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Mapping Urban Landscapes Along Streets
Using Google Street View

Xiaojiang Li, Carlo Ratti and Ian Seiferling

Abstract City streets are a focal point of human activity in urban centers. Citizens
interact with the urban environment through its streetscape and it is imperative to,
not only map city streetscapes, but quantify those interactions in terms of human
well-being. Researchers now have access to fully digitized representation of
streetscapes through Google Street View (GSV), which captures the profile view of
streetscapes and, thus, shares equivalent viewing angles with those of the citizen.
These two facets—a wealth of streetscape photographs at city-scale and a shared
perspective with the end user—underscore the potential of these data in street-level
urban landscape mapping. In this study, we introduce two examples that demon-
strate GSV as a high-quality data source for mapping street greenery and openness.
First, the modified green view index, which estimates the visibility of street
greenery, was applied to static GSV images in order to map the spatial distribution
of street greenery. Second, GSV panoramas were used to quantify and map the
openness of street canyons by applying a geometrical transformation and image
classification to the panoramas. The results of these two novel applications of
street-level photographic data illustrate its utility for quantifying and mapping key
urban environmental features at the same viewpoint in which we, as citizens,
experience the urban landscape.
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1 Introduction

The street is the basic unit of the city and a focal point of human activity, acting as
the foundation for transportation and information exchange. Moreover, because
cities are complex systems that integrate the physical with the social spaces
(Salesses et al. 2013), streetscapes play an important role influencing social inter-
actions. Taken together, city streets become one of the most critical urban landscape
features effecting, or reflecting, people’s lifestyles and physical, mental, and social
well-being (Miller and Tolle 2016; Li et al. 2016). It follows that a thorough
quantification and understanding of the physical streetscape (i.e., features and
dynamics) would offer great utility to those investigating the urban environment, its
physical social interactions, and implications on human well-being.

A variety of methods and data sources to model and measure the urban physical
environment exist and are widely exploited in urban studies. For example, high
spatial resolution remote sensing has been used for the study of street greenery,
building height estimation, and other urban feature extractions. However, high
spatial resolution remotely sensed data are not always available. In addition, the
profile view of streetscapes, that people experience and see from the ground, is
different from the overhead view captured in remotely sensed imagery (Yang et al.
2009; Li et al. 2015). Those differences can be overcome with manual inventories
and field surveys, however in situ data collection are laborious and time-consuming
(i.e., low-throughput) and are prone to sampling errors, especially when non-expert
or volunteer-based (Nowak et al. 2014).

Google Street View (GSV) was launched in 2007 and differentiates itself from
traditional mapping software by directly capturing the ground-level visual
appearance. By stitching pictures taken in different angles together, GSV creates
what feels like a seamless tour of city streets and it can give people the feeling of
“being there” (Li et al. 2015). Given GSV’s ground-level sampling of digital
photographs, one can argue that its data is a directly suitable representation of
cityscapes, perhaps more so than remotely sensed images. In addition, the GSV is
produced based on industrial criteria and collected for many cities all over the
world. It would be an important and promising data source for urban landscape
mapping along the streets.

GSV images have been widely studied in the computer vision community. These
studies include commercial entities identification (Zamir et al. 2011), 3D city mod-
eling (Torii et al. 2009; Mičušík and Košecká 2009). Recently, GSV images were
also used for urban studies, such as public open space auditing (Edwards et al. 2013;
Taylor et al. 2011), neighborhood environmental auditing (Charreire et al. 2014;
Rundle et al. 2011; Odgers et al. 2012; Griew et al. 2013), and quantifying public
safety perception (Naik et al. 2014). While these examples highlight the diverse
potential of GSV data, there are few studies using street-level photographs for car-
tographic purposes. Two novel applications of GSV image data are introduced here
that quantify environmental features and map them in the urban physical landscape;
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those being street greenery and openness of the street canyons. In doing so, we show
how to make GSV data an incredibly promising tool for urban environmental studies.

2 Google Street View (GSV) Data Collection

GSV is a free online service featured in Google Maps and Google Earth that
provides panoramic views from positions along city streets throughout much of the
world (Fig. 1). Google provides several types of application programming inter-
faces (APIs) for accessing the GSV data as static images and 360° panoramas.

2.1 Collecting Static GSV Images

Through the Google Static Image API, users can request a given static GSV image
with a HTTP URL by specifying the location coordinates (Google 2014). In
addition, the static GSV images in different horizontal directions and vertical angles
can be requested by specifying the parameters of heading and pitch, respectively.
Figure 2 shows one requested static GSV image and the corresponding URL.

2.2 Collecting GSV Panoramas

In addition to static images, GSV panoramas can also be downloaded from the
Google Server through the API. Figure 3 shows 26 × 13 tiles of a GSV panorama
together with corresponding URLs. In these URLs, the panoid represents the

Fig. 1 A snapshot of Google Street View
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Fig. 2 A GSV image and the corresponding Uniform Resource Locator (URL)

Pano ID: 8wRCFFwU8AQ-8MF0_TagWQ

URL: http://cbk0.google.com/
cbk?output=tile&panoid=8wRCFFwU8A
Q-8MF0_TagWQ&zoom=5&x=19&y=3

URL: http://cbk0.google.com/
cbk?output=tile&panoid=8wRCFFwU8A
Q-8MF0_TagWQ&zoom=5&x=5&y=3

Fig. 3 The tiles of a GSV panorama and their corresponding URLs
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unique panorama ID, x and y represent the column and row number of the tile,
respectively. A complete panorama includes 26 × 13 tiles, therefore, the x ranges
from 0 to 25 and y ranges from 0 to 12.

In the new version of Google Street View Image API (2016), the GSV image
metadata can be accessed. The following is an example of accessing the metadata of
a GSV panorama.

URL: https://maps.googleapis.com/maps/api/streetview/metadata?size=400x
400&location=42.354489,-71.059150&fov=90&heading=235&pitch=10&key=
YOUR_API_KEY

Metadata of the a GSV panorama

{

”copyright” : ”© 2017 Google”,

”date” : ”2016-10”,

”location” : {

”lat” : 42.3545003,

”lng” : -71.0591524

},

”pano_id” : 8a9h88JXDZ8k6FC2mPbDkA”,

”status” : ”OK”

}

The returned metadata includes the acquisition date, coordinate of the panorama,
and the panorama ID. There is a discrepancy between the input coordinate in the
URL and the returned coordinate in the returned metadata. This is because the GSV
image API will return a nearby panorama and the coordinate of the panorama if
there is no panorama at the place the user specified.

In this study, GSV panoramas were collected in two steps. The first step is to get
the metadata of GSV panoramas using coordinates as inputs. The second step is to
download GSV panorama tiles from Google servers and mosaic the tiles to com-
plete GSV panoramas.

3 Urban Landscape Quantification and Mapping

This section introduces two applications using GSV to map the distribution of street
greenery and the openness of street canyons.

3.1 Mapping the Visibility of Street Greenery

As an important component of urban greenery, street greenery has long played a
critical role in the urban landscapes. Other than the instrumental functions such as
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urban heat island mitigation, storm-water reduction, airborne pollutant absorption,
the street greenery also provides sensory functions to people. The existence of street
greenery increases people’s rating of streetscapes (Camacho-Cervantes et al. 2014;
Balram and Dragićević 2005). Street greenery makes streets more walkable and
beautiful (Li et al. 2015; Bain et al. 2012). In addition, the street greenery can also
mitigate the visual intrusion of traffic, which would contribute to the walkability of
streets. Assessment of the sensory functions of street greenery must be guaranteed
for urban landscape management.

In situ manual inventories and remote sensing have been widely used to assess
and map street greenery. The in situ survey is very time- and cost-consuming
although it can measure detailed information about street greenery. Because of its
virtues such as repeatability, synoptic view, and larger area coverage, remote
sensing has become an important data source for assessment of urban greenery.
With the emergence of new sensors such as LiDAR, that are now available at high,
but sometimes feasible costs, it is possible to measure the canopy cover, canopy
height, and even the volume of street greenery using high spatial resolution
remotely sensed data with an acceptable margin of error. However, what people on
the ground see or feel, which is influenced by the profile view of street greenery,
would be very different compared with the overhead remotely sensed data (Li et al.
2015; Yang et al. 2009). Google Street View (GSV), providing street-level and
profile views of urban landscapes, is a very promising data source for assessing the
sensory function of street greenery. Considering the direct connection between the
visibility of street greenery and human perceived greenery (Li et al. 2015), in this
study, we mapped the visibility of street greenery in residential neighborhoods of
Boston, Massachusetts, USA using street-level images.

In order to represent the street greenery in the residential area, three thousand
sample sites were generated along the residential streets of the study area. In this
study, we applied the modified green view index proposed by Li et al. (2015) to
represent the distribution of street greenery.

The modified green view index is the average percentage of green vegetation in
GSV images for 6 horizontal directions and 3 vertical directions at each sample site
(Li et al. 2015) (Fig. 4). It was calculated using Formula (1),

Green View=
∑
6

i=1
∑
3

j=1
Areag ij

∑
6

i=1
∑
3

j=1
Areat ij

× 100% ð1Þ

where, Areag_ij is the number of green pixels in a GSV image, for each camera
direction and vertical angle for each sample site, and Areat_ij is the total number of
pixels in each of the 18 GSV images.

The method has been shown to correlate well with the percent vegetation cover
in GSV images as manually delineated by a human eye (Li et al. 2015). As should
be expected, those sites with large street tree canopies and more street greenery tend

346 X. Li et al.



to have larger modified green view index values than those with few trees or green
cover (Fig. 5).

Figure 6 shows the spatial distribution of the modified green view index at the
site level and the census tract level in Boston, Massachusetts. It is clear that the
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Fig. 4 GSV images of six horizontal directions at a sample site in the study area (a), and GSV
images of three vertical view angles at a sample site (b)

Fig. 5 The modified green view index values in different sites of Boston

Mapping Urban Landscapes Along Streets … 347



southwestern part of Boston has denser and more expansive street greenery than the
northeastern part. The downtown areas of the city are characterized by low amounts
of street greenery relative to the suburban areas.

3.2 Mapping the Openness of Street Canyons

The sky view factor (SVF) is a geometric quantification of the openness or the
degree of sky visibility within street canyons (Oke 1981; Chapman and Thornes
2004; Ratti et al. 2002) and has a wide array of applications as an indicator of urban
form, structure, and proxy of localized environmental conditions. The SVF has
been applied in studies of forestry, urban climate, urbanization, air pollution, and
urban heat island effects (Holmer et al. 2001; Grimmond et al. 2001; Debbage 2013;
Hämmerle et al. 2011; Carrasco-Hernandez et al. 2015; Unger 2008; Eeftens et al.
2013; Chen et al. 2012; Svensson 2004; Lin et al. 2012).

The photographic method is one of the most widely used methods to estimate the
SVF. However, taking fisheye images is usually required in fieldworks and the
image classification is usually conducted manually. Both of these limit the photo-
graphic method to very small-scale SVF estimations. The digital surface model
(DSM) simulation method is another way to estimate the SVF. In the simulation
method, SVF values can be estimated based on the simulation of the light radiation
in the DSM. However, the DSM is not always available and it is difficult to simulate
the obstruction of tree canopies. In addition, the accuracy of SVF estimation result

0 4 82 km

0 - 5.9
6.0 - 11.9
12.0 - 16.9

>24.0

Green View Index

17.0 - 24.0

Green View Index

0 4 82 km

Null
0 - 7.9
8.0 - 10.9
11.0 - 13.9
14.0 - 17.0
> 17.0

(a) (b)

Fig. 6 The spatial distribution of the modified green view index in Boston, Massachusetts, (a) site
level map, (b) the distribution of the green view index map at the census tract level

348 X. Li et al.



is influenced heavily by the spatial resolution of the DSM. Due to these limitations
and discrepancies between methods, there still exists no widely used or standard
method to compute the SVF at the city or regional scales.

In this study, we propose to use the publicly accessible GSV panoramas to
estimate the SVF at regional scale based on geometrical transform and image
classification. We collected 11,392 GSV panoramas for SVF estimation in Boston,
Massachusetts. First, we created fisheye images by projecting those collected GSV
panoramas from cylindrical projection to azimuthal projection. Figure 7 shows the
geometric model for the transformation of cylindrical projection to azimuthal
projection. The Wc and Hc are the width and height of the cylindrical panorama, so,
the radius of the fisheye image should be, r0 = Wc/2π, and the width and height of
the fisheye image are Wc/π. Therefore, the center pixel of the result fisheye image
(Cx, Cy) is,

Cx =Cy =
Wc

2π
ð2Þ

For pixel (xf, yf) on the result fisheye image, the corresponding pixel on the
cylindrical panorama should be (xc, yc),

Fig. 7 Transform of cylindrical projection (a) to azimuthal projection (fisheye image) (b)
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θ
2π

Wc

yc =
r
r0
Hc

ð3Þ

where, θ and r are,

θ=

3π
2

− arctanðyf −Cy

xf −Cx
Þ, xf <Cx

π
2
− arctanðyf −Cy

xf −Cx
Þ, xf >Cx

8
>><

>>:
ð4Þ

r=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxf −CxÞ2 + ðyf −CyÞ2

q
ð5Þ

Based on the geometric model between the fisheye image and the cylindrical
projection GSV panorama, we further applied affine transform to generate simulated
fisheye images based on the cylindrical GSV panoramas. Figure 8 shows a gen-
erated fisheye image (Fig. 8a) based on a GSV panorama (Fig. 8b).

The sky extraction is a requisite step for SVF calculation in the photographic
method. In this study, an unsupervised object-based image classification method
was used to extract the sky pixels from the simulated fisheye images automatically.
The meanshift algorithm was first used to segment the fisheye images (Comaniciu
and Meer 2002). The image segmentation algorithm clusters nearby pixels that have
similar spectral information into objects that would enhance the difference between
the sky pixels and non-sky pixels. Considering the fact that sky pixels are usually
brighter than non-sky pixels, we used the overall brightness of pixels to differentiate
the sky pixels and non-sky pixels. The brightness image was calculated as,

Brightness= red+ green+ blueð Þ ̸3 ð6Þ

where, red, green, and blue are the pixel values in red, green, and blue bands,
respectively. Those pixels have higher Brightness values are sky pixels. We further
used Otsu’s method (Otsu 1975) to find the optimum threshold to separate the sky
pixels from the non-sky pixels based on the calculated Brightness images. The
Otsu’s method chooses a global threshold automatically by minimizing the
within-class variance and maximizing the between-class variance. Those pixels
have their Brightness values higher than the threshold are sky pixels. All other
pixels other than sky were treated as obstruction pixels. Figure 8c shows the
classified sky pixels in a fisheye image.

Based on the sky classification results, we applied the classical photographic
method to calculate the SVF. The SVF is calculated as formula (7) (Johnson and
Watson, 1984),
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SVFP =
1
2π

sinð π
2n

Þ ∑
n

i=1
sinðπð2i− 1Þ

2n
Þαi ð7Þ

where, i is the ring index, n is the number of rings (here is set to 37), and αi is the
angular width in ith ring.

By applying the above process to all retrieved GSV panoramas along the city
streets, we mapped the distribution of estimated SVF values in Boston at both the
point level and the census tract level (Fig. 9). It can be seen clearly that the
downtown area and the southwestern part of the study area have much lower SVF
values compared with other parts of the city. The SVF value is determined by the
obstructions of building block and tree canopies. In the downtown area, the
obstructions of high-rise buildings lead to low SVF values or relatively closed street

Fig. 8 GSV panorama for the SVF estimation, (a) a GSV panorama, (b) a generated fisheye
image based on geometrical transform, (c) sky pixels classification result
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canyons. The southwestern part has much street greenery (Fig. 6), which further
help contribute to the low SVF values. The street canyons in the north and southeast
have higher SVF values than other regions.

4 Discussion and Conclusions

This study introduced two novel applications of publicly accessible Google Street
View (GSV) images for urban streetscape mapping and characterization. Given that
the street is one of the basic networks that forms cities, and one which represents a
confluence of people, information and interactions, these streetscape mapping tools
can contribute substantially to our understanding of the interplays between urban
citizens and the built urban environment; a foundational objective al urban design
and planning.

Street greenery is a critical part of the urban landscape and one that performs
critical ecosystem functions and contributes directly to the health and well-being of
urban citizens. There have been several metrics to measure and map urban
greenness, however, few of them reflect the sensory benefits of urban greenery, not
to mention achieving high spatial resolution at city-wide extents. Quantifying
streetscape greenery at a ground-level perspective that is shared with the end-user
(i.e., citizens) very likely captures scene information directly related to human
perception and the social, economic, mental, and physical benefits that have been
shown to relate to natural vegetation cover in cities. To exploit this shared per-
spective and take advantage of these spatially extensive data, we illustrated how one
image-derived metric—the modified green view index—can provide a new
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0.48 - 0.65
0.66 - 0.81

0 4 82 km

Sky View Factor
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0.35 - 0.52
0.53 - 0.65
0.66 - 0.74
0.75 - 0.84

Fig. 9 The spatial distribution of the SVF values in Boston, Massachusetts
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perspective to study the distribution of the street greenery. Future urban planning
practices would benefit from the new index to make the cities more livable.

The openness of street canyons is an important geometrical parameter for the
study of urban microclimate, air pollution migration, and human perception of the
environment. Currently, a generalized and widely applied method to compute SVF
in urban landscapes does not exist. Here, we demonstrated an application of GSV
panoramas to, rapidly and fairly simply, estimate the street openness of Boston,
Massachusetts. We have shown how a geometric transformation and simple image
analysis can be used to automate a workflow to describe SVF across cities, wherein
the only input is the publicly accessible GSV data. As such, the GSV-based method
is suitable for large-scale SVF estimation can help researchers, urban planners and
managers better understand the influence of urban form on the urban microclimate,
urban air pollution migration, and human perception of urban environment.

This study has presented two example projects for the streetscape mapping in
terms of the visibility of street greenery and the openness of the street canyons.
The GSV data should be utilized to generate further explorations and cartographies
of the urban environment. Crowdsourcing of image data and machine learning
techniques will make it possible to extract additional geospatial information in cities
and, both, more complex or specified metrics (e.g., proxy measures of environ-
mental conditions like temperature, urban typologies or object mapping). For
example, the Place Pulse project of the MIT Media lab is a seminal project to study
human perception of the environment based on GSV images and crowdsourcing
data collected from volunteer participants.

Although the GSV is a very promising data source for urban studies, there
remain some limitations in its use for cartographic purposes. First, the sampling and
resampling time inconsistency of the GSV images produce some major challenges.
As it stands, GSV image coverage varies both between cities and within cities with
respect to the collection dates; images within a given city may be captured at
different times, in some cases, representing differing seasonal patterns (e.g.,
growing season vs. non-growing season months) or simply different years. Thus, at
present the user must ensure a temporal standardization across their dataset if the
information they are extracting can be influenced by the image capture date (e.g.,
seasonality of vegetation growth). In addition, the street-view is a fake 3D (Boér
et al. 2013) and the GSV images were not collected for the scientific purposes.
Therefore, those GSV images or panoramas would have some geometrical distor-
tions that would potentially influence the accuracy of the mapping results. In future
applications of these data, supplementary, alternative data sources should be used to
validate the accuracy of the results extracted from the GSV imagery. Finally, the
impact of the elevation changes was not considered in our analysis. In future
studies, a local terrain model should be considered for those areas with large
elevation changes.

Considering the fact that Google has now catalogued a majority of the world’s
cities through GSV, this publicly accessible data will play a growing role as a
geospatial data source to map and measure our urban landscapes. The GSV and
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other open image libraries may take on an even more significant role in areas and
municipalities where geospatial data availability is an issue due to financial or
accessibility constraints. In those places, GSV data has the ability to act as an
important surrogate. What’s more, as Google continues to update this service and
library of images, it will become possible, and in fact likely very fruitful, to study
and quantify the temporal changes of streetscapes in future. Recently, Google has
launched a new project to using GSV cars to monitor the air pollutants. This is but
one indication that the GSV collection platform will play an increasingly important
role as sensor system and data source for urban environmental studies.
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