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Abstract. In a post-carbon framework, data-driven methods can be 
used to assess the environmental quality and sustainability of urban 
streetscape. Streets are an important part of people's daily lives and 
provide places for social interaction. Therefore, in this study, the 
relationship between street quality and street vibrancy is measured 
using the new town of Ma On Shan, Hong Kong as a study area. Firstly, 
machine learning was used to identify the physical features of streets 
through geographic information collection and streetscape image 
acquisition. Secondly, previous measurement algorithms are combined 
to calculate the greenness, walkability, safety, imageability, enclosure, 
and complexity of streets. Thirdly, secondary calculations and 
visualisations were carried out on a Geographic Information System 
(GIS) platform to observe the current distribution of street qualities. 
Finally, the relationship between street quality and vibrancy was 
analysed using SPSS statistical analysis software. The results show that 
walkability has a positive effect on street vitality, whereas safety and 
complexity have a negative effect on street vitality. This study 
demonstrates how the quantitative assessment of urban street 
environments can be used as a reference for building a green, low-
carbon, healthy, and walkable city. 

Keywords.  Street Quality; Geographic Information Systems; Machine 
Learning; Image Segmentation; SDG 11. 

1. Introduction 

As the global pandemic and extreme weather continue to have an impact on people's 
lives, there is an increased awareness of the impact of industrialisation and urbanisation 
on climate change. Rapid urban development is often accompanied by a lack of 
investment in urban planning and infrastructure, resulting in traffic congestion, 
substandard urban spaces and the deterioration of urban vitality and the natural 
environment (Walton et al., 2020). Moreover, rapid industrialization and urbanization 
have a direct impact on climate change through increased carbon emissions. In the post-
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carbon era, the construction of low-carbon smart cities is being promoted as an 
effective way to improve the quality of urban spaces and implement sustainable 
development. An effective way to create low-carbon, sustainable and healthy cities is 
by making cities more walkable (Shao et al., 2021) and improving their walkability 
(Project Drawdown, 2020). To create walkable cities, the design of urban streets should 
be considered, and the needs of pedestrians and cyclists should be given priority over 
vehicle users (Appleyard, 1980). 

City streets are an important part of people's daily life and commute. They also 
serve as open spaces for citizens to communicate with one another. As such, streets are 
the most heavily used public spaces and, therefore, are a reflection of the city's overall 
image. This paper focuses on the quantitative analysis of urban streets and determines 
the relationship between street quality and vibrancy for the promotion of low-carbon 
and healthy cities. 

2. Research on Street Space Qualities  

2.1. HISTORICAL RESEARCH ON THE QUALITY OF STREET SPACES 

Before the dominance of vehicles, the street was an important place for urban life and 
interaction, and the urban skeleton bridging the different functional spaces in the city. 
With the advent of the industrial age, mobility in the city increased and the demand for 
transport grew. As a result, more and wider streets were constructed for vehicular 
traffic, and the needs of pedestrians were compromised (Marshall, 2005). Streets 
evolved into an urban space suitable for cars and, therefore, were no longer created at 
a human scale. 

With the emergence of the garden city theory in the second half of the 19th century, 
hygiene, safety and green aspects of streets were promoted to increase the quality of 
urban spaces. Later, during the post-war reconstruction in the early 20th century, the 
functionalist school of thought (including Le Corbusier) placed emphasis on streets as 
places for vehicular transport rather than living spaces for pedestrian movement and 
social interactions (Ingersoll, 2019; Great Britain Department for Transport, 2007; 
Mehaffy et al., 2014). To counter the effects of the industrial movement, many scholars 
have advocated for the design of more humane public spaces, accommodating the 
social and cultural functions of the streets (Jacobs, 1961; Lynch, 1964; Whyte, 1980). 
In response to the Modernist and rationalist theories in urban planning, progressive 
cities have now adopted urban design principles focusing on walkability, connectivity, 
diversity and smart transport.  

2.2. QUANTITATIVE EVALUATION OF STREET QUALITIES  
Traditional research mostly adopts questionnaire and field survey methods 

(commonly used in sociology and statistics) to collect information on the 
characteristics of spatial elements of streets as well as their service level (Ewing and 
Cervero, 2010; Gehl, 1994; Handy et al., 2002). In addition, Space Syntax theory 
(Hillier and Hanson, 1984) is being widely used for large-scale evaluation of urban 
street networks. However, these common methods of evaluation do not cover the full 
complexity of residents' spatial movement and the flexibility of streetlife. With the 
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development of geographic information and computer science, it has become possible 
to collect and analyse residents' behavioural data through information processing 
software and equipment (Clarke, 1986). Moreover, the accuracy of these methods has 
greatly improved over the years. Geographical Information System (GIS) data allows 
for a detailed analysis of the material dimensions and the environment of streets on a 
larger scale. Several scholars have collected users' walking tracks in urban streets and 
analysed the hot spots of urban activities using GIS platforms (Edwards, 2009; Sagl et 
al., 2012).  

In addition, street view image data have been widely accepted as an effective means 
of measuring the built environment (Kelly et al., 2013; Li et al., 2015; Salamon et al., 
2014; Shen et al., 2018). As street view images reflect the street space environment 
from eye-level perspective, online data acquisition can replace other data collection 
methods that are limited by weather, time and place. Street view data can be analysed 
using machine learning techniques using SegNet (Badrinarayanan et al., 2017; Verma 
et al., 2018), semantic annotation tools that identify green, sky, buildings, roads and 
vehicles. These urban elements can then be represented and assessed through 
interactive visual analysis systems.  

The accuracy of using Street View Image (SVI) data as research data has been 
discussed by several researchers, acknowledging the limitations around the interval 
distance and time of day variations associated with the data source. The methodology 
is deemed to produce reliable results when the study area is sufficiently large (Kim, 
2021). Previous studies used 50-meter intervals for street greenery research (Lu et al., 
2019; Ye et al.,2019), while others use sampling points every 50 and 100 meters, 
combining images in east, south, west and north directions into panoramic images for 
analysis (Yang et al.,2019; Law et al., 2020). 

Figure 1. Ma On Shan New Town - Street segmentation and sample points 

3. Methodology  

3.1. CASE STUDY AND DATA SOURCES 

The study revolved around the streets of Ma On Shan (MOS) New Town in Hong 
Kong which is a 'third-generation New Town' (Figure 1). It used street data from the 
HK GEODATA STORE obtained in October 2020 and SVI data from Google Maps 
in November 2020. Data collection and filtering was carried out in two steps: 
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● SVI: In Google Street View, the coordinates of the collection sampling points were 
determined at intervals of 50 meters, and all four SVIs in the south, east, north and 
west orientations were obtained using python programming language procedures in 
PyCharm. At total, 1920 images were collected and at each collection point, four 
images were synthesized into one panoramic image, resulting in 480 SVIs. 

● HK GEODATA STORE: Excluding expressways, trunk roads, data for a total of 
30 local streets was collected. The data included street names, geographical 
coordinates, and lengths. 

Limited by data sources, research techniques and variables, this study still has some 
shortcomings. Dependant on the SVI use of perspective, the pixel percentage for 
different objects in the scene is distorted by the distance to the camera. However, as 
this problem occurs simultaneously across all image data, the limitation is a constant 
factor across larger geographical areas and rendering the detection of regional 
differences significant. 

3.2. OVERALL FRAMEWORK  

The research framework was based on three levels (shown in Figure 2). Firstly, at the 
level of machine learning (ML), two ML algorithms, the Pyramid Scene Parsing 
Network (PSPNet) algorithm (Zhao et al., 2017) and Mask Region-based 
Convolutional Neural Networks (MaskR-CNN) (He et al., 2017), were applied to the 
segmentation of SVI. These are the most well-known and established image 
segmentation algorithms. 

Figure 2. Research workflow 

Secondly, calculation and visualisation were conducted on a GIS platform at the 
level of geographic information data. In this study it was used to visualize the 
calculation results and the distribution of the street vitality indicators. Finally, the 
relationship between street quality and street vibrancy was analysed using SPSS 
software.  

3.3. PARAMETER SYNTHESIS OF STREET QUALITIES 

PSPNet has been implemented into a module that can be trained to classify pixels in a 
raster to identify and mark 150 types of elements in a picture. The physical features 
and environmental elements used in this study are tree, grass, sidewalk, fence, road, 
person, signboard, streetlights and building (Figure 3). The percentage of these 
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elements in each image can be calculated. Moreover, MaskR-CNN efficiently detects 
objects in an image while simultaneously generating a high-quality segmentation mask 
for each instance which can identify and count the number of pedestrians and cars in 
the SVI (Figure 4). 

Figure 3. PSPNet -Image segmentation 

Figure 4. MaskR-CNN - Instance segmentation 

This study focused on the quantification of the characteristics of the physical space 
of the street. It is based on previous research by Ma et al. (2021) and Qiu et al. (2021), 
who have developed a methodology for the calculation of the indicators of greenness, 
openness, closure, walkability, safety and imageability based on the physical 
characteristics and environmental elements identified by SVI. By combining previous 
methodologies, our workflow involved extracting the spatial elements of the street and 
synthesizes the six parameters of street quality: Q1-Greenness, Q2-Walkability, Q3-
Safety, Q4-Imageability, Q5-Enclosure and Q6-Complexity (Figure 5). The street 
vitality index is calculated by counting the number of pedestrians in the streets. 

Figure 5. Parametric synthesis- Street quality indicators 
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4. Data Interpretation 

4.1. DISTRIBUTION CHARACTERISTICS OF STREET QUALITIES 

This analysis quantifies the spatial aggregation or dispersion of street qualities. To 
visualise street quality and explore street dynamics, a 100*100m rectangular grid was 
created in ArcGIS using the Fishnet tool. The average street quality values calculated 
in the previous step were cross-referenced to the street geographic information and 
linked to the attribute table for each cell. This was done to accurately map the data to 
the urban scale and reduce the bias caused by different street lengths. 

Figure 6. Visualization of street quality distribution 

As shown in Figure 6, the ID1-MOS Promenade has the highest average indices of 
Q1-Greeness and Q2-walkability, followed by ID3-Hang Hong St, which is higher 
near the Playground and Sports Ground. Meanwhile, the ID1-MOS Promenade 
(southern section) and ID2-Ning Tai Rd have the highest Q3-Safety index, ID24-Ma 
Kam St has the least sense of security. Q4 identification is the highest in ID1-MOS 
Promenade (south section), and the lowest in ID24-Ma Kam St, ID27- Kai Sha Rd 
(west section) and 30-Nin Wah Rd. ID16-On Chun St has the highest Q5-Enclosure 
and ID28-Yiu Sha Rd the lowest. ID4-Hang Tai Rd has the highest Q6-Complexity. 
ID1-MOS Promenade (northern section) has the lowest complexity. 
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4.2. CORRELATION AND REGRESSION ANALYSIS OF STREET QUALI-
TIES AND STREET VITALITY 

To verify relationships between street qualities and street vitality, Correlation and 
Linear Regression Analysis was used to study the influence of independent variables 
Q1-Q6 (quantitative) on dependent variable P=Pedestrian (quantitative), including 
whether there is an influence relationship, the direction of influence and the degree of 
influence. The Durbin-Watson test, which is an autocorrelation test, was first used to 
construct the linear regression model. The D-W value is near 2, indicating that the 
model has no autocorrelation and there is no correlation between sample data. 
Therefore, the model is performing well.  

Table 1. Linear regression model summary 

Model Summary 

R R ² Adj. R ² RMSE D-W AIC BIC 

0.776 0.602 0.498 9.443 1.926 233.856 243.664 

 
Subsequently, the model fitting situation was analysed by R square value, and the 

VIF value was analysed to determine whether the model has collinearity problem. As 
can be seen from the above table, the model formula is: P =14.287 + 12.123*Q1 + 
106.657* Q2-194.836 *Q3 + 12.599* Q4-10.970 * Q5-34.682 *Q6 

Results are listed in Table 2. The means Q1-Q6 show a difference in P of 60.2%. 
At the same time, the model passed the F-test (F=5.798, P =0.001<0.05), and also 
indicates that Q1- Q6 have at least one effect on P relations. On the other hand, the test 
of the model's multi-collinearity shows that all VIF values in the model are less than 5, 
meaning there is no collinearity problem.  

Table 2. Summary of Regression Analysis Outcomes 

Parameter Estimates (Summary)  
Coefficients 95% CI VIF 

Constant 14.287 (1.509) -4.275 ~ 32.850 - 

Q1GREENESS 12.123 (0.621) -26.110 ~ 50.356 1.572 

Q2WALKABILITY 106.657** (4.372) 58.845 ~ 154.470 1.253 

Q3SAFETY -194.836* (-2.204) -368.071 ~ -21.601 1.087 

Q4IMAGEABILITY 12.599 (0.462) -40.877 ~ 66.076 1.558 

Q5ENCLOSURE -10.970 (-1.301) -27.497 ~ 5.558 2.362 

Q6COMPLEXITY -34.682* (-2.248) -64.914 ~ -4.450 2.52 

F Value F (6,23)=5.798,p=0.001 

* p<0.05 ** p<0.01 t statistics in parentheses  
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The regression coefficient of Q1 is 12.123(t=0.621, P =0.540>; 0.05); Q4 is 
12.599(t=0.462, P =0.649>; 0.05); Q5 is -10.970(t=-1.301, P =0.206>; 0.05). It means 
that Q1, Q4 and Q5 have no influence on P (Figure 7). 

Figure 7. Scatter plot of Q1, Q4, Q5 and number of pedestrians 

Figure 8. Scatter plot of Q2, Q3, Q6 and number of pedestrians 

The regression coefficient of Q2 is 106.657(t=4.372, P =0.000<0.01), indicating 
that Q2 has a significant positive influence on P. The regression coefficient of Q3 was 
-194.836(t=-2.204, P =0.038< 0.05), Q6 was -34.682(t=-2.248, P =0.034<0.05) means 
that Q3 and Q6 have a significant negative influence on P (Figure 8). 

5. Conclusions and Future Directions 

This paper explores a mechanism to analyse the objective physical characteristics and 
environmental elements of streets to quantify the impact of street quality on the street 
vibrancy in a quantitative data-driven framework. The results show that walkability, 
safety, and complexity directly affect the number of pedestrians on streets. The study 
illustrates how the improvement of street vitality can be guided through quantitative 
parameters contained in an urban street quality index, and provides a reference for the 
construction of green, low-carbon, healthy and walkable cities.  

The analytical framework presented in this paper has the potential to quantitatively 
measure street quality in more areas in the future, as data for streetscapes is open-source 
and relatively easy to collect. At the same time, it should not be overlooked that the 
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accuracy of this model depends heavily on the timeliness and comprehensiveness of 
the data sources as well as the subjective nature of the residents. With advancements in 
image recognition technology, it is hoped that more precise data-driven and 
quantitative analyses of urban streets, including analysis of different pedestrian 
activities, can be carried out in the near future.  
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