some differences in the calculation formulas of GVI in different
studies, with the main reason being the difference in data, including the difference in the number of
street view images selected at each sampling point [19,27] and the difference in vertical angles [32,45].

In Sections 2.2 and 2.3, images in six directions at each sampling point were obtained, and the
numbers of pixels for greening and buildings were calculated. The azimuths of these images are 0◦,
60◦, 120◦, 180◦, 240◦, and 300◦, and the vertical angle is 0◦. The field of view of the images is 60 degrees,
so the six images from one sampling point cover the surrounding 360◦ scene and there is no overlap
between the images. Therefore, when quantifying street greening based on street view data, the GVI
formula used at each sampling point is as follows:

GVI_sample =

6∑
i=1

pixelsg_i

6∑
i=1

pixelst_i

(1)
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In Formula (1), pixelsg_i represents the number of pixels of greening extracted from each image,
and pixelst_i represents the total number of pixels per image. Based on Formula (1), Formula (2) was
proposed to quantify street greening within a certain radius of air quality-monitoring sites, where n
represents the number of sampling points within the range and GVI_sample j is the GVI value calculated
at each sampling point.

GVI_site =

n∑
j=1

GVI_sample j

n
(2)

To quantify the street buildings, we proposed a quantitative indicator BVI (building view index),
which is similar to the quantitative index GVI of street greening. The formulation includes Formula (3)
to quantify street buildings at each sample point and Formula (4) to quantify street buildings within a
certain radius of air quality-monitoring sites. pixelsb_i represents the number of pixels of the buildings
extracted from each image, and BVI_sample j represents the BVI value calculated at each sampling point.

BVI_sample =

6∑
i=1

pixelsb_i

6∑
i=1

pixelst_i

(3)

BVI_site =

n∑
j=1

BVI_sample j

n
(4)

2.5. Covariates

The length of the streets within the different radii of the monitoring site was taken into consideration
because it was considered to be related to summertime air pollution in the urban center area. The street
length may reflect transport emissions and the amount of street dust within this area. The number of
sampling points is used to quantify the total street length because we set a sampling point every 100 m
along the street when collecting street view image data.

3. Statistical Analysis

We fitted multi-level regression models to explore the associations of street greening and street
buildings with urban summertime air pollution, taking the air pollution indexes (NO2, PM2.5, PM10,
AQI) of each site as the outcome and controlling the street length variables.

To analyze the associations of the vertical distribution of street greening and street buildings with
the air pollution indexes, four types of models (Models a1–a3, c1) were fitted. The first type of model
(Models a1) is the baseline model and only contains street length variables within different radii of
the air pollution-monitoring site. To test whether street greening and street building variables can
improve the goodness-of-fit, the street greening variables (Models a3) and street buildings (Models a2)
variables within different radii of the air pollution-monitoring site are added, respectively. The fourth
type of model (Models c1) includes the variables of both street greening and street buildings.

To analyze the influence of streets within different radii of the air pollution-monitoring site on
the air pollution indexes, five models (Models b1–b4, c1) were fitted. The baseline model (Model b1)
includes street length variables, street greening variables, and street building variables within the
range of 0–1 km of the air pollution-monitoring site. To test whether expanding the radius of the
air pollution-monitoring site can improve the goodness-of-fit, the other four types of models added
street-related variables within radii of 0–2, 0–3, 0–4, and 0–5 km of the air pollution-monitoring site
(Models b2, 0–1 and 0–2 km; Models b3, 0–1, 1–2 and 2–3 km; Models b4, 0–1, 1–2, 2–3 and 3–4 km).
Models c1 includes the variables of street length, street greening and street buildings within radii of
0–1, 1–2, 2–3, 3–4, and 4–5 km of the air pollution-monitoring site.
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The Akaike information criterion (AIC) [46] and Bayesian information criterion (BIC) [47] were
used to evaluate the performance of the model. Based on information theory [48], AIC and BIC
are tow model selection criterions. The AIC and BIC scores are calculated as Formulas (5) and (6),
where θ represents the model parameters, L(̂θ) is the likelihood of the candidate model given the data
when evaluated at the maximum likelihood estimate of θ [49], k represents the number of the model
parameters, n represents the number of samples.

AIC = −2 log L(̂θ) + 2k (5)

BIC = −2 log L(̂θ) + k log n (6)

The AIC or BIC scores in isolation is meaningless [48], the “isolation” here means focus only on
scores in a single model. By calculating the AIC and BIC scores of all candidate models, the “best” model
is the candidate model with the lowest AIC or BIC scores among all candidate models. The smaller
the AIC and BIC scores, the better the goodness-of-fit and performance. In addition, we reported the
p-values and 95% confidence intervals for all models. p-values < 0.05 were considered statistically
significant. Spss22.0 was used for statistics.

4. Results

4.1. Air Pollution and Street View Metrics

The average air pollutions, including AQI, NO2, PM10, and PM2.5 at 25 sites from May to October
2019, were calculated, and the standard deviation (SD) was calculated for each parameter at each
site (Figure 3). The Intersect Analysis method in ArcGIS 10.5 was used to calculate the number
of sampling points (Total = 430,584) within different radius of each site as a street length variable.
Detailed information on the air quality index and street length can be found in Tables S1 and S2 of the
Supplementary Materials.
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The greening and building areas in the street view images were accurately extracted by the
trained PSPNet model. Figure 4 shows the segmentation results of some images. The yellow area is
the greening area, and red is the buildings area. It can be found that there is sometimes a vertical
building behind the vertical greenery in street view images. Previous studies have shown that the
vertical structure closest to the street has an important influence on pollutant diffusion. The field
monitoring results of Xilin North Road and Wencheng road in Shanghai [49] show that the pollutant
diffusion in the street is obviously affected by the vertical structure close to the street (such as the
green plants). The green plants between the street and the street buildings significantly reduce the
diffusion of pollutants from the green plants near the street to the buildings. Therefore, when we
extract the vertical structure from the street view image, we extract the vertical structure closest to
the street, and ignore the vertical buildings covered by vertical greenery. Figure 5 plots the spatial
distribution of GVI_sample and BVI_sample in the study area. It can be found that there are differences
in the spatial distribution. GVI_sample (Mean = 0.2103, SD = 0.1314) and BVI_sample (Mean = 0.1955,
SD = 0.1436) of sampling points in different radius ranges of each air quality-monitoring site were
calculated. The street greening index GVI_site (Mean = 0.2165, SD = 0.0412) and street building index
BVI_site (Mean = 0.1854, SD = 0.0658) within different radii at each site were calculated. The descriptive
statistical results of different radii of all air pollution-monitoring sites in all cities are shown in Table 3,
which reflects the overall situation of BVI_site and GVI_site in the studied area and the difference of
BVI_site and GVI_site among different sites. For detailed results of GVI_site and BVI_site, see Table S3
of the Supplementary Materials.
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Table 3. Descriptive statistics of BVI_site and GVI_site.

Index Buffer_Distance (km) Mean (SD) Min Max

BVI_site 0–1 0.1813 (0.0767) 0.0581 0.3117
1–2 0.1882 (0.0688) 0.0658 0.3120
2–3 0.1898 (0.0570) 0.0777 0.2780
3–4 0.1840 (0.0691) 0.0542 0.2558
4–5 0.1816 (0.0643) 0.0524 0.2676

GVI_site 0–1 0.2231 (0.0552) 0.1269 0.3130
1–2 0.2149 (0.0385) 0.1464 0.3330
2–3 0.2061 (0.0287) 0.1494 0.2548
3–4 0.2117 (0.0256) 0.1508 0.2564
4–5 0.2045 (0.0235) 0.1548 0.2545

4.2. Multilevel Regression Model

From the models considering all variables (Model c1), we observed the associations of street
greening and street buildings with the air pollution indexes within different radii of the air
quality-monitoring site. Within the radius of 1 km, there is a positive association (p = 0.077) between
street buildings and NO2. Within the radius of 1–2 km, street greening (p = 0.042) has a significant
negative association with NO2, and street length has a positive association with AQI (p = 0.072) and
PM10 (p = 0.062). Within the 3–4-km radius of the air quality-monitoring site, there is a negative
association between street greening and PM2.5 (p = 0.065), and there is a significant negative association
between street greening and AQI (p = 0.034), PM10 (p = 0.028). However, within the radius of 4–5 km,
there is no significant association between street vegetation, street buildings, street length and the air
quality index of air monitoring sites.

Table 4 (Models a1–a3, c1) shows the influence of street buildings and street greening variables
on summertime air pollution for all air pollution indices, including AQI, NO2, PM10, and PM2.5.
Adding street greening variables (Model a3) or street building variables (Model a2) to the street
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length variables (Model a1) leads to a decrease in the AIC scores and BIC scores, which means the
model’s goodness-of-fit and performance are improved. Models c1, which includes street greening,
street building and street length variables, received the lowest AIC and BIC scores, indicating the
highest goodness-of-fit and the best performance.

Table 4. AIC and BIC scores of the models.

Model a1 Model a2 Model a3 Model b1 Model b2 Model b3 Model b4 Model c1

AQI AIC 3933 3758 3664 4379 4332 4039 3607 3348
BIC 3940 3771 3678 4384 4341 4051 3622 3369

PM10
AIC 4125 4052 3958 4690 4614 4370 3935 3647
BIC 4133 4066 3971 4695 4622 4383 3951 3666

PM2.5
AIC 3650 3406 3203 3785 3660 3399 3170 3011
BIC 3657 3419 3217 3790 3668 3411 3186 3031

NO2
AIC 3021 2740 2837 3076 2755 2477 2471 2362
BIC 3028 2753 2850 3081 2764 2489 2487 2382

The results of the models (Table 4, Models b1–b4, Models c1) revealed the influence of street
length, street greening, and street building variables on summertime air pollution within different
radii of the air pollution-monitoring site for the models with different air pollution indexes as the
outcome, including AQI, NO2, PM10, and PM2.5. As the radius of the air pollution-monitoring site
increases (from 0–1 to 0–5 km, Models b1–b4, Models c1), that is, considering the street length variables,
street greening and street building variables within a larger radius of the air pollution-monitoring site
(from 0–1 to 0–5 km), the model’s AIC scores and BIC scores decrease, indicating the increase of the
model’s goodness-of-fit and performance. Among them, Models c1, which includes the variables of
street length, street greening and street buildings with radii of 0–5 km (0–1, 1–2, 2–3, 3–4, and 4–5 km)
of the air pollution-monitoring site, has the lowest AIC and BIC scores, indicating that streets within
0–5 km affect the air pollution indexes of the air quality-monitoring sites.

However, although the model improves (lower AIC and BIC) as more variables and greater
distances from the monitoring sites are included, the best outcome occurs when variables within all
different radii of the site are included (Models c1; 0–1, 1–2, 2–3, 3–4 and 4–5 km); however, are the
influence of the street variables with different radii of the site (0–1, 1–2, 2–3, 3–4, and 4–5 km) on the air
pollution indexes different? For the models with NO2, PM10, and PM2.5 as the outcome, we find that,
with the increase of the distance between the new street variables and the site (Table 5; e.g., Models b2
added variables with a radius of 1–2 km of the site compared with Models b1 and Models c1 added
variables with a radius of 4–5 km compared with Models b4), the R-square change of the different
air pollution indexes mostly becomes smaller. The R-square changes for the 3–4- and 4–5-km radii
are almost the smallest in the models (Table 5, NO2, PM2.5). The smaller the change of R-square is,
the lower the ability of the new variable is to interpret the result. This shows that, although the street
variables within 3–4 or 4–5 km still have influence on the model (Table 4, Models b4, Models c1),
the influence is reduced compared with the street variables within radius of 0–1, 1–2 or 2–3 km (Table 5,
Models b1–c1). When the radius of the air pollution-monitoring site is large (from 0–1 to 4–5 km),
the influence of the street on the air pollution indexes is reduced.

Table 5. ∆R2.

Model b1 Model b2 Model b3 Model b4 Model c1

NO2 0.209 0.322 0.171 0.005 0.049
PM2.5 0.156 0.16 0.237 0.14 0.071
PM10 0.152 0.105 0.245 0.253 0.093
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5. Discussion

This study analyzes the associations of the distribution and vertical structure of urban street
greening and street buildings with summertime air pollution in the urban center area at city scale
for the first time, using street view image data and a deep-learning algorithm. Most of the previous
research studied the association between urban green space and air quality based on small-scale
streets [14,15] or large-scale horizontal distribution of urban green space [17,18].

5.1. The Associations between Streets and Summertime Air Pollution

Our results show that there is a significant association between summertime air pollution and
urban streets. The vertical distributions of urban street greening and street buildings have an influence
on air pollution, and the increase of the vertical distribution of street greening has a significant positive
role in preventing the diffusion of street pollution, while the increase of street length within a certain
radius aggravates air pollution in urban areas.

It has been proved that the vertical structure of green space [14] and buildings [50] for specific
streets at small scale, as well as the large-scale urban block green space distribution [17], has an effect
on air pollution diffusion. However, in view of the effect of the vertical distribution of greening and
buildings on air pollution in a large range of urban streets, there is still a lack of understanding. As the
street view image data reflect the vertical structure of the street greening and buildings, by using
the street view image data, we found that the increase of the vertical distribution of street greening
can effectively reduce the summertime air pollution from the streets. The increase of the vertical
distribution of street greening often means the increase of diversity of plant types, and the difference in
vertical distribution of green space has an influence on the filtering effect [14], such as lower shrubs
and higher trees. This just explains the significant negative association between the street greening
and air quality index in this study.

In view of the influence of street buildings on the diffusion of summertime air pollution,
previous studies [50] have shown that the vertical distribution of buildings in streets will have an
impact on the light, airflow, etc., in the streets, thus affecting the diffusion of pollutants. We found that
the vertical distribution of street buildings within 1 km was positively associated with the NO2 index of
air pollution (p = 0.077), and the model with the street buildings variables added (Model a2) has lower
AIC and BIC scores than the models that only have street length variables (Model a1). The vertical
distribution of street buildings may have an impact on the airflow in the street, thus affecting the
diffusion of air pollution in the street, and finally affecting the urban summertime air pollution in
this area.

The association between the summertime air pollution in the central area of the city and the street
length in the area was found. Research shows that [1,51] a large part of the source of urban summertime
air pollution comes from street dust, automobile exhausts, etc. Our research results support this view.
The increase of street length, to some extent, represents the increase of transport emissions and street
dust. We found that there was a positive association (p < 0.1) between the street length and the air
quality pollution index within the radius of 1–2 km. With the increase of the length of streets in this
area, summertime air pollution becomes worse.

Streets within a certain radius have an impact on the summertime air pollution in the center
of the region, but the impact of streets within different radius ranges on the air pollution indexes
is different. Our results show that, within the range of 4–5 km, there are no significant associations
(p > 0.1) of street greening, street buildings and street length with the summertime air pollution indexes
of air monitoring sites. This indicates that the farther the distance is, the smaller the impact is on the
summertime air pollution. Research [17] shows that the massive green space of the city will have an
impact on the air quality. Therefore, we thought it likely that the air pollution from the streets far away
will be absorbed and blocked by the urban green space between the streets such that the impact on the
index of air pollution-monitoring sites is weakened.
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5.2. Strengths and Limitations

There are numerous strengths of our research. First, we focus on the impact of the vertical
distribution of street green space on air pollution at a large scale, compared with the major studies
focusing on the diffusion of pollution in streets on a small scale [7,11]. Secondly, it is innovative,
efficient and reliable to use street view image data to analyze the effect of street greening and street
buildings on summertime air pollution diffusion, rather than through the field measurement [14] or
simulation [7] of each street. Street view images capture the vertical distribution of street greening
and buildings. Thirdly, a machine-learning method is used to realize the automatic extraction of
information of large-scale street view data, and our deep-learning method enables us to extract greening
and building area more effectively and accurately compared with pixel-wise classification [52] and
traditional methods.

However, there are many limitations in our research. First of all, the street view image data of
Baidu map is taken at a specific time, so the street greening and buildings obtained are the values of a
certain time rather than the average value. However, the indicators of street greening and building are
still reliable because the change of green space and buildings is slow [7]. Secondly, although the air
pollution data adopts the average data from May to October to eliminate the impact of meteorological
factors as much as possible, the meteorological factors may still have some impact on the results,
and the impact on the results is not clear at present. Finally, although we have obtained a large amount
of street view image data, compared with all cities in China, the data volume is still small, so the
applicability of the research results to other cities in China remains to be discussed.

Therefore, we will carry out further study in the future work. As we have mentioned, there are
some shortcomings in this paper. First of all, in the future work, maybe we could consider all major
cities in China to study the applicability of the research results in China. Secondly, the current work
was limited to a few cities in China, and in future work we can use Google data to expand the study
to more countries around the world. It should be interesting to compare the results among different
countries. Finally, maybe we can train a more powerful neural network to extract more detailed
vegetation types, such as grassland, trees, shrubs, etc., and the impact of different vegetation types on
pollution can be analyzed more accurately.

6. Conclusions

This study shows that the vertical distribution of street buildings and street greening is related to
the summertime air pollution in the central area of the city. The increase of the vertical distribution
of street greening can prevent the diffusion of air pollution from the streets, which is in the central
areas of Beijing, Nanjing and Shanghai in China. Compared with the existing field observation or
numerical simulation, we use street view data and deep-learning methods to extract the vertical
structure of greening and building areas. Our multilevel regions show that the vertical distribution of
street greening within a certain radius around the monitoring site is significantly positively associated
with the summertime air quality of the site, and the street length is negatively correlated with the air
quality. With the increase of the distance from the street, the influence of the pollution from the street
on the summertime air quality decreases. The main contribution of this paper is to use street view data
sources and deep learning methods, to study the problem from another perspective. A feasible route
by using street view data and deep learning method was established for further analysis. This paper
has the following contributions:

• A method for measuring the vertical structure of street green space and street buildings in assessing
summertime air pollution over a large scale of urban central areas is proposed.

• Use of deep-learning methods to extract the vertical distribution of street greening and buildings
from street view images.

• The street green index and building index are proposed to quantify the street greening and street
buildings within a certain radius.
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• The association between the vertical structure of street green space and the summertime air
pollution in the central area of the city on the urban scale is analyzed.

Our findings highlight the importance of measurement methods for the vertical structure of
street green space and street buildings in assessing summertime air pollution over large-scale urban
central areas. Combined with street view data and deep learning, it provides an efficient tool for street
environment assessment, which is suitable for urban air pollution research. Our discovery of the
relationship between the vertical structure of street green space and the summertime air pollution in
the central area of the city can provide support for urban street planning. In the street planning of the
urban center area, we should consider the different configurations of street green plants and street
buildings and make a reasonable vertical distribution configuration so as to reduce the air pollution
in the urban center area in the summer. The current work was limited to a few cities in China and,
in future work, we can use Google data to expand the study to more countries around the world.

Supplementary Materials: The following are available online at http://www.mdpi.com/2220-9964/9/9/500/s1,
Table S1: Air Quality Index, Table S2: Street Length, Table S3: GVI_Site and BVI_Site.
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