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Abstract

Urban vibrancy is a topic of great concern in the field of urban design and planning. However, the
definition and measurement of urban vibrancy have not been consistently and clearly followed.
With the development of technologies such as big data and machine learning, urban planners have
adopted new methods that enable better quantitative evaluation of urban performance. This
research attempts to quantify the impact on the urban vibrancy of the urban interventions in-
troduced by the LivingLine project in a residential neighborhood renovation made in Siping Street,
Shanghai. We use Wi-Fi probes to process collected mobile phone data and segment people into
different categories according to commuting patterns analysis. Ve use a pre-trained random forest
model to determine the specific locations of each person. Subsequently, we analyze the behavior
patterns of people from stay points detection and trajectory analysis. Through statistical models, we
apply multi-linear regression and find that urban intervention (well-curated and defined lab events
deployed in the street) and people’s behavior are positively correlated, which helps us to prove the
impact of urban intervention on street dynamics. The research proposes a novel, evidence-based,
low-cost methodology for studying granular behavior patterns on a street level without com-
promising users’ data privacy.

Keywords
Street activities, Wi-Fi data, machine learning, urban vibrancy, multi-linear regression, behavioral
analysis

Introduction

The core of urban vibrancy is real-time human activities (Barreca et al.,2020; Huang et al.,2020;
Lang et al.,2020). To stimulate urban vibrancy, urban designers have developed a handful of urban
intervention toolsets, from shaping the physical features of urban spaces as a vehicle for inviting
human activities, to designing social events as a catalyst for social interactions (Griffiths, 1995).
Thus, understanding and evaluating the impact of these interventions on human dynamics is urgent
to guide strategic urban interventions (Zhong et al., 2020).

Among the various scales of activities that urban designers may look at, the street scale is the
most human-centric and intriguing, but also challenging scale due to the requirement of fine data
granularity (Resch and Szell, 2019). People’s daily life happens on the street scale, so tracking their
activities inside such a small temporal and spatial frame is a meaningful challenge. With the rapid
development of big data technology, planners have a better understanding of crowd behavior and
traffic patterns in urban spaces (Bellomo et al., 2016; Zhang et al., 2021). However, big data research
mostly focuses on the macro-scale such as cities. For street-scale activities, the existing big data is
often inaccurate enough to be more closely integrated with the space in detail. Moreover, most of
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urban big data is controlled by Internet companies and mobile operators, which is not affordable and
accessible (Magalhaes, 2021).

Therefore, we need new methods to conduct more in-depth studies of the activities on the street
scale. This study proposes a novel methodology to collect low-cost and easy-to-deploy street scale
Wi-Fi data. This data is used for studying behavioral patterns of street visitors and to understand
their correlation with social events held in the neighborhood. Do these social events lead to a more
vibrant, diversified street space?

Related works

Street dynamics and urban vibrancy measurements

One of the pioneers in urban studies, Jane Jacobs believed vibrant city life could flourish only in
neighborhoods that met several conditions (Jacobs, 1961). Streets with a clear pedestrian realm,
narrower lanes, separation of local traffic, and more complex intersections were all identified as
elements contributing to the vibrancy of the place (Jacobs, 1993). Based on the traditional definition,
researchers developed different metrics to measure urban vibrancy. Ye et al. (2017) employed new
urban data with analytical methods and found that both typology and density are significant for
urban vibrancy. Barreca et al. (2020) tried to define and measure urban vibrancy by studying its
relationship with neighborhood services and the real estate market.

With the development of sensing technologies, many researchers provided new insights for
studying street dynamics. Empowered by newly available sources of spatial big data, Huang et al.
(2019) proposed a comprehensive measure of urban vibrancy to investigate the associations be-
tween vibrancy and various urban built environment indicators. Williams et al. (2019) utilized
image capture, location tracking, etc., and evaluated the performance according to the Gehl Method
to measure urban public life. Long and Zhou (2016) defined the concepts of street vibrancy,
developing the factors for quantitatively evaluating street vibrancy at the street level, and adopted
linear regression for identifying the impact of each factor on the street vibrancy. Long and Huang
(2019) investigates urban design’s impact on economic vibrancy in 286 Chinese cities, revealing a
significant positive relationship using various urban form indicators.

Application of Wi-Fi data

The application of Wi-Fi data for urban vibrancy analysis has drawn increased attention, albeit with
a persistent gap concerning street-scale analysis. While diverse research has contributed to this
domain, some noteworthy attempts merit special mention. For instance, endeavors have been made
to identify activity patterns and population distribution in the context of urban vibrancy, such as the
efforts by Calabrese et al. (2010) in categorizing wireless access points and Kontokosta and Johnson
(2017) in extracting activity patterns in Lower Manhattan. Simultaneously, innovations in data
integration have been pursued, exemplified by Shen et al. (2020) combining travel and smartphone
usage behavior and Hu et al. (2020) coupling Wi-Fi probes with location data for population
distribution study. Efforts have also been made to enhance the quality of Wi-Fi data; notable is
Chilipirea (2019)’s attempt to refine Wi-Fi remote positioning data for crowd-movement analysis.
Prentow et al. (2015) and Kim (2018) further expanded the scope by leveraging abundant Wi-Fi
spatio-temporal data for large-scale building complexes and correlating Wi-Fi access points with
urban vibrancy measures, respectively. Despite these significant contributions, a conspicuous gap
persists in applying Wi-Fi data to street-scale urban vibrancy analysis—a critical area for
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understanding fine-grained urban dynamics. This paper addresses this lacuna, offering fresh insights
into the potential of Wi-Fi data in studying street-level urban vibrancy Figure 1.

Research framework and methodology

Research goal

The research question of this study is: how is urban vibrancy associated with physical changes and
events?
The objectives of this research include:

- To propose a novel methodology for studying finer-grained urban activities using Wi-Fi signal
data and segmenting them into meaningful groups.

- To understand what factors are correlated with the density and diversity of urban activities and
how significant the correlations are.

Study area

The primary data used in this study were collected on NICE 2035 LivingLine Street (Supplementary
Figure S3), a renovated street of a residential neighborhood located in Siping Road Residential
District, Shanghai (Jiang et al., 2020).

We maintained a publicly accessible wireless network consisting of 50 access points (APs)
distributed throughout LivingLine Street in Shanghai, in which there are 26 outdoor APs covering
the whole street to capture population and mobility patterns, and 24 indoor APs covering labs and
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Figure I. Study areaand AP setup. In the NICE 2035 project, there are 24 indoor APs covering labs and public
places to record human activities, and there are 26 outdoor APs spanning the entire street to record
population and mobility patterns.
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public spaces of NICE 2035 for capturing human activities. From October 1, 2018, to December 31,
2018, 10,687,173 observations and 32,211 unique macs were identified.

Overview of the approach

As previously described, the goal of this study is to propose a comprehensive methodology that
helps to understand human dynamics on the street scale and to find correlations between urban
interventions and street dynamics. As such, this methodology can be useful in the impact evaluation
stage after the implementation of urban renewal projects or place-making activities and has the
potential to support the decision-making stage by inferring outputs of different intervention plans.

As shown in Figure 2, this methodology covers four steps: Data Collection and Cleaning,
Grouping and Positioning, Street Activities Analysis, and Regression Analysis.

Data collection and cleaning

Unlike cellular data, which only triggers observations when devices make phone calls or send text,
Wi-Fi APs constantly collect request data from Wi-Fi-enabled devices in the surrounding area,
regardless of whether the devices connect to the network.

Each AP has a detection range of 15 m and collects data at a frequency higher than 1 hertz. The
APs are plugged into a SIM card to gain access to the internet and are configured to upload newly
collected data to our server every 15 minutes. Once a pedestrian walks through the street, he or she
will pass through detection areas of different APs. Therefore, we can collect the Received Signal
Strength Indicator (RSSI) data between the pedestrians’ mobile device and all the APs.

Each observation from the Wi-Fi AP includes the following variables: a unique mac address of
the probe, a timestamp, the MAC (Media Access Control) address of devices connected to this probe
and the device’s received signal strength indicator (RSSI).

To prepare the raw data for analysis, we took three steps of data preprocessing: converting data
format, filtering out data from non-mobile users, and physical cleaning. Privacy and confidentiality
are non-trivial concerns in the use of location-based data. In this analysis, device MAC addresses are

Mo W Segment people Stay Paints of Explore factors
! into 5 subgroups different groups correlated with
preparation according to visiting density
spatial-temporal and diversity
behavior patterns using MLR
Si‘;lrl,ea?dr;: Remove the Wi-Fi Trajectories of
with Wi-Fi APs router records different groups
using machine
Ioarning model Positioning with Wi-Fi
signal intensity using
: fingerprint algorithm
Convert & : augmented by SVM Indoor/Qutdoor
clean the Activities of
raw data different groups

Figure 2. Overview of research methodology, which covers four steps: data collection and cleaning, people
grouping and positioning, behavioral pattern analysis, and regression analysis.
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anonymous and only aggregated counts are used for analysis. (Details are shown in supplementary
material section 12).

Grouping and positioning

As the street is shared by people with different demographic and social attributes, it’s important to
segment them into meaningful categories, so urban designers can understand the composition and
design interventions for each group specifically.

Besides, activities are inherently related to both temporal and spatial dimensions. To detect
different activities such as staying, walking, and interacting with a certain urban space, we need to
have relatively precise positioning of the devices on the street.

Grouping. Existing methods to study public activities at street scale usually focus on collecting
demographic information. For instance, Liu et al. (2019) introduced a big data method using spatial-
temporal mobility characteristics and interest preferences information in indoor Wi-Fi positioning
data to infer people’s gender and age. But it depends heavily on customer interest preferences, which
are less distinct in a street than in a market. They also find it difficult to make inferences about group
visitors because a group of people may have similar mobility patterns but vary in relation to one
another. In terms of urban intervention on streets, we believe demographic information could be
obtained from census data or surveys, while mobility patterns could be used to extract more
knowledge about people’s activity on the street. Compared with other data sources, Wi-Fi data’s
strength lies in its ability to track individual devices to find recurring patterns after accumulating a
certain amount of data. The application of Wi-Fi data is being gradually introduced into the state-of-
the-art in the context of spatial, urban, and behavioral analysis.

In our study, first we use occurrence frequency to classify users into frequent visitors, occasional
visitors, and seldom visitors. The definitions of each group are in the following Table 1.

After applying the classification rules to all the data, we aggregated data in a single day and
counted unique devices in each category to capture the trend of the overall population. To further
segment the visitor population, we developed a 2-level rule-based classification model based on
these hourly temporal patterns. (Detailed rules are shown in section 12 of supplementary material
and Table S7).

Figure 3 visualizes the mean weekly population by hours, showing meaningful patterns in each
user group. Almost every class has two constantly recurring peaks in a day. For commuters, these
peaks typically appear at 8 a.m. and 6 p.m., which is the same as passersby, aligned with the rush
hours. For residents, they go out a bit earlier on average, at 6 a.m. and come back home at 7 or § p.m.
Resident workers don’t need to commute so their population has less fluctuation. When it comes to
visitors, we find that besides the morning and evening commuting time, there is another lower peak
ataround 7 or 8 p.m., which suggests nearby residents may take a walk after dinner. As expected, the
populations of most groups all go down to zero, except for residents and resident workers. There are

Table I. The occurrence frequency was used to classify users into frequent visitors, occasional visitors, and
seldom visitors.

Class Definition
Frequent Have visited in at least 1/2 out of all the days
Occasional Have visited less than 1/2, but more than 2/7 out of all the days

Seldom Have visited in at least 2/7 out of all the days
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Weekly Wi-Fi activities, by visitor groups, mean counts by hour.
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Figure 3. This figure shows weekly population statistics at hourly granularity, grouped by refined visitor
patterns categories (work & live, live, work, commute, visitors, passersby).

also obvious decreases on weekends for commuters, workers, and residents. These patterns suggest
that our classification model can capture the distinctive activity patterns from Wi-Fi data and has
merit in segmenting people into meaningful groups.

Positioning. In general, there are three kinds of methods (Xia et al., 2017) that utilize the strength of
the received signal to obtain a user’s position: trilateration, approximate perception, and fingerprint
positioning.

We tried both the trilateration method and path loss model at first, but the performances were
insufficient. Then we utilized the Fingerprint Positioning method, which requires neither knowing
the position of APs nor converting RSSI into spatial distances. Instead, it requires us to make a
fingerprint library to conduct the positioning, which has higher accuracy than trilateration. There are
two central phases in fingerprint positioning: offline training and online positioning.

In offline training, we first collected fingerprints in the positioning area in advance. We divided
the street into a 10 m*10 m grid, which has y cells in total. At the center of each cell, we have a
mobile device that remained there for more than 5 min, for which we knew its MAC address. Then
we collect all the RSSI values captured by each AP about this device, and the device’s current
position as a fingerprint. The fingerprint database gradually covered the whole street during an
iterative process.

Then the database was used as the training data set to train a machine learning algorithm. Using
Scikit-learn, different ML algorithms were tested, including K Nearest Neighbor, Random Forest,
Support Vector Machine, and Gradient Boosting.

In the online positioning stage, the collected signal strength information was uploaded to the
server. The information would serve as the input of the regression model to conduct positioning
precisely.
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As the training/test set for the machine learning model, there is a dataset with 678 samples with
50 dimensions (features). By applying different machine learning algorithms to the data, the
performances shown in Supplementary Table S5 reflect the different accuracies of each model. We
chose the Random Forest model due to its high accuracy (82.52% accuracy on test set) and low
variances (standard deviation equals 12.5389 on test set). A visualization of the positioning result is
shown in Figure 4.

Street activities analysis

To build a more convincing and comprehensive model articulating the correlation between urban
vibrancy and NICE2035 events (Supplementary Table S3), a behavior pattern analysis, including
stay points and trajectories of people in the street, needs to be performed.

Stay points analysis. Stay points can reflect pedestrians’ activity information and transform spatial
trajectories into semantic trajectories. Through the number, density, location, and time interval of
stay points, we can analyze the impact on pedestrians, and then determine whether the urban
intervention changes people’s activities and behavior patterns and urban vibrancy.

The detection of staying points can be used to help mine the user’s GPS trajectory. These staying
points are places and locations of interest to specific users, upon which businesses could provide
personalized recommendations for users (Li et al., 2008). The same stay point detection algorithm is
used to process geolocated telecom data to analyze and perform cluster analysis to obtain activity
groups of different scales and forms of types and personalities (Noyman et al., 2019). In addition, a
speed-based recognition algorithm is also used to extract the staying points in the trajectory (Cai
et al. 2020).

There are two thresholds that need to be defined: time and space (timeThreh & distThreh). After
analyzing the data according to the scale of the venue and the fine-grained basic cognition and
control of the time of pedestrians’ activity, we suppose 10 min and 20 min can be used as two
thresholds to detect stay points.

§ ewer poople Positionings Visualization
201871015
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Figure 4. Visualization of positioning: daily people density heatmap (sample of Oct. 15, 2018). Each cell
represents some records of people’s appearances and the darker it is, the more records were captured.
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Figure 5 shows the visualizations of positions and stay points. 6 different colored dots represent
position points with circles representing stay points, of which the diameters shows stay time. These
two graphs compare two Thursdays, on one of which there was activity during the chosen time (2:
40-2:50 p.m., Oct. 6, 2018), while on the other day, there was no event in NICE2035 Lab at all. From
Figure 5 we can infer that there are more stay points during the time with activities. Also, a, b, c, e
groups of people have more population as well as stay points than groups d and f, which include
commute and pass-by people.

Trajectory analysis. We use trajectories to represent the movement activities of people in the street.
From trajectory data, we can gain rich information about not only spatial but also social processes in
urban environments.

We divided the block into eleven areas, shown in Supp Figure S9, according to the function of
each part, classified the preprocessed data according to each person and hour, and regard each
person’s activity in 1 hour as a trajectory. From 8:00 a.m. to 20:00 p.m., we make statistics on the
number and distance of the areas that the pedestrian trajectory passes through, and the results are
shown in Supp Figure S1. It can be found that the trajectories for staying in identical place (max
distance equals 0) and crossing all areas (max distance equals 10) are significant. So, we divide all
people into three categories: single-region, whole-region, and partial-region. For each category, we
also show the frequency analysis of people in each region respectively (Supp Figure S1). For the
partial-region people dataset, which has both data sufficiency and diversity, we used cluster analysis
to further mine the impact of the urban intervention on move events.

To perform the clustering analysis, we first performed the calculation of the affinity matrix based
on the pre-processed data and obtained the similarity between every two trajectories. The similarity
between trajectories is measured in two dimensions, geometric similarity, and semantic similarity.
(Details are shown in supplementary material section 2).

As shown in Figure 6, we obtained four representative trajectory clusters and plotted them on a
street section diagram (refer to Supp Figure S9) using edge bundling (Gansner et al., 2011). We must
highlight that the C1 and C4 trajectories are clustered in the right half of the block, that is,
Warehouse, Rubbish Station (Right), Residential Area (Right), and Market. This is the area with the
highest frequency of move activities mentioned previously and combined with the semantics of the

Dec. 6, 2018, Thursday, 2:40 - 2:50 PM. Activity from 2:30 PM to 3:00 PM

Dec. 13, 2018, Thursday, 2:40 - 2:50 PM. No activity.

Figure 5. Location points and stay points, which infer that there are more stay points during the time with
NICE2035 events. Also, a, b, ¢, e groups of people have more population as well as stay points than groups d
and f, which include commute and pass-by people.
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Figure 6. Four representative clusters generated by K-Medoids clustering, which shows that four different
clusterings of trajectories might have associations with various types of activities in different areas.

sections, these two types of move activities are related to people’s routines. As for C3 movement
events, they have a very significant east-west displacement, so most of the trajectories may be
related to traversing the LivingLine, such as commuting. Regarding C2, these types of movement
activities pass through the Warehouse(H) and frequently reach the convenience store and
housekeepers sections (E,F,G). Compared to C1 and C4, the visualization shows that the trajectories
of cluster C2 are attracted to the left side of the street, and geometrically these trajectories connect
the Lab section(D) and the right end of the street, which shows that C2 is the most relevant cluster
for trajectories related to lab-related events. We then used statistics to confirm these correlations.

As shown in Table 2 and Figure 7, we calculated the frequency and percentage of move activities
for days with NICE2035 events and days without NICE2035 events separately, according to the four
representative clusters. In Figure 7, it is observed that the frequency of C1 is the highest in the
routine situation. In contrast, there is a significant increase in the C2 category move activities on
NICE2035 events days, overtaking C1 as the highest frequency category, which confirms the
correlation between C2 and NICE2035 events.

Regression analysis

The ultimate objective of this research is to provide a methodology for understanding the impact of
urban interventions on street dynamics, especially on the mobility patterns of different groups of
people. In our case, we retain a special focus on whether the NICE2035 events have made a
significant impact. We use a panel data regression model, a model that can capture the linear
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Table 2. Comparison of the composition of move activities with and without NICE2035 events separately,
according to the four representative clusters.

Dates w/NICE2035 events Dates w/o NICE2035 events

Move activities type Frequency Percentage (%) Frequency Percentage (%)
Cl(Routine N) 5880 32.68 27,555 33.63

C2(Lab) 6290 34.95 24,613 30.04
C3(Commuting) 4608 25.61 21,156 25.82
C4(Routine S) 1217 6.76 8602 10.50

Total 17,995 100 81,926 100

o Histogram of all move activities ) i Histogram of move events on days wio events s Histogram of move events on days w/ events
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Figure 7. Histogram of move activities frequency by move activities type, which infers that the frequency of
Cl is the highest in the routine situation and confirms the correlation between C2 and NICE2035 events.

relationship between multiple variables and features in panel data, to describe how different di-
mensions of human activities depend on several predictor variables.

Panel data, also known as longitudinal or cross-sectional time-series data, is a dataset in which
the behavior of entities is observed across time. In our study, human dynamic patterns in a certain
period of the day are considered unique subjects—for example, the number of devices belonging to
the residents’ group from 8 a.m. to 9 a.m., representing the cross-sectional dimension. Each subject
is observed for multiple days over a 3-month span, representing the time series dimension. Panel
data allows us to control for variables we are not interested in, like differences across hours of the
day.

Equation (1) shows the equation for panel data regression in our study:

Yit = p,Events; + p,Rain;, + pyTemp; + p,Weekday,, + fsMonth;, + o; + p,, )

where «;(i = 1...n) is the unknown entity-specific intercept for each entity. Yit is the dependent
variable where i represents entity and t represents time. .X;, represents an independent variable, and
B, to B, are the coefficient for that independent variable. And g, is the error term.

Human dynamics may not only be influenced by urban intervention, but also by environmental
factors such as rain and temperature. There are several time-variant dummy variables included as
regressors: Events;; denotes whether an NICE2035 event was happening at time t for subject i, and
Rain;, and Temp represents the weather condition at the time. And because the data over a 3-month
span has an obvious time-series characteristic, the human dynamic will naturally fluctuate between
weekdays and weekends and vary between different months, which is not the focus of this study. A
month dummy Month;, and weekday dummy Weekday;; are introduced to absorb the effects related
to months and weekdays.

The model is fitted by finding the values of the parameters f, to S5 so that the sum of squared
estimation errors is minimized. Panel data regression can provide intuitive insights into the
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relationship between variables, including p-values, which indicate the level of statistical signifi-
cance of a relationship. And R-Square is a measure of how well a linear regression model fits the
observed data.

Correlation with populations. From the regression result, we find that NICE2035 events may have a
certain positive impact on the number of residents and workers, but not significantly (Table 3). This
means it still does not retain sufficient attraction for people who have already been working or living
in this street. However, we found that NICE2035 events cause a significant increase in commuters,
visitors, and passersby. The most obvious impact is on visitors, where the average number of visitors
per hour will increase by 6.5 during the NICE2035 events period. This number was 2.26 for
commuters and 2.95 for passersby. This shows that the NICE2035 events may have a major
activating effect for attracting people outside of the street. They are the main target groups of the
activities, and the result shows that the NICE2035 events have been an important reason for their
visit.

In addition, we also found that rainy days have a strong negative correlation with workers,
visitors, and passersby. This is also instinctive because the old alleys are not easy to traverse on rainy
days. And compared to weekends, there will be more resident workers, workers, and commuters
every hour on weekdays, while the number of residents is significantly reduced because they will
leave the community to work outside, which also aligns with common sense.

Correlation with stay points. We detected the stay points from 8:00 to 20:00 for all 93 days of
observation data, and analyzed the data as follows in Table 4:

The NICE2035 events have a positive impact on pedestrian activities and are directly reflected in
the stay points. During the event period, the number of stay points for all groups of people has an
increasing tendency. What is more significant is that the average number of stay points for residents
per hour will increase by 4.040, and the number of visitors will increase by 2.973. The result shows
that the NICE2035 events may have attracted these two groups of people to stay.

Correlation with trajectories. We counted the number of trajectories from 8:00 to 20:00 in 93 days and
divided the trajectories into two parts: laboratory-related trajectories and laboratory-unrelated
trajectories.

For the laboratory-unrelated trajectories (Table 5), we can see that resident workers, commuters
and visitors are greatly affected by NICE2035 events, and the number of trajectories has increased
significantly.

For laboratory-related trajectories (Table 6), the data shows that the impact of NICE2035 events
on commuters is not significant. Resident workers and visitors are still greatly affected by
NICE2035 events.

Interpretation on analysis result. Our regression analysis indicates that NICE2035 events have a
limited impact on the number of residents and workers, but significantly increase the number of
commuters, visitors, and passersby. Notably, the effect on the number of visitors is particularly
significant, with an average hourly increase of 6.5 people, and there is an increasing trend in the
duration of stay for both residents and visitors. Additionally, there is a significant increase in
trajectories for resident workers, commuters, and visitors.

These findings suggest that NICE2035 events have the ability to attract more external pop-
ulations to visit and stay. As Noyman et al. (2019) suggested, this staying behavior is an indication
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of higher social activity and interaction, which means NICE2035 events promote social engagement
and interactions, thereby enhancing urban vibrancy.

Conclusion

This study proposes a comprehensive, extensible evidence-based methodology to study street-scale
human dynamics, which are crucial for successful urban intervention design. Although the cor-
relations we found between physical changes/events and urban vibrancy are not always significant,
and the data accuracy of the model needs to be improved, this study has demonstrated the capability
of understanding real-time human dynamics on the street, identifying correlations between urban
intervention and street dynamics in both temporal and spatial dimensions. The data used in the case
study of LivingLine Shanghai were purely based on Wi-Fi probe data, which is low-cost and easy to
collect. The low cost of this approach enabled it to be implemented on a large scale. Additionally, the
sound accuracy of Wi-Fi sensing makes it a powerful tool to study fine-grained real-time human
behavior. Finally, there are two findings that we want to highlight as a validation of the methodology
used: First, as explained, our proposed methodology successfully captured fine-grained temporal
(by minutes) and spatial patterns of urban vibrancy that happened on Siping Street, Shanghai.
Second, as expected, the density and diversity of laboratory-unrelated users are significantly
correlated with the weather, weekday, holiday, and urban interventions.

This study has several limitations that should be considered. First, there might be a bias that most
data is from younger generations, since the elders might don’t use cell phones or smartphones; thus,
the Wi-Fi probe method doesn’t work for them. Besides, the smartphone operation system might
change MAC address to keep user’s privacy, which might create bias in the data collected in this
method. Lastly, there is room for further improvement in the positioning accuracy of Wi-Fi, and it
would be valuable to explore some cutting-edge approaches (Shen et al., 2016) to achieve this.

In a conclusion, with minor limitations, the methodology we proposed is yet one of the most
promising and insightful methods for conducting urban measuring street-level urban vibrancy and
understand its correlation with urban interventions without compromising users’ data privacy. Our
method has potential applications in analyzing the effects of fine-grained urban interventions on
urban vibrancy, as well as providing quantitative evidence for space usage evaluation.

As the next steps, we plan to elevate our research by utilizing LivingLine as an urban living lab.
We will gain insights from the daily urban dynamics of a traditional street, where we can implement
our indoor—outdoor collaborative method to study people’s travel between different types of spaces
and their interactions with various objects. This will allow us to further explore our findings and
demonstrate the potential applications of our approach in real-world settings.
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