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Fig. 11. Region-scale comparison of Tanglin in Singapore with Central
Park in New York City.

hypothesis, we further explore these two features at region-scale (T.1.1).
Using ranking functions, we sort administrative districts in Hong Kong
based on these two features. Fig. 10 presents an overview of three
districts with highest values for each feature. The top three districts are
Yau Tsim Mong, Wan Chai, and Kowloon City. They are all business
centers in Hong Kong, and we find these districts are mostly covered
by orange points (building). By contrast, the bottom three districts
contain highest values for greenery. In particular, the greenest district
is Southern Island, which is reserved as country parks. The other two
districts are also well-known natural areas in Hong Kong.

In addition to exploring regions with different functionalities, urban
planners are also interested in comparing regions with similar func-
tionalities. Here, we leverage our knowledge of famous regions in two
different cities, i.e., Tanglin in Singapore (see the region highlighted
as natural in Fig. 8) and Central Park in New York City. Both of
these regions are well-known parks. After selecting these regions, we
find that nearly all streets in the two regions are dominated by green
points, indicating that both regions contain considerable greenery as
intended. However, we find some differences between these two re-
gions by looking deeper into the Street Statistics View (Fig. 11). First,
through the feature histogram bar charts, we find that Central Park
has slightly higher greenery ratios (A1), whereas Tanglin has slightly
higher building ratios (A2). Though these differences are marginal,
they reflect that more buildings are present in Tanglin, partially because
Singapore tries to maximize land usage for building construction. In
addition, by grouping street views based on street units, we glean more
information from the diversity plots. Here, we first obtain the overview
that greenery feature has relatively higher mean values and deviations
than the other five features. We also find some anomalies. For example,
some streets have relatively low mean values but high deviations for
greenery in Central Park (B1), whereas certain streets have high sky
visibility in Tanglin (B2), and some streets have very high building
ratios in both regions (B3).

The results of this study show that human-scale urban forms are
correlated with regional functionalities. Meanwhile, even though two
regions may have the same functionalities, street spaces in regions can
be different between two cities. This may reflect the differences in city
planning and development strategies between cities.

7.3 Street-scale Comparison
Our collaborating domain expert SR is interested in comparing the fine-
grained details of two streets (T.1.2). StreetVizor meets this require-
ment with Street Explorer. Here, we select one street from Brooklyn,
New York City, and one from Kowloon, Hong Kong. Both streets are
representative streets of each district.

Fig. 12 presents the visual comparison of these two streets. The
map views provide an overview that nearly half of the street views
are mostly green (greenery), and the other half are mostly orange
(building) on the street from Brooklyn. By contrast, the street views in
Kowloon are mostly orange (building). We can observe more details
by looking at the street view images. As shown on the top images,
more greenery and sky with low buildings are seen in the left two

Fig. 12. Street Explorer compares the differences in human-scale urban
forms of two streets in Brooklyn, New York City (left) and Kowloon,
Hong Kong (right). The left street views contain more balanced features,
whereas the right street views are dominated by building and road.

images, whereas the right two images are filled with building and
road. The tree map of the leftmost image shows the street view is well
balanced with greenery, road, building, and vehicle features. Notice
that the street view is also highlighted in the bottom Street Statistic
View. More details on the quantitative measurements of street views
can be observed in the bottom Street Statistic View. The themeriver
plots clearly show differences in feature distributions: street views in
Brooklyn are more mixed with balanced greenery, sky, building, road,
and vehicle features, whereas street views in Kowloon are mostly filled
with building and road features. The histogram bars in PCP further
confirm this observation: most street views in Kowloon have less than
10% greenery and sky.

Though it is well known in the field of urban planning that New York
City is well integrated with natural features and that Hong Kong has
more high-rise buildings, SR is excited to see our system can present
these differences so intuitively. “Street Explorer can definitely improve
our work efficiency,” SR commented.

8 EXPERT REVIEW

To evaluate the effectiveness of StreetVizor, we conducted expert inter-
views with two independent domain experts other than our collaborating
senior researcher SR. One of them focuses on designing livable public
space (denoted as EA), and the other is an urban ecologist aiming at
improving greenery in cities (denoted as EB). Hence, the experts are
from different backgrounds: SR and EA in urban planning, while EB
in ecology. In the interviews, we started with explaining the visual
encodings and interface design, and demonstrated to them how our sys-
tem works. Then, we showed them the case studies, and allowed them
to explore the system by themselves for about twenty minutes in the
end. In general, both experts agrees that the way we study human-scale
urban forms with street view images is a promising direction. Their
detailed feedbacks are summarized below.

Methodology and Approach. EA agreed with SR that evidence-based
urban design is becoming a trend in urban planning. He commented,
“StreetVizor is far more than simply a visualization platform. Rather, it
is an excellent combination of machine learning and visualization tech-
niques, together with classical urban design theories in place-making”.
EB also expressed that “street view images as an emerging data source
can reflect urban environments well”, and a visual analytics system can
greatly facilitate the exploration of street views.

Interactive Visual Design. Both experts confirmed that StreetVizor is
nicely designed according to the problem domain. They appreciated
the visual consistency across different views. EA highlighted “it is very
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important to use the same colors in different views”. SR agreed the
workflow of ranking multiple AOIs/streets with Ranking Explorer, and
comparing two AOIs/streets for details through AOI and Street Explorer
is helpful. “It is easier for me to identify interested regions, such as
those in Hong Kong (Fig. 10)”, commented by SR. The AOI Explorer
is nicely designed with intuitive map and statistic views. In particular,
“the statistic view seamlessly integrates three easily understandable
plots”, commented by EB. By referring to the scatterplot matrix in
Fig. 5 & Fig. 9, EA was excited to see the negative correlation between
greenery and building − “there are much space to improve”. EA also
liked the visual comparison of human-scale urban form distributions
over space (Fig. 8), as it reflects the differences of urbanization process
and master plans in different cities.

The experts thought presenting street view images in the Street Ex-
plorer is intuitive, and mouse hover over to show tree map is helpful. In
contrary, it was difficult in the beginning for both experts to understand
the PCP enhanced with street layout information, especially the the-
meriver plot. But after exploration, they agreed it is an excellent idea,
as it clearly reveals the feature distributions along street. “Though not
common, I believe there are many applications and potentials for the
enhanced PCP”, commented by EB.

Applicability. Both domain experts would like to apply our system
to deal with practical problems in their domains. Expertized in urban
planning and design, EA emphasized “the lack of efficient tools for
human-scale management and design obstacles creating high-quality
urban streets.” StreetVizor has a great potential to be employed by
planners and designers to “build more pedestrian-oriented and livable
streets.” EA also commented “StreetVizor is highly applicable for
evaluating case studies in urban planning”. For example, planners can
select several key areas, e.g., CBDs, among different cities and then
compare their spatial features to develop appropriate strategies in urban
renewal. EB would like to apply our system in environment monitoring,
since “the large amount of GSV images can provide rich information of
urban environment”. He suggested to extend our system in exploring a
time-series street view dataset, so that it would allow him to monitor
environment changes.

Limitations and Improvements. The experts pointed out some limi-
tations in our system. In this work, we explore only six features of
human-scale urban forms. Both experts suggested to extract more urban
forms, such as aesthetic amenities and mental well-being, from street
view images. This will advance our system’s analytical capabilities and
extend its applicabilities. For instance, a recent study [21] shows that
certain relationship may exist between street greenery & sky ratio and
the risk of health challenges. Besides, they proposed to improve our
visual designs. EB noticed the feature histogram bars in AOI and Street
Statistic View are designed differently: one in horizontal, and the other
one in vertical style. He felt the vertical histogram bars are confusing,
as they “do not fit our work habits”. EA suggested the Street Statistic
View can be further improved, by “encoding neighboring street layouts
in the plot”, to reflect spatial information better.

9 DISCUSSION

In this work, we combine automatic machine learning and interactive
visual analytics techniques to explore human-scale urban forms. The
combination of methods tackles the challenges of integrating informa-
tion from multiple perspectives and at different scales for analysis. This
approach is attractive for urban planners [25, 26] because it shows the
possibility of transferring traditional subjective and intuitive-oriented
urban design to evidence-based and big-data informed methods.

The analysis of human-scale urban form in this work relies heavily
on a deep learning technique for image classification. Therefore, classi-
fication accuracy poses serious challenges in our approach. We select
SegNet, which achieves a global accuracy of 82.8%, out of the different
classification techniques that we tried. The case studies show that the
classification technique could provide reasonable analytical results on
city- and region-scale human-scale urban form patterns. Nonetheless,
the results remain unsatisfactory in many cases, especially when users
would like to examine fine detailed urban forms at street-scale. We

envision applying a more advanced classification algorithm in the near
future, given the rapid evolution of image classification techniques. In
addition, the classification is preprocessed offline. Our system does
not support the analysis of street views queried on runtime. Thus, its
applicability is limited and domain knowledge of planners are underuti-
lized in exploring street views in other cities. This deficiency can also
be resolved with advancement in image classification algorithms and
machine computing capabilities.

Moreover, we expect that our system will face scalability issues
when the number of street view images increase (e.g. when analyzing
street views in more cities). To tackle this problem, we can integrate
more advanced data structures, such as nanocubes [23] or Gaussian
cubes [40] for spatial data querying. More levels of detail and abstrac-
tion can also be introduced to handle this problem. The increase in
image number will also burden street view clustering in the interactive
exploration process. We anticipate that certain pre-configurations will
facilitate this process.

Presenting multivariate data with spatial information is challenging.
We tackle this challenge by integrating popular PCP with a themeriver
plot along an adjusted street layout. The case studies and feedbacks
from experts demonstrate the effectiveness of this design. Nonetheless,
there are some issues with our design. First, it represents street layout
as a simple spline, which is not sufficiently intuitive when the street
is straight. We plan to encode more semantic labels, such as neigh-
boring streets, in the design, as suggested by EA. Second, although
the majority of the streets (over 95%) that we have explored can be
rotated and fitted in the rendering space, adjustment does not work in
some cases. Typical examples are streets in a spiral layout. A more
general approach should be developed that can reveal the street layout
intuitively and seamlessly fit the street layout in the rendering space.

10 CONCLUSION AND FUTURE WORK

In this paper, we introduce StreetVizor, a visual analytics system for
the exploration of human-scale urban forms based on GSV images.
Through discussions with a collaborating researcher who specializes in
evidence-based urban planning, we identify various analysis criteria and
formulate a set of analytical tasks. We integrate some well-estimated
visualization techniques, such as juxtaposition map views, scatterplot
matrix, and small multiples, into our system. Specifically, we design
an enhanced parallel coordinates with street layout to present coor-
dinated feature values and reveal feature distributions along a street
layout. StreetVizor is used to analyze ∼1.7 million street views from
Hong Kong, Singapore, Greater London, and New York City. Using
our system, domain experts detect some interesting patterns, such as
the negative correlation between greenery and building features. The
experts also agree that our system has a wide range of applications, in
areas like public space design and street environment monitoring.

There are several promising directions for future work. First,
we would like to extract more high-level information, such as sign-
boards, from GSV images. The signboards can then be compared with
points-of-interest information extracted from other data sources, e.g.,
Foursquare or Google Places. We anticipate revealing some interest-
ing patterns by fusing multiple types of big urban data. In addition,
to address the scalability issues, we plan to develop more advanced
data structures (e.g., [23, 40]) to improve the querying and filtering
processes in our method. Besides, we would like to explore new visual
interfaces to compare detailed statistics of human-scale urban forms
across multiple AOIs/streets at the same time.
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