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Abstract 

Urban space is an important part of people's life, and its spatial quality is essential to people's 
activities and behaviors. The emerging new data and new technologies improve traditional 
research methods in urban space significantly. This paper reviews, analyzes and summarizes new 
data and new technologies that have emerged in recent years, including build environment data, 
social media data, trajectory data, deep learning, virtual reality, eye tracking, and physiological 
sensor. This paper also analyzes the possibility of more precise analysis and more intuitive 
presentation of these new data and new technologies in urban spatial research methods. Finally, 
we propose a framework to response the possible application of these new data and new 
technologies in the process of urbanization. 
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1. The development process of urban spatial quality research 
The development process of urban public space quality often goes through the stage of high speed to 
high quality. Since the urbanization process enters high quality development period, researchers are 
increasingly encouraged to take up more human-oriented approaches to meet people’s demand, and the 
core value of urban design shifts away from object-oriented towards human-oriented. Hence, urban 
progress needs to utilize the potentials of new tools for not only more efficient analysis and visualizations, 
but also new research perspectives based on spatial design and perception.  

The quality of the urban built environment has been extensively explored from multiple fields. Early 
researchers such as Kevien Lynch, Jane Jacobs set humanistic as the main topic in urban practice, which 
concentrates more on people’s emotional feelings towards urban space. Allan B. Jacob paid more 
attention on urban space, in which people’s pursuit of suitable environment had greatly promoted the 
activities. Then, several simple frameworks to analyze the qualities of public space were proposed, and 
various viewpoints focused on the quality of urban space to summarize high-quality urban space design 
(Van Kamp et al., 2003). With the development of the urbanization, researchers began to widely use 
models to study the urban built environment, detailedly address urban quality dimensions, indicators, 
and applied fields in their measurement tools and methods. These methods and tools obtained first-hand 
data which were collected in person emphasizing that urban design and built environments can be 
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quantitatively measured (Cervero and Kockelman, 1997, Ewing et al., 2006). The urban model focused on 
different characteristics of the urban environment for different issues, and integrate urban street 
material space indicators in different aspects. At the same time, Some regions developed measurement 
tools to assess the quality of pedestrian environment, such as Systematic Pedestrian and Cycling 
Environment Scan(Pikora et al., 2002), Microscale Audit of Pedestrian Streetscapes(Millstein et al., 2013) 
and Pedestrian Environment Data Scan(Clifton et al., 2007), among the measurement tools, the content 
settings were detailed, helped designers to increase the quality of  research effectively. However, due to 
the data collected through first-hand field observation, surveys, and interviews in urban space, to ensure 
the reliability of these measures and data in generating such tools is a complex and hard task (Mehta, 
2014), and there is urgent need for easily obtained data and operated tool in urban research. In recent 
years, with the development of the network technology, huge amounts of data related to the urban 
environment and activities are emerging, a series of new research methods having also been developed 
to expend the understanding about urban spatial quality.  

2. New Data environment provides support for multi-scale urban spatial 
quantization and perception  
New data reflecting environmental characteristics and people’s behavior is in line with the current urban 
development direction and has great impact on urban development. New data such as urban built 
environment data, social media data, and trajectory data have contributed to the formation of the new 
data environment, and show great support for urban spatial quantization and perception. 

Urban built environment data is the basis of urban research. The massive data such as open-source 
platform data, point of interest (POI), and street view image (SVI), quantitatively grasp the various 
physical and spatial environmental characteristics of the city. Unlike traditional data, the open-source 
map platform, the so-called volunteered geographic information (VGI) platform, covers multiple basic 
data such as road networks and building outlines, and has the advantages of open editing, such as Open 
Street Map (OSM) (Haklay, 2010, Geiß et al., 2017). POI reflects format information in various regions of 
the city and has the advantage of data mining based on spatial location (Hu et al., 2020, Chen et al., 2020, 
Shi et al., 2021). SVI has a wide coverage and detailed illustration of urban street, intuitively reflects the 
urban façade information, and has the advantage of lower cost than on-site data collection, provide a 
large sample data source and new research ideas for urban environmental assessment. SVI is more 
focused on recording the stereoscopic sectional view of the street level from the perspective of people, 
which can represent scenes seen or felt from the ground on a fine scale, so it is suitable to replace on-site 
observation of urban environmental assessment and perception (Zhang et al., 2019). Researchers in 
recent years apply deep learning to SVI analysis, objectively measure the micro-elements of the built 
environment, including urban visual space indicators (Dai et al., 2021), cycling environment (Gullón et al., 
2015), street safety (He et al., 2017), street disorder (Marco et al., 2017), street greening (Long and Liu, 
2017), etc. With the trend of smart city construction, various professional institutions and platforms have 
also begun to share information and data, and actively integrate them into the common system, which 
relies on the new generation of information technology such as cloud computing and the Internet of 
Things, combined with real-time perceived information (Fang et al., 2021).  

Social media big data include open platform data such as Twitter, Weibo, Flicker, etc. The platform is 
based on the comments posted by users to abundant data samples (Yang et al., 2021). It’s essential to 
provide a better foundation for design and improve the everyday spaces of people by understanding 
people’s experience of urban public space on social media (Kim et al., 2018). Based on open sharing of 
location, images, and text via social media, the real-time information carrying user’s emotions and 
feelings reveal how humans think or act regardless of time or space (Wen and Wei, 2016). Moreover, 
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new technologies have also been applied in researches which reveal hidden spatial issues in large 
amounts of data (Song et al., 2020, Wakamiya et al., 2015, Hu et al., 2015). 

Trajectory data includes vehicle GPS records, mobile phone data (MPD), location-based service data (LBS), 
and mobile app data, covers the interaction between people and the social environment. Human activity 
trajectory data show valuable information on how urban spaces used in people’s daily life (Hu et al., 
2021). In addition, trajectory data can improve efficiency and possibility for planers to enhance public 
participation in local governance (Adlakha, 2017), analyze the attractiveness of specific environments for 
activities (Hirsch et al., 2014), provide a new perspective to sense people’s spatial and temporal 
preference in urban space (Shen and Karimi, 2016, Zhao et al., 2019).  

As shown in Table 1, researchers have considered in different fields to apply the new data to the urban 
spatial quality. New data here shows many strong advantages, for instance, researchers apply built 
environment data to quantify environment quality from humanistic perspective and to gain new insights 
into the microscale environment details that might influence urban spatial quality, apply media data to 
analyze people’s distribution and mood, which also indicate the urban spatial quality. As can be seen, 
new data provides an effective way to study urban spatial quality by accurately measuring, evaluating 
and defining the built environment from small-scale to large-scale. The multi-dimensional analyzing and 
measuring are also the basis for further understanding and deeper research of the city, which reveal the 
dynamic evolution and structural rule behind the complex urban problems through a real deeper 
perspective and a broader vision. The application of new data is a feasible direction for further multi-
scale urban spatial quality research. 

Table 1. New data advantages and application fields in urban spatial quality 

 

Data advantages Application fields 
Supporting 
References 

Built environm
ent data 

VGI data (OSM);  

POI data; 

open-source; 

high spatio-temporal 
precision; easy to 
obtain; 

basic data; 

urban functions organization; 
street quality assessment; air 
quality; 

(Geiß et al., 2017) 

(Chen et al., 2020, 
Hu et al., 2020, Shi 
et al., 2021, Tang 
et al., 2020) 

SVI data; 

 
 

easy to obtain;  human 
perspective; large scale; 
on-site observe; 
integrate with tech; 
objective; 

urban visual space; walking and 
cycling environment quality;  
urban security;  neighborhood 
disorder; street greenery; 

(Dai et al., 2021, 
Gullón et al., 2015, 
He et al., 2017, 
Marco et al., 2017, 
Long and Liu, 
2017) 

Social m
edia data 

locations, photos, 
opinions and 
descriptions data 
from media 
platform. 

real-time;user 
generated content;carry 
user’s emotions or 
feelings;  

monitoring environment 
quality; urban space 
experiencing;city crowd 
mood;extract urban areas of 
interest; 

(Wang et al., 2017, 
Kim et al., 2018, 
Song et al., 2020, 
Wakamiya et al., 
2015, Hu et al., 
2015) 
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Trajectory data 

tracking data; 
vehicle GPS; 
check-in data;  
MPD, LBS data; 
smart card data 

geo-tagged;overall trip 
be obtained;passive 
group data;geo-tagged; 
no extra equipment; 
consistency; 

physical activity; urban hots 
pot detection; urban public 
green space; urban function 
connectivity; air pollution in 
urban; urban functions 

(Hirsch et al., 
2014, Zhao et al., 
2019, Zheng et al., 
2019, Shen and 
Karimi, 2016, Dias 
and Tchepel, 2014, 
Wang et al., 2021) 

Source: Based on the internet search 

 

3. New technology environment support for multi-dimensional spatial quality 
detecting and feedback 
Caused by the inevitable emergence of various measurement tools and instruments, the highly 
accelerated calculation and improvement on information processing capabilities have greatly enriched 
the type and scope of data. New technology is changing the way people understand and perceive the 
built environment, offering key opportunities for urban planning, urban design, and architecture 
(Hollander et al., 2018). The new technologies include deep learning, virtual reality, eye tracking,  
physiological sensors, etc. 

Deep learning is an important topic in artificial intelligence. Deep learning image semantic segmentation 
can rank street view images to regions and categories which is widely used in street view image analysis. 
The tools can efficiently identify construction elements such as sky, plants, buildings, and greenery in the 
human perspective view (Badrinarayanan et al., 2017). Furthermore, a series of image recognition tools 
have been invented, constantly updated to recognize images. These training models recognize the 
semantic features of the sample model through training on small sample data, then applied in the large-
scale automatic measurement of human-scale spatial elements in the built environment. (Zhang et al., 
2018, Dubey et al., 2016, Ki and Lee, 2021, Naik et al., 2014). 

Virtual reality (VR) has been proposed for various purposes such as design studies, presentation, 
simulation, and communication in the computer-aided architectural design (Fukuda et al., 2021). VR 
construct virtual worlds by using three-dimensional computer graphics objects and provide interactive 
movies via rendering processing. Virtual reality technology has been used in urban design project 
development, external evaluation, and public participation in assisting decision-making (Portman et al., 
2015, Smith, 2015).  

Eye tracking enables us to record unconscious eye movement, enriches understanding of how people 
respond to the built environment (Hollander et al., 2018), and provides new data on ‘unseen’ experiences. 
An increasing popularity of eye tracking methodology for investigating research questions related to 
spatial cognition led by recent technological developments is flourishing (Kiefer et al., 2017), to explore 
the ways that people perceive landscapes, focusing on fixations, saccade amplification, blink rates, gaze 
paths and built environment (Hollander et al., 2020, Lisińska-Kuśnierz and Krupa, 2020, Simpson et al., 
2019). 

Physiological sensors are composed of portable and wearable electrocardiographic sensors, brain 
electrical sensors, skin electrical sensors, and skin temperature sensors, etc (Mavros et al., 2016). The 
wearable physiological sensor technology fused with GPS spatial location data can generate a geo-tagged 
spatial trajectory and provide important support for urban spatial behavior research based on human 
perspective perception signal data (Aspinall et al., 2015, Huang et al., 2019).  
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As shown in Table 2, the effective application of deep learning, virtual reality technology, eye tracking, 
and physiological sensors has been confirmed by many researchers. New technologies in different 
application fields show great potential in urban detecting, deep learning provides strong support for in-
depth analysis of the complex built environment, and more accurate record people’s behavior and 
preception, with the aid of artificial intelligence, virtual reality provides an immersive model that 
audience could participate and then feedback the design, eye tracking and physiological sensor explain 
how people immersed within built environment, provide more accurate behavior and perception records. 
With regard to new technologies applied in urban studies, the limitation of data acquisition has been 
greatly changed, the scope of research method has been expanded and the study efficiency has been 
promoted. 

Table 2. New technology advantages and application fields in urban spatial quality 

types advantages Application fields Supporting References 

Deep 
learning  

large-scale; automatic; 
objective; 

urban elements identify; urban 
image recognizing; urban spatial 
quality; smart city; urban 
attractiveness; urban facade 
color; 

(Badrinarayanan et al., 
2017, Dubey et al., 2016, 
Ki and Lee, 2021, Naik et 
al., 2014, Zhong et al., 
2021) 

Virtual 
reality 

expending visual sense; 
feedback and 
participation; immersive; 

urban design; environment 
planning; participatory design, 
preference and behavior; 

(Fukuda et al., 2021, 
Portman et al., 2015, 
Smith, 2015) 

Eye 
tracking 

real-time rendering; 
immersive 

street facades quality; spatial 
cognition; urban spatial 
visualization; visual engagement 
in street;  

(Hollander et al., 2021, 
Kiefer et al., 2017, 
Lisińska-Kuśnierz and 
Krupa, 2020, Simpson et 
al., 2019) 

Physio-
logical 
sensor 

portable; real-time 
rendering; intensive; 

spatial cognition; urban 
behavior; physiological effect of 
urban environment; 

(Mavros et al., 2016, 
Aspinall et al., 2015, 
Huang et al., 2019) 

Source: Based on the internet search 

 

4. Urban spatial quality development on smart city platform 
In the context of big data, the construction of smart city platform is an inevitable urban development 
trend. The measurement and evaluation of urban spatial quality based on the smart city platform is 
necessary for urban development, but there still exist incompletion and imperfection (Fang et al., 2021). 
Also, the standards for judging the quality of urban space have developed with the construction of smart 
city, here we envision how response to this trend with a five process framework, as shown in Figure 1. 
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Figure 1: Five processes response to smart city. Source: by author 

1)Gather and update the urban spatial data. Collecting the data in open platform, urban sensor 
equipment, network platform, and other scattered information sources  is the foundation of the process.  

2)Filter, classify, and visualize the data. Considering the multi-source and muti-type of unban spatial data, 
it is necessary to reprocess all kinds of data and present them vividly. And it provides smart city with basic 
capacity such as storage, computing, and sharing.  

3)Establish a system to evaluate the data. New technologies and new data support the establishment of 
the evaluation system for evaluating urban quality from multi-dimensions. Based on the evaluation 
system, the urban quality could be quantified, and the spatial quality judged in an objective way 
comprehendingly. In addition, whether the system can meet the basis of city quality and reflect its 
effectiveness is also an important process to judge. 

4)React to urban design principles and strategies. New technologies continuously influence the concept 
of physical space, people's behaviours and activities have undergone great changes and new demands for 
urban space have been put forward. Urban spatial design should be considered for networking, becoming 
a participant in the digital environment, and a component of the smart city network. Sustainability, 
networking, and flexibility are all urban spatial characteristics to be considered.  

5)Urban design and renewal in the near future. Designers need to enhance urban design and urban 
spatial quality in a more objective, sustainable, and human-oriented way.  

These five processes from macro perspective simply show the possibilities that new data and new 
technologies in the cycle process could bring. Although the construction of smart city platform in many 
regions is still in its infancy, the characteristics of new data and new technologies indicate that the 
measurement and improvement of urban space quality will undergo tremendous development, and the 
construction of urban environment will take a new step. 

5. Conclusion 
Under the environment of new data and new technology, many new urban data analysis methods and 
urban design basis have been produced to expand people’s understanding of urban space. Based on the 
smart city platform, the development direction of urban space quality has changed, new technologies 
and new data have given us new in-depth possibilities and new directions in research methods. Futher 
more, the combination of new methods and new data provides a new way of thinking about complex 
scientific issues in urban space, which adapt to the development trend of the smart city, to find more 
effective urban design methods. What we need to focus is not the new technologies and data themselves, 
but the impact on urban spatial design. In which way will our methods of designing evolve? How to 
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connect the concept of the network with urban design? How to uncover the potential of urban spatial 
space in future digital world consciously? How to use technology and the digital Internet based on the 
smart city platform to enhance the value of design? These are the problems we will face. 
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