
Senseable City Lab :.:: Massachusetts Institute of Technology

This paper might be a pre-copy-editing or a post-print 
author-produced .pdf of an article accepted for publication. For 

the definitive publisher-authenticated version, please refer 
directly to publishing house’s archive system

SENSEABLE CITY LAB



Contents lists available at ScienceDirect

Urban Forestry & Urban Greening

journal homepage: www.elsevier.com/locate/ufug

Mapping the spatial distribution of shade provision of street trees in Boston
using Google Street View panoramas
Xiaojiang Li⁎, Carlo Ratti
MIT Senseable City Lab, Department of Urban Studies and Planning, Massachusetts Institute of Technology, Room 9-250, 77 Massachusetts Avenue, Cambridge, MA,
02139, United States

A R T I C L E I N F O

Keywords:
Google Street View (GSV)
Sky view factor
Shade provision
Street trees

A B S T R A C T

Street trees provide shade and increase human thermal comfort during hot summer. In this study, we in-
vestigated the spatial distribution of shade provision of street trees in Boston, Massachusetts. The sky view factor
(SVF), which influences the solar radiation to the ground and affects human thermal comfort, was used to
indicate the contribution of street trees on shade provision. Google Street View (GSV) panoramas were used to
calculate the photographic method based SVF (SVFP), with the consideration of all kinds of obstructions within
street canyons. A building height model was used to calculate the simulation based SVF (SVFs), with con-
sideration of obstruction of building blocks only. Considering the fact that street trees and building blocks are the
two major obstructions of radiation within street canyons, therefore, the difference between the two SVF esti-
mation results can be considered as the shade provision of street trees. The results show that street trees help to
decrease the SVF by 24.61% in Boston, Massachusetts. The shading level varies spatially in the study area.
Generally, the southwestern area has much higher shading level than the north and the east. We further explored
the shading variation among different socioeconomic groups in the study area. Result shows that Hispanics tend
to live in neighborhoods with lower shading level. This study can help to provide a reference for future urban
greening projects for global climate change adaption.

1. Introduction

Thermal comfort in cities has become more and more important,
especially in the context of global warming and rapid urbanization
(Kong et al., 2016; Luber and McGeehin, 2008; Sanusi et al., 2016; Yuan
et al., 2017). Urban thermal comfort would influence human outdoor
activities and the utilization of urban space (Huang et al., 2015; Hwang
et al., 2011). Severe heat has negative impacts on human well-being
and efficiency (Lee et al., 2013). In the United States, extreme heat
events are responsible for about one-fifth of natural hazard deaths
(Borden and Cutter, 2008). With the rise in global warming, many cities
are expected to experience more severe heat waves (IPCC, 2007). The
urban heat island effect would cause additional warming to the urban
areas (Estrada et al., 2017; Mills, 2014). This additional warming
caused by urban heat island effect could bring 2.6 times more economic
costs of climate change to cities (Estrada et al., 2017). In cities, the
street is the basic unit and a focal point of human activity, acting as the
foundation for transportation and information exchange (Li et al.,
2017). City streets become one of the most critical urban landscape
features affecting, or reflecting, people’s lifestyles and physical, mental,

and social well-beings (Miller and Tolle, 2016). Designing more ther-
mally comfortable streets has become more and more important.

As an integral part of urban ecosystems, street trees help to regulate
urban microclimates and mitigate urban heat islands (Chen et al., 2006;
Onishi et al., 2010; Richards and Edwards, 2017; Sanusi et al., 2016). In
hot summers, street tree canopies can block the sunlight from radiating
to the ground directly and provide shade for pedestrians. However, we
should also note that the cooling effects might be counter-balanced at
night, as trees can trap heat and reduce ventilation at night (Coutts
et al., 2016; Salmond et al., 2016). Using urban greening projects is an
effective method to increase human thermal comfort in cities without
changing the existing built environment (Armson et al., 2013; Coutts
et al., 2016; Klemm et al., 2015).

Accurate assessment of the shading service provided by street trees
must be guaranteed for urban greening projects. Remotely sensed tree
canopy cover has been widely used to evaluate the amount of street
trees (Landry and Chakraborty, 2009; MacFaden et al., 2012). How-
ever, two-dimensional cover information cannot fully reflect the
shading service of street trees. This is because the tree canopy cover
does not include the information of density and vertical structure of the
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trees, both of which influence the solar radiation to the ground.
Richards and Edwards (2017) used Google Street View images to esti-
mate the amount of annual diffuse and direct solar radiation that were
shaded by street trees. However, the estimated shaded solar radiation is
caused by the obstruction of the street trees and building blocks com-
bined. In addition, the amount of solar radiation varies in different ci-
ties. In this study, we used the sky view factor (SVF) to measure the
shading effectiveness of street trees alone. As a dimensionless para-
meter of the urban geometry, the SVF represents the ratio between the
radiation received by a planar ground and that from the entire hemi-
spheric input radiation (Watson and Johnson, 1987). The SVF value
ranges from 0 to 1, which indicates totally enclosed and totally open
street canyons, respectively. The SVF has been widely used to represent
the shade provision of street trees (Lin et al., 2012; Lee et al., 2013;
Hwang et al., 2011).

There are many developed methods to calculate the SVF. The pho-
tographic method and the building height model based simulation
method are the two most widely used methods for SVF estimation. The
photographic method is a classical method for estimating SVF (Steyn,
1980). Hemispherical images taken in fieldworks are required to esti-
mate the SVF in the photographic method. Sky areas are first delineated
from the hemispherical image and the binary sky image is further di-
vided into annuli. The SVF is then calculated as the sum of all sky
fractions in all annuli. Since the hemispherical image presents the ob-
struction of building and tree canopies, therefore, precise estimation of
SVF can be attained using the photographic method. However, it is
difficult to separate the obstruction effects of street trees and building
blocks on solar radiation.

The building height model based simulation method estimates the
SVF based on the simulation of light radiation on the ground (Gal et al.,
2009; Ratti and Richens, 2004). A building height model is usually used
to represent the ground surface, and the canopy cover is also included
sometimes. However, the 3D structure of the canopy is difficult to de-
rive and it is difficult to consider the 3D structure in calculating the SVF
in the simulation method. Therefore, the SVF result calculated by the
simulation method usually considers the obstruction of building blocks
alone (Chen et al., 2012; Ratti and Richens, 2004).

In this study, we used two different methods to estimate the SVF
values in Boston, Massachusetts to focus specifically on the shading
effectiveness of street trees. We generated hemispherical images from
GSV panoramas by geometrical transformation to replace the in situ
hemispherical images to calculate the photographic method based SVF
(SVFP). We further calculated the simulation method based SVF (SVFS)
using building height models in the study area. The simulation method
tends to overestimate the SVF values because the obstruction of street
trees is not considered. The photographic method can get the precise
SVF estimation result. Therefore, the SVF difference (SVFS− SVFP)
between these two methods is caused by street trees, which can also be
used to indicate the shade provision of street trees.

2. Study area and data

As the largest city in both Massachusetts and New England, Boston
was chosen as the study area (Fig. 1). According to recent census data
(American Census Survey 2009–2014 data), Boston has a total popu-
lation about 660,000. The study area has varied street canyon types,
which range from skyscrapers in the downtown area and the low-lying
residential area in the periphery areas (Fig. 1(a)).

The datasets used in this study include building footprint maps, land
use maps, LiDAR data, tree canopy data, and the street maps of Boston.
The LiDAR data was downloaded from NOAA Digital Coast (https://
coast.noaa.gov/dataviewer/#/lidar/search/), with the horizontal ac-
curacy of 50 cm and vertical accuracy of 15 cm. We further generated
the digital surface model (Fig. 1(a)) based on the first echo data of the
LiDAR data. The building footprint map and land use map in the study
area were collected from MassGIS (https://www.mass.gov/orgs/

massgis-bureau-of-geographic-information). The original land use map
includes 31 land use types in the study area. In order to facilitate fur-
ther analysis, we aggregated similar land use types in the original land
use map into several major land use types: commercial land, industrial
land, recreational land, and residential land. Table 1 shows the de-
scriptions of four aggregated land use types.

The tree canopy data of Boston (Fig. 1(b)) was from Raciti et al.
(2014), which was delineated from 0.5m resolution digital orthoima-
gery with an overall accuracy of 95%. Based on the street map
(Fig. 1(c)) in the study area, we collected 12,153 GSV panoramas along
streets. Street trees change colors in different seasons, which may fur-
ther influence our analysis. Based on the visual appearance of street
trees in different seasons (Fig. 2(a)), we defined the leaf-on season in
Boston as of June, July, August, and September. However, it is difficult
to define May as leaf-on season or leaf-off season. Fig. 2(a) shows that
trees are green in May 2014 and tend to leafless in May 2016. This is
probably because those GSV panoramas taken in May 2014 were taken
in late May, but those panoramas taken in 2016 were taken in early
May. We further checked all the panoramas taken in May of different
years, and we included the panoramas taken in May 2014 in the fol-
lowing analyses. GSV panoramas that were taken during leaf-off season
or in the tunnels were removed from further analysis. Finally, we used
11,451 GSV panoramas in Boston. By checking the spatial patterns of
green GSV sites distribution (Fig. 2(b)), we found that the panorama
sites are suitable to represent the whole study areas, although there is a
small portion of the study area that has no GSV panorama sites. More
details about the GSV panorama collection are described in the fol-
lowing section.

3. Methodology

3.1. Google Street View (GSV) panorama collection

GSV panoramas can be requested by inputting coordinates through
Google’s Application Programming Interface (API). Fig. 3 shows one
example of requested GSV panorama tiles and the mosaicked GSV pa-
noramas. Each GSV panorama tile can be requested using the corre-
sponding uniform resource locator (URL). In the URL address, the pa-
noid represents the unique panorama ID, x and y represent the column
and row number of the tile in the corresponding panorama, and zoom
represents the zooming scale of the GSV panorama. In this study, the
IDs and date information of the panoramas were requested using the
method from Li et al. (2016) based on the input coordinates. We further
developed a Python script (See code in Appendix A) to download the
left and right tiles and mosaic them to a complete panorama auto-
matically for each site using the panoramas ID as input.

3.2. Photographic method for sky view factor (SVF) estimation

The SVF represents the ratio between the solar radiation received by
a planar ground and that from the entire hemispheric input radiation.
The SVF value ranges from 0 to 1, which indicates totally enclosed and
totally open street canyons, respectively. The photographic method
based on hemispherical images is a widely used method for sky view
factor (SVF) estimation. In the photographic method, the obstruction
effects of building blocks and tree canopies are considered. In this
study, hemispherical images were generated from GSV panoramas
based on the geometrical model (Fig. 4) between the cylindrical pro-
jection and azimuthal projection (Li et al., 2017). Any pixel (xc, yc) in
GSV panoramas can be projected to the corresponding pixel (xf, yf) in
the hemispherical images based on the geometrical model (Fig. 4).

The automatic image classification is a requisite step for the auto-
matic SVF calculation in the photographic method based on GSV pa-
noramas. Considering the fact that both the building blocks and tree
canopies act as obstructions of the sky, we classified the hemispherical
images into three classes: sky pixels, vegetation pixels, and building
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pixels. In this study, we first used the mean-shift segmentation algo-
rithm to aggregate nearby pixels that have similar spectral information
together in the hemispherical images (Comaniciu and Meer, 2002; Li
et al., 2015a,b). Fig. 4(c) shows a segmented image based on mean-shift
algorithm. Compared with the original hemispherical image (Fig. 4(b)),
the segmented image is composed of homogeneous polygons that are
physically meaningful, which would be more suitable for image

classification.
Different from the sky and building pixels, the tree canopy pixels

show as green in the hemispherical images. Therefore, in this study, we
used the ExG (2× green− blue− red) to enhance the difference be-
tween the vegetation pixels and non-vegetation pixels. The sky pixels
are usually brighter than non-sky pixels and have higher reflectance on
the blue channel. Therefore, we used a modified brightness, which gives
more weight to the blue band and less weight to the red band, to extract
the sky pixels. The modified brightness is calculated as,

Brightness=(red+ green+2× blue)/3 (1)

where red, green, and blue are the pixel values in red, green, and blue
bands, respectively. The pixels with higher Brightness values are sky
pixels. We further used Otsu’s method (Otsu, 1975) to find optimum
thresholds to separate the sky pixels from the non-sky pixels based on
the calculated Brightness images, and to extract the vegetation pixels
based on the ExG images. The Otsu’s method can find a global threshold
automatically with minimum within-class variance and maximum be-
tween-class variance. All other pixels other than sky and vegetation
were treated as building pixels.

Fig. 1. The location and maps of the study area, (a) the digital surface model derived from LiDAR, (b) the vegetation canopy cover (green part), (c) the street map of Boston. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 1
The aggregated land use types in Boston and the description of each land use type.

Land use types Descriptions

Commercial land Malls, shopping centers and larger strip commercial areas,
plus neighborhood stores and medical offices (not hospitals).

Industrial land Light and heavy industry, including buildings, equipment
and parking areas; transportation land; mining; transitions.

Recreational land Lands comprising open land, institutional facilities,
wetlands, marina, pasture, public open green spaces, and
cropland.

Residential land High-density residential land, medium density residential,
multifamily residential land.
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In order to refine the sky classification results, we further applied
geometrical rules to the preliminary sky classification results, such as
sky pixels should be above the building pixels, the center of the
hemispherical images should be sky pixel or vegetation pixels. Fig. 4(d)

shows the sky classification result on a hemispherical image based on
the above spectral and geometrical rules.

Based on the sky classification results, we further applied the clas-
sical photographic method to calculate the SVFP. The photographic

Fig. 2. Selecting GSV panoramas in leaf-on season, (a) GSV panoramas in different months, (b) the spatial distribution of GSV panorama sites – the green dots represent the panoramas
taken in leaf-on season and the red dots represent GSV panoramas taken in leaf-off season. (For interpretation of the references to color in this figure legend, the reader is referred to the
web version of this article.)
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method first creates n (here is set to 37) annular rings on sky images.
The SVFP is then calculated as the sum of all sky fractions in all annuli
(Johnson and Watson, 1984),
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where i is the ring index, n is the number of rings, and αi is the angular
width in ith ring.

3.3. Estimation of shade provision of street trees

In the photographic method, the calculated SVFP considers the ob-
struction of both the building blocks and tree canopies. In order to split
the obstruction effect of building blocks and estimate the shade provi-
sion of street tree canopies, we further calculated the SVFS contributed
by the building blocks only using the simulation method based on the
building height model of the study area. The building height model was
created by overlaying the building footprint map on the digital surface
model that was derived from LiDAR data. Based on the building height
model, the simulation based SVFS can be calculated as:

∑= − =SVF β1 1
360
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0
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where βα is the maximum angle of the obstruction building at the
horizontal direction of α, and α ranges from 0 to 359. Considering the
fact that GSV panoramas are not taken at the zero height ground, but at
height of 2.5m, we revised the simulation method by using a modified
βα to make the simulation method and photographic method compar-
able. The modified βα is calculated as:

= −β H
D

arctan 2.5
α

α

α (4)

where Hα is the building height at the horizontal direction of α with the
maximum angle of the obstruction, and α ranges from 0 to 359; Dα is
the distance between the building and panorama site.

The simulation method calculates the SVFS based on the simulation
of light radiation in the building height model with the obstruction
effect of tree canopies not considered. Therefore, the SVFS tends to
overestimate the SVF values compared with the SVFP. Fig. 5 shows the
different open sky areas estimated by the GSV based photographic
method and the building height model based simulation method
(Fig. 5(b)). Therefore, the shading effectiveness of the street trees can
be estimated as the difference between the photographic based SVF
(SVFP) and the simulation method based SVF (SVFS):

SVF difference= SVFS− SVFP (5)

The SVF difference indicates the actual shading effectiveness of the
street trees, which equals to the amount of shade provision of street
trees without the overlap part with the shade provision of building
blocks.

3.4. Analyzing the distribution of shade provision

In order to investigate the connection between the physical en-
vironment of streetscapes and the shade provision of street trees, we
conducted correlation analyses between the shade provision of street
trees (SVF difference) and streetscape built environment variables for
all 11,451 GSV sites. In addition, we analyzed the shade provision of
street trees in different relatively homogeneous land use types,

Fig. 3. A GSV panorama and its two tiles together with their corresponding URLs.
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commercial land, industrial land, recreational land, and residential
land. The SVFS values, SVFP values, and shade provision (SVF differ-
ence) were compared between different land use types using ANOVA
analysis. Three physical environment variables, percentage of tree ca-
nopy cover (PCC), averaged tree canopy height (ACH), and averaged
building height (ABH), were calculated to indicate the surrounding
physical streetscape environment. These three variables were calcu-
lated at a buffer distance of 20m around the GSV sites based on the
building height model and tree canopy map in the study area.

We further conducted correlation analyses between the shade pro-
vision and the socioeconomic variables. Based on previous studies

(Huang et al., 2011; Li et al., 2015b), we chose nine socioeconomic
variables at census tract level to indicate the socioeconomic status of
local residents. These social variables are, per capita income, percen-
tage of people without high school degree, percentage of people with
bachelor or higher degree, percentage of owner-occupied house units,
percentage of non-Hispanic Whites, percentage of Hispanics, percen-
tage of African Americans, percentage of people younger than 18 years
old, and percentage of people older than 65 years old. All these vari-
ables were derived from American Census Survey 2014 5-year data.

Fig. 4. Using GSV panorama for SVFP estimation, (a) a cylindrical GSV panorama, (b) the generated hemispherical image based on the geometrical transform model, (c) the segmented
image based on mean-shift algorithm, (d) the sky pixels classification result for one hemispherical image.
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4. Results

Fig. 6 shows the spatial distributions of the simulation based SVF
(SVFS) and the photographic based SVF (SVFP) in Boston. In the SVFs
map (Fig. 6(a)), it is obvious that the SVFS values in the periphery areas
are much higher than in the downtown area (bound by black box in
Fig. 6). This is because the high-rise buildings in the downtown area
(Fig. 1(a)) would obstruct the sky area and further decrease the SVFS
values significantly. The distribution of SVFP (Fig. 6(b)) has a very
different spatial pattern compared with the distribution of SVFS. The
SVFP was calculated based on the hemispherical images transformed
from GSV panoramas. Therefore, the SVFP represents the SVF values
with consideration to obstruction of building blocks and street tree
canopies. Similar with the SVFS, downtown areas also have low SVFP
because of the high-rise buildings there. Different from the SVFS dis-
tribution, in the SVFP map (Fig. 6(b)), the periphery parts also have
relatively low SVF values. Although the distributions of SVFP and SVFS
have very different spatial patterns (Fig. 6), both SVFP and SVFS values
are low in downtown areas.

The difference of SVFP and SVFS (Fig. 6(c)) indicates the contribu-
tion of street trees on solar radiation obstruction, which also represents
the shade provision of street trees. Generally, the southern and the
western parts of the study area have larger SVF difference. Compared
with the tree canopy map (Fig. 6(d)), we can see a similar pattern be-
tween the SVF difference and the tree canopy map. Sites with more tree
canopy cover tend to have larger SVF difference. This can be further
proved by the correlation analysis results between the shade provision

of street trees (SVF difference) and surrounding built environment
variables, percentage of tree canopy cover (PCC), averaged tree canopy
height (ACH), and averaged building height (ABH). Table 2 presents the
correlation analysis results between the SVF difference and PCC, ACH,
ABH in 20m buffer zone around 11,451 GSV sites. The PCC and ACH
both have significant positive correlations with the SVF difference va-
lues (PCC: r=0.136; ACH: r=0.650). The ABH has a significant and
negative correlation with the SVF difference (ABH: r=−0.168). The
similar correlations were also found between the shade provision and
three built environment variables in different land use types (Table 2).
This is because more tree canopy cover and larger canopy height tend
to provide more shade, and the shade provision of high-rise buildings
will cover the shade provision of street trees and decrease the shading
effectiveness of street trees.

Different land use types have different amounts of street tree pro-
viding shade. Among the 11,451 GSV panorama sites in the study area,
7224 sites are located on residential land, 1791 sites on recreational
land, 1309 sites on commercial land, and 1127 sites on industrial land.
Fig. 7 presents the box plots of SVFP, SVFS, and SVF difference values for
different land use types in the study area. ANOVA analysis results show
that the SVFP values in industrial land (Mean=0.80, Std= 0.18) are
higher than SVFP values in other land use types significantly (t=23.62,
p < 0.001). Similar with the SVFP, the SVFS values in the industrial
land are larger than other land use types (t=9.23, p < 0.001). The
SVFS difference among different land use types is smaller than the SVFP
difference. The amount of shade provision of street trees varies in dif-
ferent land use types (Fig. 7(c)). Generally, street trees in recreational

Fig. 5. Hemispherical images created by GSV panoramas and building height model. (a) hemispherical images created by GSV panoramas, (b) the overlay of open sky areas estimated
based on the GSV panorama method (white region), and open sky areas estimated by the simulation method using the building height model (region encircled by red line). (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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land (Mean= 0.27, Std=0.24) and residential land (Mean=0.25,
Std= 0.22) provide more shade than commercial land (Mean=0.13,
Std= 0.16) and industrial land (Mean=0.14, Std= 0.16) in Boston.

The point level shade provision map was further aggregated to
census tract level by mean value in order to check the spatial pattern
and compare with socioeconomic variables. Fig. 8 shows the spatial
distribution of the percentage of SVF difference (shade provision of
street trees) caused by street trees in different census tracts of Boston.
Overall, street trees help to decrease SVF by 24.61% (min: 1.49%, max:
47.39%) in the study area. It can be seen clearly that the southern and
southwestern parts of the study areas have more shade provision of
street trees than the northern and eastern parts of the study area.
Table 3 summarizes the correlation analysis results between the shade
provision of street trees and nine socioeconomic variables derived from
census data at census tract level. The correlation results show that per
capita income is not significantly correlated with the amount of shade

Fig. 6. The spatial distributions of SVFS and SVFP in Boston (the black box marks the downtown areas), (a) the spatial distribution of SVFS calculated based on building height model, (b)
the spatial distribution of SVFP calculated based on Google Street View panoramas, (c) the spatial distribution of the SVF difference (SVFS − SVFP), (d) the tree canopy cover in the study
area.

Table 2
The correlation between shade provision (SVF difference) and three built environment
variables in 20m buffer zone of GSV sites, PCC represents percentage of canopy cover,
ACH represent average canopy height, and ABH represents the average building height.

Land uses Pearson’s correlation coefficients

PCC ACH ABH

All land use (N=11,451) 0.136a 0.650a −0.168a

Commercial land (N=1309) 0.276a 0.611a −0.291a

Industrial land (N=1127) −0.001 0.393a −0.142a

Recreational land (N=1791) 0.173a 0.738a −0.274a

Residential land (N=7224) 0.209a 0.618a −0.146a

a Correlation is significant at the 0.01 level (2-tailed).
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provision of street trees in the study area. Those census tracts with a
higher percentage of owner-occupied house units have more shade
provision. People without high school degree tend to live in neigh-
borhoods with less shade. No significant correlation was detected be-
tween the percentage of people with bachelor or higher degree and the
shade provision of street trees. The percentage of Hispanics is corre-
lated with the amount of shade provision of street trees significantly
and negatively. However, both the percentage of non-Hispanic Whites

and the percentage of African Americans are not significantly correlated
with the shade provision of street trees. Different from the non-sig-
nificant correlation between the shade provision and the percentage of
people under 18 years old age, the percentage of people older than 65
years old age is significantly and positively correlated with the amount
of shade provided by street trees.

5. Discussion

The study estimated the shade provision of street trees in Boston
during leaf-on season by combining the Google Street View (GSV) data
and remote sensing data. The dimensionless parameter of street geo-
metry, sky view factor (SVF), was used to quantify the shade provision
of street trees (Hwang et al., 2011; Lin et al., 2012). The combination of
ground-level GSV panoramas and overhead view remote sensing data
makes it possible to quantify the contribution of street trees alone on
solar radiation obstruction within street canyons. Results show that
street trees in Boston provide 24.61% of shade in the whole city, and
the southwestern part of Boston has the most shade provision by street
tree canopies than other regions (Fig. 6(c)). Generally, downtown areas
have lower shade provided by the street trees. This is not difficult to
understand, since it is difficult to plant and maintain street trees in
downtown areas because of the limited space and the large pavement
areas there (Dwyer et al., 1992; Nowak et al., 2004). In addition, the
shade provided by the high-rise buildings would overlap and cover the
shade provided by the street trees in downtown areas. The results of
correlation analysis between the shade provision and the built en-
vironment variables further prove this explanation (Table 2). The cor-
relation results show that the vegetation canopy cover and average
canopy height are two major positive contributors of the shade provi-
sion, and the building height is a negative contributor of the shade
provision of street trees. In periphery residential areas, the street trees
provide much more shade to the local residents, which may further
contribute to thermal comfort and help save energy cost during the

Fig. 7. Box plots of SVF values in four land use types in Boston, (a) the photographic based SVFP, (b) the simulation based SVFS, (c) the shade provision of street trees (SVF difference).

Fig. 8. The shade provision (SVF difference) of street trees in different census tracts of
Boston.
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summer (Donovan and Butry, 2009; Hwang et al., 2011; McPherson and
Simpson, 2003). The shade provision of street tree canopies varies
spatially within streets and among different land use types. Streets in
the recreational land and residential land have more shade provided by
street tree canopies than streets in the commercial and industrial land
(Fig. 7). The abundant vegetation cover and low-rise buildings explains
the relatively high shade provision in the residential and recreational
areas, and the high-rise buildings and the limited vegetation coverage
lead to lower shade provision in commercial and industrial land
(Table 2).

The spatial distribution and quantitative information of shade pro-
vision of street trees would provide an important reference for urban
planners and municipal governments in future urban greening projects
to maximize the ecological services of street trees. Municipal govern-
ments may find critical places for future urban greening projects to
mitigate urban heat islands and increase the thermal comfort of local
residents. Correlation analysis shows that different racial/ethnic groups
are living in neighborhoods with different shading levels in the study
area. Different from non-Hispanics Whites and African Americans, the
Hispanics tend to live in neighborhoods with significantly less shade in
Boston. Future urban greening projects may consider giving some
priorities to neighborhoods with large Hispanic communities. In the
study area, older people tend to live in neighborhoods with higher
shading level. Considering the fact that older people are more vulner-
able to heat stress, the current situation would be beneficial to older
people in Boston. The spatial distribution of the shade provision can be
used as input to quantify the ecosystem services of street trees (Salmond
et al., 2016; Richards and Edwards, 2017), which would help people
realize the importance of street trees and making our living environ-
ment better.

This study also shows that ground level GSV data would be an im-
portant supplemental data source for urban environmental studies.
Different from the overhead view remotely sensed data, ground-level
hemispherical images would capture the upside-down view of urban
features within street canyons. By combining remotely sensed data and
ground level GSV data, it would be possible to study tree canopy
structures below the tree canopies and analyze the influence of tree
canopies on the solar radiation, which would be very difficult using
overhead view remote sensing data alone.

In addition, this study provides a fully automatic workflow for
quantifying the shade provision of street trees without much cost and
computational burden. The datasets required in the proposed method of
this study are easily accessible for most cities. The GSV panoramas are
publicly available, and the building height model can be generated
based on building footprint map and floor information from local
government. All the data collection and image processing procedures
can be done on a personal computer. In this study, for all 11,451 GSV
panoramas in Boston, it took about 48 h to collect all GSV panoramas,
process synthetic hemispherical images, and generate the shade esti-
mation result on a 64-bit desktop computer with 8G RAM and 3.7 GHz
processor. Considering the wide coverage and public accessibility of

GSV data, the proposed method used in this study would be easily
deployed in the other study areas where GSV service is available.

While this study investigated the shade provision of street trees in
Boston, there are still some limitations that need to be solved in the
future studies. Firstly, in this study, the SVF was used to represent the
shade provision of street trees. Although the SVF would influence the
amount of solar radiation reaching the ground, the thermal conditions
in street canyons would also be influenced by wind, humidity, and
other climatic parameters. This study considered only the solar radia-
tion, the wind and air temperature were not assessed. In future studies,
more parameters should be considered to investigate the connection
between street trees and human thermal comfort within street canyons.

In addition, this study is focused on the shade provision of street
trees during leaf-on seasons. However, the shading effectiveness of
street trees would be different in different seasons. Future studies
should also consider the temporal changes of the SVF values. Currently,
we can only access the GSV images of specific time points but cannot
access the historical GSV data based on the current Google Maps API. In
the future, the seasonal change of the shade provision should also be
considered.

6. Conclusions

The proposed method investigated the shade provision of street
trees using GSV at a city scale. Results show that the street trees provide
24.61% shade in Boston. The shade provision distributes unevenly in
Boston, and the southwestern part has more shade provision than the
north and east. Recreational land and residential land have more shade
provided by street tree canopies than commercial land and industrial
land. In addition, the shade distributes unevenly among different so-
cioeconomic groups and the Hispanics tend to live in neighborhoods
with less shade.

The method used in this study could be used to evaluate the shade
provision of street trees in different cities, considering the global
availability of GSV data. The workflow used in this study is automatic,
which further makes the large-scale shade provision study possible.

Appendix A

The Python script can be found in the Github repository: https://
github.com/xiaojianggis/skyview.
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