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This study proposes a workable approach for quantitatively measuring the perceptual-based visual
quality of streets, which has often relied on subjective impressions or feelings. With the help of
recently emerged street view images and machine learning algorithms, an evaluation model has
been trained to assess the perceived visual quality with accuracy similar to that of experienced
urban designers, to provide full coverage and detailed results for a citywide area. The town
centre of Shanghai was selected for the site. Around 140,000 screenshots from Baidu Street
View were processed and a machine learning algorithm, SegNet, was applied to intelligently
extract the pixels representing key elements affecting the visual quality of streets, including the
building frontage, greenery, sky view, pedestrian space, motorisation, and diversity. A Java-based
program was then produced to automatically collect the preferences of experienced urban
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designers on representative sample images. Another machine learning algorithm, i.e. an artificial
neural network, was used to train an evaluation model to achieve a citywide, high-resolution
evaluation of the visual quality of the streets. Further validation through different approaches
shows this evaluation model obtains a satisfactory accuracy. The results from the artificial neural
network also help to explore the high or low effects of various key elements on visual quality. In
short, this study contributes to the development of human-centred planning and design by pro-
viding continuous measurements of an ‘unmeasurable’ quality across large-scale areas. Meanwhile,
insights on the perceptual-based visual quality and detailed mapping of various key elements in
streets can assist in more efficient street renewal by providing accurate design guidance.
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Introduction

Streets are an essential component of urban public space closely related to urban residents
(Madanipour, 1996). High-quality street space not only helps to generate urban vitality but
it also contributes to positive social interactions, outdoor activities, and public health
(Handy et al., 2002; Ye et al., 2018). In short, the perceptual-based spatial quality of
urban streets has been regarded as an important public good. In this context, many
design initiatives and urban renewal policies on streets have been proposed internationally,
including Urban Street Design Guide (National Association of City Transportation Officials,
2013), and Shanghai Street Design Guidelines (Shanghai Planning Bureau, 2016), etc. As
shown in these guides, the focus on streets is gradually evolving from one that is ‘transpor-
tation-centred’ towards one that is ‘human-centred’. Many evaluation platforms, such as
Walk Score and Stated of Space Index, were proposed to assist in accurate quality assess-
ment and design interventions. The simultaneous presentation of design initiatives, urban
policies, and evaluation platforms indicates an increasing global concern for street quality.

Nevertheless, the pursuit of high-quality street space is not a new issue. Many urbanists,
from Jacobs (1961) to Montgomery (1998), have given classical discussions on various
design elements affecting this quality based on their subjective experiences. With few excep-
tions, these classical urban design studies have not provided an objective exploration of
design elements and the related perceptual attribute of visual quality. In recent years,
quantitative-based approaches, such as the stated-preference survey and behaviour map-
ping, have been gradually introduced into this field. Some further understanding about the
relationship between visual quality, an intangible perception of space, and the correspond-
ing design elements has been achieved (Ewing and Handy, 2009; Gehl et al., 20006).
Nevertheless, these studies are often conducted on manually collected, small-scale data
sets using time-consuming approaches that cannot efficiently support further studies.

Current movements that focus on taking back the streets require us to address two issues
that have been hard to achieve. The first is quantitatively measuring design elements in
streetscapes and their effects on street quality. The second is to achieve a rapid evaluation
of the perceptual-based visual quality with high spatial resolution to provide accurate guid-
ance for urban planners, designers, and policy makers. Without insights on these two issues,
urban design research cannot efficiently address the rapidly emerging demands for high-
quality street space.
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Recently, the availability of new data and new analytical techniques has brought new
research potential to the handling of these two issues (see online Appendix I). Large data
sets of panoramic images taken from a human-centred viewpoint, such as Google Street
View and Baidu Maps, provide new data on streetscapes. Emerging analytical techniques
have opened up new opportunities for mapping street design elements at high spatial res-
olution, which can then be transformed into a measure of urban design quality in street-
scapes. For instance, automatic processing of street view images (SVIs) has been used in
quantifying street greenery across neighbourhood scales (Li et al., 2015). The rise of machine
learning algorithms has introduced new tools, including a series of deep convolutional net-
works for precisely extracting spatial features from SVIs. Meanwhile, some other machine
learning algorithms, e.g. artificial neural networks (ANNSs), can help to address the complex
relationships amongst the various design elements and the visual quality to achieve an
efficient evaluation of this intangible value. In short, new research potential is emerging
to aid in measuring the ‘unmeasurable’.

The conceptual framework

Visual quality of streets

The term ‘quality’ is a broad concept, and it is necessary to clarify that ‘quality’ as used
herein is a perceptual value representing the visual experience affected by the streetscape.
In other words, it is an intangible value highly connected to the surrounding physical
features. It does not attempt to represent the full meaning of quality in urban design,
which includes not only high-quality physical streetscapes, but also activities, human emo-
tions, and a sense of community.

This concept can be traced back to Theil’s (1961) ‘space score’ that reflects the extent to
which design elements perceived by people in motion would lead to a change in their behav-
iour. It was also partly related to the ‘sensuous qualities’ or ‘sense’ of place by Kevin Lynch
(Banerjee and Southworth, 1991). It mainly focuses on the visual impression amongst sense
of place indictors discussed by Chen (2014) and Gokce and Chen (2018). When this concept
is applied to streets, on the one hand, it reflects users’ willingness to stay or use and enjoy the
space in streets. On the other hand, it can also be measured as a series of key elements
discussed in urban design theories (Gehl et al., 2006). Therefore, it is possible to evaluate the
visual quality of streets by consistently measuring these design-related elements that can be
extracted and measured from SVIs.

Identifying key design elements and their operational definitions

The key design elements used in this study are selected through a combined consideration of
urban design theories and analytical techniques. Specifically, the first concern is how
frequently these elements are mentioned in the existing studies discussing visual quality,
and whether these elements can be easily described with operational definitions from the
perspective of spatial features. The second concern is how easily they can be measured with
existing machine learning algorithms.

We first review the constant efforts of urban designers to identify potential design
elements. For instance, Jacobs (1961) mentions the importance of diversity. Trancik
(1986) highlights the effects of enclosure, continuity, and building frontage. Similar discus-
sions have been made by Gen and Pendola (2008) to discuss the effects between various
elements like street scale, street width, building height and fagade, and perceptual feelings.
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Katz et al. (1994) adds the concern of being pedestrian friendly and having coherence. The
street greenery, transparency (permeability), human-scale, legibility, and imageability,
amongst others, are also often discussed (Montgomery, 1998). Following that review, an
exclusion process was created. Some perceptual elements like coherence are excluded due to
the lack of appropriate operational definitions. The remainder are all operational for urban
designers as they point directly to specific design elements. We have also reviewed recent
machine learning algorithms, including SegNet (Badrinarayanan et al., 2017), DeepLab
(Chen et al., 2016), and YOLO (Redmon and Farhadi, 2018), to select key design elements,
obtaining operational definitions within current techniques.

Finally, the following six key elements were selected: street greenery, sky views, building
frontage, pedestrian space, motorisation, and diversity. The first five can be measured as the
percentage of pixels representing greenery, sky, buildings, pedestrian paths and pedestrians,
and motorways and cars, respectively. The last element, diversity, is measured as the per-
centage of pixels representing the rest of the design elements such as street lights, street
furniture, etc. This operational definition of diversity is generated from a visual perceptual
viewpoint, which is different from its traditional definition that mainly focuses on the func-
tional mixture. These six elements can cover a majority of key urban design qualities as
defined by Ewing and Handy (2009), especially enclosure, human-scale, and complexity (see
online Appendix II). As for the rest of the imageability, as stated by Ewing and Handy
(2009: 72), ‘it is related to many other urban design qualities, e.g., enclosure, human scale,
complexity, and is in some way the net effect of these qualities’. Therefore, the representa-
tiveness of imageability might be achieved by integrating all elements together.
Transparency is operationally defined as the proportion of the first floor with windows,
which is hard to directly measure due to the lack of algorithms that work with low-
resolution SVIs. However, it is still partially related to the proportion of the building front-
age as these operational definitions are all based on the visibility of the building frontage. In
short, the relatively weak representativeness of imageability and transparency might not
produce over-biased estimates in this study. It will be added in future studies with the help of
technical improvements.

Related studies

Quantitatively measuring the perceptual-based visual quality of streets via
small-scale data

Aside from the classical, subjective discussions, there are also quantitative studies using
small-scale data to analyse visual quality. Specifically, there are two main quantitative
approaches — received preference and stated preference. The former operates via mapping
to observe behaviours on the street and abstract-related design elements, and then runs
statistical analyses. Gehl et al.’s (2006) series of studies is a good example. The latter
operates by collecting judgements from experts. Ewing and Handy’s (2009) work shows a
good example of this technique, as it employs an innovative method and quantitatively
measures the effects of design elements on perceived qualities in urban design. Our study
in this paper is similar to that of Ewing and Handy as it is also built on the modelling of
expert scoring and selected key elements. Nevertheless, the proposed approach, which
employs machine learning algorithms and large-scale SVIs, is more automatic and time-
saving, especially for a citywide analysis.
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Recent studies utilising machine learning algorithms and large-scale SVIs

Recently, a few interesting studies have emerged that have accompanied the fast develop-
ment of machine learning algorithms in computer vision and the availability of SVIs. As an
initial exploration, Doersch et al. (2012) attempted to answer, “‘What makes Paris look like
Paris?” through a machine learning-based clustering method and Google SVIs. Following
this trend, some scholars have gone further to explore the perceptual and socio-economic
performance hidden in SVIs (He et al., 2017; Quercia et al., 2014). Meanwhile, other schol-
ars have paid attention to the measurement of physical and design elements in streets to
assist in urban planning and design (Liu et al., 2017; Seiferling et al., 2017).

While we appreciate these exploratory works, our approach is somewhat different from
the studies above that directly measured public perception from urban images. First, our
approach aims to use the integration of urban designers’ common sense to achieve an
abstract of classical urban design theories on visual quality. It is a design-oriented study
attempting to integrate classical findings and newly emerged techniques. Second, our
approach focuses on the extraction of appropriate design elements from an urban design
perspective. All these design elements are operational in urban design practice and guidance,
which directly points to specific measures for improvement. Insights from the urban design
viewpoint can directly contribute to addressing the rising demand for street quality.

Compared to studies sharing a similar focus on physical appearance and urban design
qualities, our approach encompasses more complex considerations. Existing studies in this
field primarily focus on only one or two design elements. For instance, a series of studies
focus on measuring eye-level street greenery and their corresponding effects (Long and Liu,
2017; Seiferling et al., 2017). Yin and Wang (2016) have measured enclosure via machine
learning algorithms and SVIs. Liu et al. (2017) have developed a machine learning-based
method for evaluating the built environment quality via two issues: the construction and
maintenance quality of a building’s facade, and the continuity of the street wall. In short, a
comprehensive and design-oriented consideration is still lacking, which is addressed in
this study.

Methods

Analytical framework

This study contains four main phases, including data collection, extraction of features,
evaluation effects, and finally, informing better design (Figure 1). First, SVIs and street
networks of Shanghai were collected through the Baidu Maps API and Open Street Maps
(OSMs), respectively. Subsequent image processing was performed in Python. Second, six
key design elements affecting the quality of the street space were extracted from the SVIs
through SegNet to achieve an objective and accurate pixel-wise image segmentation and
measurement. The effects of the design elements were then measured. This phase contained
three steps: (1) selecting sample images from the collected SVIs; (2) producing a Java-based
program to collect the expert preferences through pairwise comparison; and (3) training an
evaluation model though another machine learning algorithm, the ANN. Finally, this
machine learning-based method is used to better inform urban design in the following
three respects: (1) enabling a human-scale measurement of visual quality of streets at a
citywide level, (2) achieving full coverage and consistent results on key design elements
and their relative importance, and (3) assisting better planning management and streetscape
design.
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Figure |. Analytical framework. API: Application Programming Interface; OSM: Open Street Map.

Study area and the collection of SVIs

Our analysis was conducted in the middle ring road area of Shanghai (in an area of
317.2 square kilometres), which is the town centre of this megacity (Figure 2). To achieve
a comprehensive representation of the spatial features across the site, SVIs were collected
every 40 metres. The 69,137 sample sites were generated along 13,672 streets with a total
length of 2,611,079 metres. The SVI data collection was performed in April and May 2017.
With the help of timestamps provided by the Baidu Maps, the SVIs initially taken in winter
were deleted or replaced by alternatives to control for the effect of the season changing.
China was less concerned with the street quality before the 2000s, as the country’s urban-
isation process was largely characterised as rapid and low quality in urban places. Recent
critical thinking on the low quality of urban spaces has led to street renewal movements,
especially for urban streets located in city centres. In this context, a quantitative assessment
of the visual quality of streects becomes important.

The SVIs were requested in an HTTP URL form using the Baidu Maps API (Baidu,
2015). By defining the URL parameters sent through a standard HTTP request using the
Baidu Maps API, users could obtain a static image from any direction and viewing angle,
for any point where SVIs are available. A common shortcoming for existing SVI-related
studies is that most of them use simplified headings measured with a reference direction
towards the North Pole, e.g. 0° (true north), in the collection process. However, most street
headings have certain angles with true north. Thus, these SVIs cannot reflect the street views
that people perceive. To achieve more accurate data collection, the street headings were
initially calculated through topological features computed from street networks to ensure
that the front and rear views were always parallel with the street heading (see online
Appendix III). The pitches (up/down angles of the camera relative to the horizon) passed
to the Baidu Maps API were set to 0, to approximate a local resident’s perception (Li et al.,
2015). This pitch view helps to reflect the streetscape in the way that most people experience
it according to priming theory in environmental psychology (Bargh et al., 1996).

Machine learning-based extraction of design elements

This work employed SegNet, an advanced deep convolutional neural network architecture
that maps each image pixel into semantics, to extract the semantic information from SVIs,
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Figure 2. The site and collection points across the street network.

such as for the sky and buildings. Compared to other deep learning architectures, SegNet is
efficient in terms of both memory and computational time. At the same time, it is capable of
achieving good segmentation performance utilising low-resolution images. For street views,
a global accuracy of 90.40% can be achieved for a total of 12 classes, and the accuracy is
even higher for the classes of building, sky, car, and road (Badrinarayanan et al., 2017). We
input all of the SVIs collected into SegNet and interpreted them into coloured categories via
the SegNet decoder. As Figure 3 shows, the six key elements inside the images can be clearly
extracted. The ratio of each element inside an image is based on the proportional results
calculated by SegNet. The results for each sample site were subsequently calculated as the
mean value of two images towards the front and rear.

Expert ratings

The evaluation of various key design elements was achieved by collecting the preferences of
the experts (see online Appendix IV). First, 1500 SVIs were sclected based on their
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Extracting main features of street space via SegNet

B street greenery
I sky view

I building frontage
I motorisation

I pedestrian space
I diversity

Figure 3. Applying a machine learning algorithm to extract key design elements.

representativeness in geometric distributions and image features. We divided the site into
hundreds of grids, and the number of representative SVIs collected from each grid was then
assigned according to the density of collected points. An automatic classification was then
made via Python to ensure that the design elements of the selected SVIs were representative
of their own grid. Second, a calibration of image brightness and chroma was made to
exclude side effects. Then, a manual selection was made to select the first third with the
highest representativeness to cover different typical streetscapes often appearing
in Shanghai.

A Java-based program was then produced for collecting the expert panel’s preferences on
which SVI looks better via pairwise comparison. In other words, experts chose whether the
left-side street view had higher quality than the right side or not. Ten urban design experts
with professional degrees in architecture or urban planning were involved. All of them had
enough experience living in Shanghai. In contrast to the previously renowned StreetScore
study (Naik et al., 2014), we collected the preferences of experts rather than of the public for
the following two reasons. First, the main focus of this study was to provide a workable
approach for quick evaluations in urban planning and design practices. Compared with the
public’s evaluations, which are often biased by different individuals, the experts selected in
our study had similar backgrounds allowing for more stable and similar results. It is possible
to use a small-scale data set to achieve a satisfactory training of the evaluation model, which
would allow this analytical approach to be easily applied in many other cities and to even-
tually assist in urban planning and design practices. In short, convenience is always impor-
tant. It is easy to find limited numbers of experts in the urban planning and design
committee of any city, but it is much more time consuming to collect millions of personal
preferences from the public. Second, some views from the public might not be correct. For
instance, many people in China may not have a clear understanding of what visual quality
means with regard to streets. Some of them still believe that wide highways are a symbol of
modernity and dislike relatively narrow but lively urban streets. It might be inappropriate to
include all these viewpoints in the training data set.

Due to different personal perceptions, the labelled sample images were difficult to simply
rank. Therefore, a pairwise comparison was applied. The scoring sheet method was not
appropriate as it would be hard for participants to give a stable evaluation, which would
have decreased the reliability.
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Pedestrian space Diversity

Figure 4. Key design elements on streetscapes. (a) Street greenery, (b) sky view, (c) building frontage, (d)
motorisation, (e) pedestrian space, and (f) diversity.

Results

The measurement of key design elements

SegNet was applied to efficiently extract design elements from a large number of SVIs and
measure their proportions (Figure 4). The co-presentation of a series of design elements that
were difficult to directly measure within such a large scale brings many interesting findings.
First, there are two main zones (A and B) that show highly visible street greenery. Zone A is
a high-end historic community (Hengshan-Fuxing Road) that has maintained high quality
greenery since the early 20th century. Zone B is the university town of Shanghai, which
contains many green-filled campuses. From the perspective of sky views and motorisation,
Zone C (the Pudong District) contains many roads that have high sky views and contains
wide roads for transportation. In other words, this newly built area contains more
transportation-oriented roads compared with the old town on the other side of the
Huangpu River. Zone D, located in the Huangpu District, was historically called xiazhijiao,
i.e. low-quality communities for poor people. Small alleys and high building density give
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high visibility of building frontages. It is also interesting to find that Zone E, the historical
part of Shanghai, clearly has a higher proportion of pedestrian space compared to the other
areas. Moreover, Zone F, the inner ring area, has higher diversity compared to the
other areas.

Expert rating results and machine learning performance

After collecting expert ratings on the sample images, we converted the results from the
pairwise comparison into scores. This transformation was achieved through the Elo
(1978) rating system, as it is similar to the scenario of the relative skill calculation of players
in competitor versus competitor games. The comparison results (CRs) were modelled as a set
of triples T;: CR={T,;, T>, Ts...}, where T} =< [lld, rld, result >, lld, rld indicated the
ID of the two images. Each sample image was initialised with an initial score, and its score
was updated after each comparison. The whole updating process consists of two steps,
prediction and updating. The CRs were entered into the rating system many times until
the final results became stable. We then calculated the rating of all sample images by sorting
them in descending order according to the score of each image (see online Appendix V). The
ANN was then employed to investigate the relationship between design elements and
image scores.

The ANN is a kind of computing algorithm inspired by biological neural networks. It is
good at ‘learning’ due to its consideration of examples to perform specific tasks, e.g. using
evaluated samples to rate the remaining ones (Schalkoff, 1997). An ANN consists of a series
of connected nodes called artificial neurons that are mathematical functions conceived as a
model of biological neurons. The artificial neuron, as an elementary element of the ANN,
receives one or more inputs and sums them to produce an output. These artificial neurons
are aggregated into different layers performing various kinds of transformations on inputs.
The whole computing process usually starts from the first input layer, goes through one or
many hidden layers, and finally reaches the last output layer.

Specifically, the ANN herein was trained using portions of design elements in an image as
the explanatory variable and the scores as the responsive variable. Ten-fold cross-validation
was used to determine the number of neurons in the hidden layers. Different combinations
of hidden layers and the number of neurons were first tested with the 10-fold cross-
validating approach. When the number of hidden layers increased, the result was observed
with overfitting. We, therefore, narrowed our search using only hidden layers and tested its
performance with a varying number of neurons. Further analysis showed that eight neurons
produce a relatively good estimation, and this setting was used in the training of the eval-
uation model.

The normalised root-mean-squared error was calculated to test the predication perfor-
mance, using the following equation

Z[(Si _ Si)Z/n
ZiSi/n

where S; is the score of the ith image and S; is the predicated score of the ANN.

An ANN was used as it fits well in complex non-linear regression and a comparison with
other methods reports a higher accuracy. We compared the ANN method with the SVM
and the decision tree. A grid search approach was adopted for hyperparameter optimisation
of each method to find the optimised estimators. We then compared the optimised

NRMSE =
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estimators by running each 100 times. The ANN had a slightly better result than the other
methods with a mean NRMSE of 0.158 and standard deviation of 0.001, while the SVM
reported a mean NRMSE of 0.160 and standard deviation of 0.0005, and the decision tree
reported a mean R2 of 0.177 and standard deviation of 0.003. It should be noted that the CR
is subject to hyperparameter optimisation, and the grid search may not necessarily have
reached the best estimators for all methods. However, a detailed discussion of hyperpara-
meter optimisation is beyond the scope of our study. We then applied it to the entire site to
achieve a large-scale, high-resolution analysis.

As shown in Figure 5, the evaluated visual quality is illustrated with colours from red
(low quality) to blue (high quality). Considering that the evaluation model was trained in a
design-oriented way, urban streets in district and neighbourhood scales would more easily
get higher ratings. Likewise, main roads due to traffic functions have more difficulty achiev-
ing positive evaluations on visual quality. Therefore, our current analysis on visual quality
only focuses on urban streets. All the bridges, tunnels, trunks, expressways, and main roads

. == high quality

: ——— no data/ excluded

assessed score: assessed score:
75-100% 50-75% 25-50% 0-25%
Excellent Good Normal Poor

assessed score: assessed score:

Figure 5. Measuring the visual quality of streets.
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with more than four lanes are temporally excluded. Specific evaluating standards would be
given to these transportation-oriented roads in our future studies.

In general, the overall results match classical urban design theories. Streets with high
quality often have a human-scale streetscape, such as a well-integrated sense of enclosure,
greenery, building frontage, and pedestrian space. In contrast, low-quality streetscapes tend
to lack either these key elements or an appropriate combination of them. Moreover, the
overall result from this evaluation matches the common sense of residents in Shanghai.
The west side of the Huangpu River, which is the older part of the city, clearly has
higher quality streets compared with its newly built counterpart on the east side. This is
because the east side was developed over the past several decades under functionalism
planning, which often lacked concern for human-scale visual quality. The Hengshan-
Fuxing Road (Zone A) is assessed as high quality in our evaluation model, which matches
the consensus of local residents.

Validating the evaluation results

The difficult part in the validation of the results is that the visual quality in nature is a
normative value. The evaluated results produced by the ANN model are a priori of urban
design; in other words, it is a generalisation of experienced urban designers’ intuition on
place-making. Therefore, it is hard to produce a totally definitive verification due to the
absence of a standard reference. We herein applied an alternative approach to run valida-
tions. Specifically, we compared the evaluated results with the common sense of urban
planning and design experts. Specifically, positive examples of streetscapes marked in
Shanghai Street Design Guidelines (Shanghai Planning Bureau, 2016) were compared with
the automatic evaluated results. Most good examples, 27 streets, were assessed as excellent
(a score of 75-100%) in our analysis, and 7 streets were assessed as good (a score of
50-75%). The rest of the streets mentioned in the guidance are not included in the current
analysis. In short, there is a good match between the evaluated results and the general
understanding of urban designers.

Relative importance of the key design elements

Measuring the relative importance of design elements helps to provide additional informa-
tion for the in-depth understanding of visual quality. Moreover, it also helps to inform
efficient urban design interventions for street renewal projects. Garson’s method (1991),
later modified by Goh (1995), was adopted to identify the relative importance of each spatial
element. It measures the relative importance of an explanatory variable from all the weights
that connect it to the response variable through all the nodes in the hidden layers. The
method involves partitioning the hidden-output connection weights of each neuron into
components associated with each input neuron. The original algorithm uses the absolute
magnitude from zero to one, whereas we preserved the signs so that the direction of the
response can be determined.

Specifically, street greenery has the highest relative importance (0.81), followed by diver-
sity (0.69), sky view (0.33), and pedestrian space (0.04). The relative importance of motor-
isation is negative (—0.19), which matches classical urban design theories. Considering that
there is an occlusion relationship between street greenery and building frontage, the negative
result of building frontage (—0.18) can be explained. The high positive effect of street
greenery offsets the relatively low positive effect of the building frontage, which leads to
a relatively negative weighting in the overall analysis.
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Potential applications of planning management and streetscape design

This quantitative measurement of visual quality may better assist in urban planning and
design from many directions. Here we show two potential applications for urbanists.
Explorations will be extended in further studies. First, the result inside a large area that
also has a high spatial resolution helps to achieve a quantified illustration of visual quality
amongst different planning units, which would assist fine-scale planning management.
Specifically, we can easily compare visual quality on streets amongst different districts
and compute the average quality per street amongst different districts (Figure 6). The aver-
age quality is calculated as follows

Quality gyerage = Z(Qualityi X Lengthi)/ZLength,-
i=1 i=1

where Quality; and Length; represent the visual quality and length of the street i, and 7 is the
number of streets inside each district.

The Pudong District has only 13.1% of streets with high-quality scores (i.e. within the
highest quarter). In turn, there are 32.9% of streets with low-quality scores (within the
lowest quarter) in this district. It also has the lowest average quality (score =939.39). The
Xuhui, Yangpu, and Changning districts perform much better, as all have nearly 40% high-
quality streets. These three districts are also the best three in average quality, with average
scores of 1150.84, 1110.81, and 1107.25, respectively. This approach helps to provide a
measurable result for illustrating the visual quality of streets amongst various planning

33.4% (TE% ag gy A% oa5g 19.0%

,,,,,,, . B \ 1% P

Yangpu Hongkou Pudong
District District District

District

........ \ 20.4%
Jiangan Changning Xuhui Huangpu
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Hengkeu Jiangan
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L iy e .,
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units, which could contribute to data-informed zoning and an appropriate design strategy
from a scientific perspective.

Second, the integration of evaluated visual quality and the internal feature of streets
would help to classify the streets as different types for precise streetscape design interven-
tions (Figure 7). The red colour represents the combination of low visual quality, i.e. the
lowest one-third, with streets classified as ‘residential street’ in OSMs. Therefore, design
interventions on these streets frequently used by local residents would have high priority.
Meanwhile, these residential streets obtaining high visual quality (blue colour) should be
well kept in the following years. As the two directions illustrated above, this quantitative
measurement of visual quality could be used as a benchmark for further explorations on
planning and design practices, which may provide more contributions to the streetscape
design for certain purposes.

; ——— high priority for

¢ streetscape design
{1 = high quality

il - no data / excluded

Residental streets with high visual Residental streets with low

quality: representative high quality visual quality: high priority
streets should be well kept for streetscape design

Figure 7. Identifying streets with priority for streetscape design.
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Discussion

Measuring the unmeasurable with machine learning algorithms and SVls

In contrast to recent studies utilising machine learning algorithms and SVIs, this paper
focused on the urban design field to develop an automatic evaluation approach measuring
the perceptual-based visual quality of streets. Using this method, measuring the visual qual-
ity of streets is no longer a challenging task relying most often on the subjective feelings of
urban designers. This improvement can be a direct help in guiding human-oriented city
zoning and urban design. The detailed measurements of design elements and the related
visual quality could assist in selecting problematic streets, proposing appropriate zoning
rules, and suggesting micro-scale design strategies according to the high or low values of
different spatial elements and their relative importance on visual quality. For instance, for a
neighbourhood street with enough pedestrian space and appropriate diversity, encouraging
street greenery should be considered as a priority strategy in promoting high visual quality
in streets. Moreover, this study also provides a workable approach for computing the rel-
ative importance of design-related elements that are difficult to clarify. This could serve as
supplemental material for urban design theories. In short, these findings contribute to an
objective measurement of previously subjective and experience-oriented issues.

Another contribution of this study is that it achieves a co-presentation of human-scale
measurement with citywide analysis. Human-scale data have been incorporated into large-
scale citywide analyses with difficulty. In turn, analyses focusing on human-scale data pri-
marily operated on a small scale, such as block or neighbourhood scales, with concerns for
time and costs. This shortcoming can now be overcome. The initial exploration in this study
indicates that a large but also clear picture can be presented with the transition into a new
science of cities, which integrates scientific thinking, design, and computer techniques
(Townsend, 2015).

Potential applicability in the future

This study has the potential to be extended in both research and practical directions. For
researchers, the measurement of visual quality provides a human-scale variable that can be
analysed together with a series of behavioural and socio-economic variables. The co-
evolution between visual quality, an urban design concern, with other social-economic
features, such as property price, health, and pedestrian and cycling behaviours, may gain
considerable interest from urbanists. In addition to this research potential, this workable
approach has the potential to assist urban planning and design from many perspectives. For
instance, the regular updating of SVIs helps to achieve a consistent and long-term moni-
toring of this human-scale urban design quality. This on-time mapping could identify
whether an area is improving or deteriorating, and then allow responsive policy-setting.
In addition, the combined analysis of street quality and behaviour data, such as pedestrian
and cycling records, would help to identify streets that are low quality but are frequently
used by the public.

Limitations and future improvements

There are also several limitations to the methodology described in our paper. First, this
analytical approach has its limitations in fully representing ‘quality’ and it is not able to
completely replace the traditional qualitative methods of spatial analysis. The evaluated
result in this study is mainly a perceptual-based visual quality without consideration of
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sound, smell, noise, etc. Many well-discussed issues in traditional methods, e.g. human
emotions and sense of community, are also not included. At present, it may work as a
good supplement to existing methods by providing a fast evaluation. Further endeavours
are still needed to extend this capacity. Second, another key element mentioned in many
urban design theories, i.e. transparency, is hard to measure directly due to technical restric-
tions. We are developing appropriate algorithms that would accurately measure this issue.
Third, the size of the expert-labelled data set is not very large, which means we might not
completely utilise the capacity of machine learning algorithms. Extra sample data could be
collected in the future to achieve higher evaluation accuracy. In addition, the gap between
expert scoring and public experience is worth further exploration. The present study oper-
ated from an expert-oriented perspective, but some differences might exist between prefer-
ences of the public and that of experts. Large-scale data collection from local residents could
be a good path forward in the future. Finally, further explorations should be made to
classify streets by integrating their own functional and typological concerns with evaluated
visual quality. This combined analysis may provide a good benchmark for many meaningful
discussions as this new analytical approach could show higher validity based on a specific
and scientific perspective. Studies in this direction may provide contributions to the street-
scape design with various purposes.

Conclusion

This study developed a machine learning method to quantitatively measure the visual qual-
ity of streets — a key urban design concern that is hard to measure objectively. We chose six
design elements inside streetscapes as the starting point. By combining eye-level SVIs, deep
convolutional networks, and ANNSs, an evaluation model has been trained to achieve a
satisfactory performance. We expect this study to stimulate human-oriented and quality-
of-place-oriented explorations in the era of new urban data and new analytical techniques.
It is a good response to the increasing scholarly interest in introducing systemic and scien-
tific thinking into the previously qualitative and intuition-based field of urban design
(Ye et al., 2017).
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