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Abstract: Crowd activity is an important indicator of commercial streets’ attractiveness and devel-
opmental potential. The development of positioning technologies such as GPS and mobile signal
tracking has provided a large amount of trajectory data for studying crowd activities on commercial
streets. These data can not only be used for the statistics, extraction, and visualization of crowd
information, but they also facilitate the exploration of deeper insights into dynamic behaviors, choices,
trajectories, and other details of crowd activities. Based on this, this article proposes a new framework
for analyzing crowd activities to explore the spatial activity patterns of crowds and understand the
dynamic spatial needs of people by analyzing their correlations with local formats. Specifically, we
analyze the spatial activity characteristics of a crowd in the Lao Men Dong Commercial Street area by
identifying the stay points and trajectory clusters of the crowd, and we establish a regression analysis
model by selecting commercial street format variables to evaluate their impact on crowd activities.
Through case analysis of the Lao Men Dong Commercial Street, this study confirms that our method
is feasible and suitable for spatial research at different scales, thereby providing relevant ideas for
format location selection, spatial layout, and other planning types, and for promoting the sustainable
development of urban spaces.

Keywords: commercial street formats; analysis of crowd activity characteristics; stay behaviors;
crowd trajectory cluster; CAE; Wi-Fi probes

1. Introduction

The transformation of consumer patterns and the structural transformation of com-
mercial formats have raised concerns about the vitality and survival capacity of commercial
streets [1]. The rise of new shopping methods such as online retail and food delivery is grad-
ually changing people’s consumption patterns, and the constantly changing combination
of formats is also having a strong impact on the stable development of commercial streets,
leading to a gradual loss of their attractiveness [2]. For example, although the number of
people in Nanjing’s commercial streets on National Day reached 1.379 million in 2021, it
was still down by 22.89% compared with 2020 (http://wlj.nanjing.gov.cn, accessed on 11
December 2022). Considering the impact of the COVID-19 epidemic, this drop in numbers
is still related to the decline in the attractiveness of commercial streets; the vacancy rate of
commercial street stores in Japan rose from 8.98% in 2006 to 14.62% in 2012, and this is an
annually increasing trend [3]. In response to this declining trend, understanding the rules
governing people’s activities and space requirements is the main approach to effectively
deal with the current situation of commercial streets. On one hand, the dynamic activities
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of crowds are the main driving factors of changes in commercial streets [4]; on the other
hand, crowd activities are also dynamically updated with changes in the time and space of
commercial street environments [5–8]. Meanwhile, formats are different business forms de-
veloped by operators through the combination of corresponding elements to meet different
consumption needs, and they are used to represent the existing or realized forms of retail
and service industry activities. The choice, changes, and specific forms of formats are active
choices made by retail operators as consumer-positioning changes. The formats’ function
and intensity of a commercial street directly indicate the economic development level of
the commercial street [9]. Therefore, it is crucial to analyze the characteristics of crowd
space activities in commercial streets and guide the rational layout of formats to improve
the competitiveness of commercial streets and promote their sustainable development.

Researchers from various fields have conducted in-depth explorations and research on
how to better understand people’s spatiotemporal activity patterns to guide the dynamic
and stable development of spatial environments. Previous studies have mainly focused
on measuring human activity space; through methods such as the standard deviation
ellipse [10], minimum spanning tree [11], and space-time prism [12], we have gradually
developed a clear understanding of human spatial activity. With the paradigm shift brought
about by big data and machine learning in the quantification of commercial-street space
indicators [13,14], the development and use of data such as those from location-based
services [15,16] and social media [17,18] have facilitated a large number of studies on
the spatiotemporal activities of crowds. For example, Yang used nighttime light data to
represent the intensity of crowd activities in different regions and used Gaussian functions
to visualize and model the spatial waves in the change in human activity intensity [19].
Meanwhile, innovations in research methods have deepened our understanding of crowd
activity. The mining of algorithms such as kernel density estimation, dynamic community
detection, and unsupervised learning algorithms helps us interpret human spatiotemporal
activity rules from a deeper perspective [20–22]. The discovery of periodic patterns, cluster-
ing patterns, outliers, and other patterns of crowd activities guides us to pay attention to the
connection between different groups of people with different social attributes and spatial
characteristics [23–25]. In addition, the mining of quantitative indicators of crowd activities
provides strong support for analyzing the spatial regularity of crowd activities [26–28]. Bao
et al. proposed an algorithm to identify the home location of Twitter users and combined it
with the radius of gyration of crowd activities to analyze the daily activity patterns of the
crowd [29]; Xu et al. used a trajectory segmentation method to extract six movement indi-
cators in crowd activity data to quantify crowd activity characteristics [30]. These studies
have overcome the limitations of traditional methods, such as difficult data collection and
insufficient in-depth analysis of activity patterns and have provided a more comprehensive
understanding of how people pass through and use space. However, current research
methods on crowd activities in commercial streets mainly aim to analyze the correlation
between crowd gathering areas [21,31] and the built environment [32]. Since location distri-
bution does not reflect the details of crowd activities, such as activity types and trajectory
characteristics, this limitation makes it difficult to determine behavioral choices and activity
paths in space, thereby affecting the overall understanding of the utilization of commercial
street spaces. Therefore, further research is still needed on how to determine the dynamic
activity characteristics and behavior selection process of people in the environment.

Crowd activity is an important indicator of the attractiveness and development potential of
commercial streets [33]. The characterization of crowd activities in commercial streets is not only
the product of the number of people and the distribution of time and space locations, but also
the result of a series of the activities produced by the selection of the formats of the commercial
street, which jointly reveal the characteristics of the associated crowd activities. Among them,
crowd trajectories contain information such as the location distribution and activity status of
people, which can intuitively reflect the activities and types of crowds [34]. Therefore, analyzing
the characteristics of crowd activities in commercial streets based on crowd trajectories can more
accurately demonstrate the activity patterns of people in these streets.
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In this context, we propose a framework to analyze the characteristics of crowd ac-
tivities based on the perspective of people’s stay and movement in commercial streets.
The residence time and area of the crowd are the main contents of analyzing crowd activi-
ties [35], and the stay behavior reflects how people are carrying out activities corresponding
to the type of the formats. For instance, people stay in the catering space with the purpose
of eating. Studying the movement trajectory characteristics of people in commercial streets
can help us evaluate the advantages and disadvantages of the functional layout and spatial
planning of commercial streets and provide feasible suggestions for the functional layout
of commercial streets [36]. Therefore, studying the activity characteristics of people’s move-
ment and stay to master their behavioral states in commercial street spaces is helpful to
understand people’s usage of different spaces in commercial streets and reflect the degree of
attraction of various types of format spaces to crowd activities, thereby providing a strong
reference for commercial street planning, meeting people’s space needs, and achieving the
sustainable development of commercial streets.

In this study, we focus on the behavioral choices of people in a commercial street, analyze
the dynamic activity characteristics of the crowd by determining people’s stay patterns and
activity trajectory clusters, explore the activity information of the crowd in the commercial
street at different times and spaces, and analyze the behavioral choices and activity trajectory
clusters of people in space to enhance our understanding of the use of different spaces in
commercial streets, thereby promoting the sustainable development of commercial street
spaces. Based on this, we explore the correlation between crowd activities and commercial
street formats by establishing a regression analysis model. Therefore, the study aims to answer
the following two questions: (1) at the commercial block level, what are the characteristics of a
crowd’s stay activities and spatial trajectories? (2) What is the relationship between crowd
activities and formats based on trajectory clusters? By answering these questions, we aim to
understand the dynamic spatial needs of crowds and provide a reference for the spatial layout
and location selection of commercial street formats.

The remainder of this paper is organized as follows. Section 2 reviews and discusses
previous studies. Section 3 introduces the research site and methodological design. Section 4
discusses the results of the analysis. Section 5 presents the findings, innovations, and
limitations of this study, and Section 6 provides a summary.

2. Literature Review

To better understand crowd activities and their relationship with commercial formats,
we conducted a literature review on the application of pedestrian activity trajectories and
the correlation between crowd activities and formats.

2.1. Related Research on Pedestrian Activity Trajectories

The mining of pedestrian trajectory data provides a good opportunity for research
in related fields concerning cities and can be divided into two types: macroscopic and
microscopic. At the macro level, pedestrian activity trajectory patterns can reflect spatial
connections and usage [37] and show the temporal and spatial distribution characteristics
and mobility laws of the urban population [38,39]. Additionally, the analysis of pedestrian
activity trajectory characteristics can complement the shortcomings of traditional techniques
in urban spatial research. For example, Chris et al. conducted a multi-modal observation of
the number of people in different locations to determine the fairness of streets’ spatial locations
to users [40]. Williams et al. measured public life based on image processing technology [41].
Some Chinese scholars’ research on related aspects mainly reflects the urban land use types
and functional properties through crowd activity patterns. Liu et al. combined pedestrian
trajectory patterns and the remote-sensing image recognition of urban land use types to study
population activity characteristics in various urban functional areas [42]; Zhang et al. modeled
the relationship between pedestrian trajectory information and urban mixed land use and
analyzed urban structure and land use [43]. In addition, the study of activity trajectories
contributes to the identification of urban spatial structures and hotspot spatial regions [44–46].
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At the micro level, because pedestrian activity trajectories can intuitively record peo-
ple’s spatiotemporal distribution, behavior types, and dynamic activities [34,47,48], some
researchers have used pedestrian activity trajectories to analyze a crowd’s walking prefer-
ences and spatial vitality evaluation. Research suggests that factors such as route length,
travel time, and walking purpose are all considerations for walking choices [49–53]. Sevtsuk,
et al. compared pedestrian route choices under different models based on the pedestrian
trajectory data set of San Francisco and explained the estimated route characteristics of
pedestrian route preferences [54]; Yamamoto et al. found that roadside restaurants have
different effects on route choice on weekdays and holidays by building a nested logit model
of downtown-area patterns and walking-route-choice behavior [55]. Similarly, pedestrian
trajectories are an important data support for spatial vitality evaluation. For example, Niu
et al. established an analytical framework for the vitality of small public spaces based on
pedestrian trajectories [56]. Related studies in China mainly use pedestrian trajectories as
data support and apply them to the measurement of the vitality evaluation system of small
public spaces. Hou et al. quantified the use of public spaces through people’s location
information [57]. In addition, pedestrian trajectories explain the link between population
activity and factors such as climate and accessibility [58,59].

2.2. Research on the Correlation between Population Activity and Formats

The relationship between formats and crowd activity has always been an important
research topic in urban development. Studies have shown that formats and crowd activity
are closely linked [60–65]. For example, M. Frick, et al. used exploratory spatial statistics
and ordinary least squares (OLS) regression to analyze the correlation between retail
format density and school proximity and socio-demographic differences in New York
City, and they evaluated whether there were differences in retail format agglomeration
patterns [66]. Berendes et al. evaluated customer trajectories to study crowd activity
behavior in commercial streets and revealed different clusters of crowd activities through
cluster analysis [67]. As one of the factors influencing people’s travel activities, formats
can help automatically generate journey paths for different groups of people. Santos et al.
proposed a personalized travel recommendation system based on points of interest (POI) to
provide personalized and diversified recommendations for different groups of people [68],
indicating that the function and accessibility of formats can improve the travel experience
of a group. Chinese scholars have mainly analyzed the impact of various characteristics
of formats on crowd activities. Shi et al. coupled the spatial relationship between crowd
activity and formats and proposed a correlation index between the aggregation of different
types of formats and population [69]. Population activities are important factors influencing
the spatial layout and location selection of formats [8,70]. Shi et al. quantitatively explored
the significant impact of population activity on the number of takeaways through a spatial
econometric model [71]. Similarly, the characteristics of formats, such as density and
diversity, have different impacts on crowd activities [35,72]. Chen et al. used street view
images and machine learning technology to identify crowd activity and proposed that the
number of various types of formats is positively correlated with pedestrian activity [73].

To sum up, crowd activities are closely related to the spatial environment. However,
research on the correlation between crowd activities and commercial street formats is
still limited. Therefore, taking into account the dynamic characteristics and continuity of
people’s activities in space, this study used continuous trajectory data to determine the use
of commercial street space by identifying the spatial status (moving or staying) of people,
and starting from the subjective perspective of the crowd, it is related to the commercial
street format to supplement the research content in this aspect.

3. Data and Methods
3.1. Study Area

The study area is located on the Lao Men Dong Commercial Street in Nanjing City,
Jiangsu Province, and covers an area of approximately 700,000 square meters (Figure 1).
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Lao Men Dong Commercial Street retains the historical buildings of the Ming and Qing
dynasties, reflecting the style of traditional residential houses in Nanjing. On the basis of
developing its own historical and cultural characteristics, the commercial street introduces
many types of industries, such as gourmet catering, leisure, and entertainment, and forms
a walking-oriented space environment, which is one of the national 5A [74] scenic tourist
spots. The pedestrian flow in the densely populated area where Lao Men Dong commercial
street is located ranks first in the Jiangsu Province tourism consumption cluster. During
the National Day holiday, passenger volume has reached 2.05 million people. (http://wlj.
nanjing.gov.cn, accessed on 11 December 2022). There are many types of formats in the
commercial street, which are mainly distributed in strips on both sides of the middle of
the commercial street. This article reorganizes formats into 7 commonly used categories
based on their classification standards [9] (Table 1), among which there are many types of
catering formats that provide catering and other services for tourists. However, the number
of public services and other types of formats is relatively small. This commercial street is
characterized by frequent population flow and a diversified formats structure, and it is
suitable as the research object of this study.
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Table 1. Statistics of Lao Men Dong commercial formats form.

Serial Number Format Division Quantity Type

1 Food 82 Restaurant, snack, sweets and dessert,
coffee shop, teahouse, and bar

2 Shopping 52 Store, house building materials, hotels, home
appliance, specialist shops, shop, and market

3 Life service 36 Graphics express printing,
photo studio, and lottery sale

4 Leisure 33 Cinema, theater

5 Tourist attractions 26 Art museum, exhibition hall,
museum, and scenic spot

6 Public service 12 Public toilet, government agencies

7 Others 19 Clinic, drugstore,
other non-commercial functions

Source: We obtained formats data from the Gaode Developer platform (https://lbs.amap.com/, accessed on 11
December 2022).

http://wlj.nanjing.gov.cn
http://wlj.nanjing.gov.cn
https://lbs.amap.com/


Sustainability 2023, 15, 16838 6 of 23

3.2. Data

This study used three types of data: formats, road network data, and crowd trajectory
point data. Formats and road network data were collected from the Gaode Developer
platform (https://lbs.amap.com/, accessed on 11 December 2022). using Python. The
formats data primarily included the formats’ name, category, spatial location, and other
information. Road network data primarily include information on road lengths, widths,
and spatial locations. Population trajectory point data were collected using Wi-Fi probe
devices, and the time–space position information of the trajectory points was calculated
using Python. In addition, according to field research, population activities in the Lao
Men Dong commercial block are most frequent between 13:00 and 20:00. Therefore, this
study collected data from 13:00 to 20:00 on 26 November to 7 December 2022; these dates
were chosen to avoid national statutory holidays, poor weather conditions, etc., and crowd
activities are relatively less affected by external factors, so these special circumstances
would not affect the research results.

Cleaning of raw data is essential to ensure data accuracy. We checked the accuracy
of the formats and road network data through field research and cleaned and changed
incorrect and incomplete data. For example, for roads that were too low in grade and
not collected by the Gaode developer platform, we completed the road network data by
manually recording information such as the length, width, and spatial coordinates of both
ends of the road.

3.3. Method

In order to determine the characteristics of formats that affect crowd activities, we
obtained and calculated crowd trajectory data based on Wi-Fi probe equipment and con-
structed a research framework that explores the characteristics of crowd activities and
links them with commercial street formats (Figure 2). This framework comprises two main
parts. First, we proposed an analysis method based on trajectory data to mine crowd activ-
ity characteristics and obtain dynamic and continuous spatial information on crowds on
commercial streets by analyzing crowd stay characteristics and trajectory clustering. Sub-
sequently, the characteristics of crowd activity and variables of commercial street formats
were analyzed, and a regression analysis model was introduced to explore the correlation
between commercial street formats and crowd activities.
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3.3.1. Acquisition of Crowd Trajectory Data

With the gradual increase in the penetration rate of smart phones (https://www.
statista.com/statistics/201183/forecast-of-smartphone-penetration-in-the-us/, accessed
on 11 December 2022), many scholars have gradually begun to use Wi-Fi detection data
to analyze the characteristics of human activities [75,76]. Although the data provided by
traditional methods such as questionnaires and interviews are detailed, there are disadvan-
tages such as high costs and difficulty in large-scale research, compared with methods such
as GPS and video surveillance. However, the data of Wi-Fi probes have the advantages of
a high accuracy and wide coverage [56], so this study used Wi-Fi probes to obtain crowd
trajectory data [36,77]. According to the effective monitoring radius of 150 m of Wi-Fi
probe devices, the study set up 6 Wi-Fi probe devices in Lao Men Dong Commercial Street
(Figure 3). The location of the equipment ensured that the entire high street could be
covered, so that all crowd data generated on-site could be collected. At the same time,
considering the high concentration of people in and around the central area of Lao Men
Dong Commercial Street, the Wi-Fi probe equipment were concentrated in these areas as
much as possible to collect more accurate and comprehensive crowd data, and to be able to
further analyze crowd activities in the commercial street.
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Due to the large amount of crowd trajectory point data obtained, the trajectory point
data inevitably had information loss, obvious deviation from other trajectory points, and
data duplication. Missing information, such as received signal strength indication (RSSI),
media access control address (MAC), and abnormal track points, could be deleted directly
because it could not be supplemented reasonably; in the situation that the trajectory point
data kept repeating during the survey period, the information of fixed devices such as
merchants’ fixed routers and researchers’ computers were also be received by the Wi-Fi
probes. After processing the data, python programming was used to calculate the spatial
position information of the people, importing the output into the ArcGIS platform for
visualization and subsequent analysis.

3.3.2. Crowd Spatial Characteristics Analysis Method

Current research on crowd activities is mainly based on people’s spatial coordinates,
time, and other information, using methods such as kernel density analysis, hot and cold
spot analyses, and trajectory clustering to explore people’s distribution characteristics and
behavior patterns. By connecting them with external factors of different types such as the
built environment, climate, and social attributes, we could explore the impact of crowd
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activities on the external environment. However, people are always accompanied by a
dynamic behavioral process of moving or staying at a spot in space, so it is important to
understand what activities people like to perform at what time. Although these methods
can intuitively display people’s space needs, they cannot help us understand the behavioral
preferences of the crowd in a refined manner, nor can the purpose of people’s behavior (rest,
walking) be known. Therefore, we mainly analyzed the characteristics of crowd activities
from the two perspectives of stay and movement, and we also analyzed the degree of use
of space-related configuration facilities and the use of space at different times, so as to help
the city better meet people’s needs for the use of different spaces.

We mainly analyzed the characteristics of crowd activities from the perspectives of
stay and movement, and we used methods such as stay point identification, road network
matching, and CAE (Figure 4). Because of the randomness of crowd activities and the
diversity of travel purposes, the effect of similarity measurement on trajectories determined
through supervised learning algorithms is poor [78]. Therefore, before clustering and
analyzing crowd trajectories, we used the road network matching algorithm to make up
for it. The road network matching algorithm can convert complex trajectories into simple
crowd travel sections to improve the accuracy of trajectory clustering. Therefore, it can
effectively make up for the shortcomings of CAE processing data and obtain crowd activity
characteristics by combining with CAE trajectory clustering.
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The first step is to identify a crowd’s stop points so that characteristics such as travel
preferences, behavior patterns, and purpose of activities of the crowd in the commercial
street can be explored [79]. Identification of crowd stay is based on two thresholds of
space and time [35] (Figure 5); this study used the spatio-temporal density-based spatial
clustering of application with noise (ST-DBSCAN) algorithm to identify crowd stay points.
The ST-DBSCAN algorithm can simultaneously consider the time and space distance
thresholds of trajectory points and accurately extract trajectory points that meet the stay
criteria on a three-dimensional scale by setting corresponding constraints. According to
field observations, this study set the spatial distance threshold and time threshold as 5 min
and 10 m, respectively; that is, when some track points of a person were always moving
within 10 m within 5 min, these trajectory points were determined as a population stay and
regarded as one stay.
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The second step is to perform road network matching to simplify the travel trajectory
of the crowd and improve the accuracy of trajectory clustering (Figure 6). Before road
matching, we must first determine the road network to be matched; therefore, we drew
the road’s centerline based on the original road network of Lao Men Dong Commercial
Street and generated the information topology table for each road (Table 2). Second, we
used multi-criteria dynamic programming map-matching (MDP-MM) [80] for the crowd
trajectory matching of road networks. The MDP-MM algorithm can reduce the number
of candidate paths corresponding to each trajectory point, further match the optimal
path of the crowd trajectory, and ensure the accuracy of road network matching when
computational complexity is reduced. Finally, we selected spatial proximity (h(ri

x,1)) to
judge the best matching path, as spatial proximity is considered to be an effective route
evaluation criterion [81], and we compared each candidate path by calculating the sum of
Euclidean distances between different trajectory points and each candidate point, as shown
in Formula (1). When the value of spatial proximity is at the minimum, the matched path
is the optimal matching path of the trajectory, and the candidate point is the best candidate
point. As shown in Figure 6c, since the value of d1

1 + d2
2 + d3

2 + d4
1 is at the minimum, the

red trajectory line is the optimal path for trajectory point matching.

h(ri
x,1) = ∑∀pi

di
x (1)

In Formula (1), i refers to the number of trajectory points in the personal trajectory
path; x refers to the serial number of the candidate point, with a value of 1 or 2; pi refers to
the trajectory point; and di

x refers to the number of points from the trajectory point to its
candidate straight-line distance between points.

Table 2. Partial road information topology table.

Name Length (m) Starting Point Coordinates Target Point Coordinates

f1 45.92 118.7827855, 32.0150326 118.782684, 32.0146936

f2 50.86 118.7817985. 32.0138379 118.7813574, 32.0139388

f3 26.18 118.7821165, 32.0129845 118.7823343, 32.0129092
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The third step involves clustering analysis of crowd trajectories to obtain the spatial
activity characteristics of crowd dynamic continuity. We used CAE to perform cluster
analysis on crowd trajectories. CAE can overcome the noise that appears in trajectory
line clustering, extract the features of trajectory images, and generate eigenvector values,
which can replace images for cluster analysis, thus fully meeting the needs of subsequent
clustering algorithms, and it has a high accuracy for image clustering [82]. First, we
constructed the structure of CAE by setting various parameters (Figure 7), input the
collected 14,257 trajectory image data into CAE as a training data set, and generated the
corresponding output image. During training, the weights of the neural network were
adjusted to reduce the error between the input image and the output image, and they were
evaluated based on the loss value to ensure that the input image maintains a high degree
of similarity with its output image after training. After gradually extracting the features
of the trajectory image data, we calculated the feature vector values and determined the
crowd trajectory clusters by introducing the K-means clustering algorithm and silhouette
coefficients. As shown in Figure 8, when K = 4, the silhouette coefficient reached its highest
value, indicating a better clustering effect. Therefore, there are four main types of trajectory
clusters in the crowd trajectory on the Lao Men Dong Commercial Street. Finally, the
different trajectory clusters were visualized using ArcGIS 10.2 software.
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3.3.3. Variable Selection and Statistical Analysis

Sorting out all the types of variables was the most critical part of the analysis (Table 3).
First, we established a 10 m buffer zone for each type of crowd trajectory cluster to determine
the range of crowd activities and used it as an analysis unit. Then, we set crowd activity as
the dependent variable of the correlation study and selected the number of people in different
analysis units and the number of stays per capita to represent the characteristics of the crowd
trajectory and the characteristics of the crowd stay for the correlation analysis.

Table 3. Connotations and algorithms of various characteristic indicators in the model.

Variables Condition Connection and Algorithm

Dependent variables

Number of tourists

Refers to the strength of crowd trajectory clusters and reflects
the intensity of the trajectory characteristics of the population.
Number of tourists is the number of people performing similar
activity trajectories during the study time.

Per capita number of stay
Refers to the intensity of spatial residence, and the intensity
reflecting the characteristics of the population’s stay activity.
Average number of tourists’ stay in the analysis cell.

Independent variables

Spatial distance of formats

Refers to the spatial location of the format and reflects the
convenience of the format to the tourists.
The spatial distance of the format refers to the average distance
of the road network from each entrance and exit to the format.

Quantity of each
types of format

Refers to the intensity of format, reflects the number of visits to
the format, and refers to the number of food formats, shopping
formats, life service formats, leisure formats, tourist attraction
formats, public service formats, and other formats.
The number of formats is the number of each type of visited
format in the analysis unit.

Diversity of formats
Refers to the degree of format and reflects the extent to which the
population is inclined to the functional intensity of the format.
Diversity is calculated using the entropy method [83].

As the primary independent variable in the correlation study, we explained the impact
of formats on crowd activities from three aspects: spatial location, formats intensity, and
formats mix, and we quantified these three aspects using the spatial distance, quantity, and
diversity of formats. Among them, we further calculated the number of various types of
format types in Lao Men Dong Commercial Street according to the classification standards
of format types in Table 1. In addition, in order to quantify the degree of diversification of
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commercial street formats, this study used the entropy index to calculate (Formula (2)), and
the range of diversity values was from 0 to 1. The greater the entropy, the higher the degree
of diversity of formats. It is worth emphasizing that the formats in the independent variable
refer to the formats visited according to the scope of the stay area under the analysis unit,
rather than all formats within the analysis unit.

Diversity =
−∑i=n

i=1 pi× ln pi
ln n

(2)

In Formula (2), “pi” refers to the proportion of the i-th type of format in the total
number of formats, and “n” refers to the number of categories in the formats.

To further explore the relationship between commercial street formats and crowd
activity characteristics, we used the partial least squares regression (PLSR) analysis method
to link crowd spatial activity characteristics with formats (Figure 9). Considering that this
study analyzed the activity characteristics of the crowd from the perspective of people’s
stay or movement in the space, correlation analysis was conducted with various variables
of the formats. Analysis methods such as Generalized additive models [84] and gray
dynamic double excitation analysis [85,86] can handle the correlation analysis of the impact
of multiple independent variables on a single dependent variable in the regression model,
but they cannot solve the limitation of the number of dependent variables. However,
PLSR (Formula (3)) is a many-to-many multiple regression modeling analysis method
suitable for measuring the degree of association between variables at different scales [87].
For the situation where two dependent variables are selected for modeling in this study,
PLSR can effectively handle the complex relationship between multiple variables in the
dependent and independent variables and conduct regression modeling. It can also conduct
more in-depth analysis of the correlation and ensure that the analysis results are more
reasonable, which is one of the effective methods to test whether the causal relationship is
significant [88].

Ŷ∗j = aj1X∗1 + aj2X∗2 + aj3X∗3 + · · ·+ ajmX∗m(j = 1, 2, · · · p) (3)
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In Formula (3), j is the number of dependent variables (Y), m is the number of inde-
pendent variables (X), X∗1 and Y∗j refer to the standardized variables of the independent

variable (X) and the dependent variable (Y), respectively, and Ŷ∗j refers to the p standardized
dependent variables.
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In order to test the explanatory effect of the independent variables on the dependent
variable in the PLSR model, we used the variable importance in projection (VIP) criterion
to reflect the importance of the independent variables to the PLSR model through the
VIP value and show the degree of fit of the variables to the model. When the number of
principal components is different, the importance of the independent variable in explaining
the dependent variable is reduced. When the VIP value is larger, the independent variable
plays a more important role in explaining the dependent variable. In Formula (4), p is the
number of independent variables; m is the number of components extracted by PLS from
the original variables; th represents the h-th component; R(Y,th) represents the explanatory
ability of component th on the dependent variable Y, which is the square of the correlation
coefficient between the two; whj is the jth component of axis wh, and wh is the eigenvector
of matrix XT

h−1Yh−1YT
h−1Xh−1.

VIPj =

√
p
(
∑m

h=1 R(Y, th)w2
hj

)
/∑m

h=1 R(Y, th) (4)

4. Results
4.1. Characteristics of Crowd Activities
4.1.1. Spatiotemporal Characteristics of Crowd Stay Activities

To gain a more intuitive understanding of the characteristics of people’s stay activities
on the commercial street, we identified and extracted 76,430 stay points; that is, people in
the commercial street had a total of 76,430 stay activities during the research period. We
analyzed the stay characteristics of the crowd in the commercial street from the perspective
of time and space. This information reflects the space usage of the commercial street and the
behavioral preferences of the crowd, and it shows the characteristics of the formats in the
places where the crowd frequently stays, that is, spaces with high-intensity attractiveness.

In the temporal dimension, crowd stay activities in Lao Men Dong Commercial Street
exhibited a certain degree of regularity. Figure 10 is a line chart of the stay time of people
on the commercial street, showing the frequency and number of stays per capita during
different time periods on weekdays and weekends. Although the hourly frequency of
crowd stays and the number of stays per person during weekends were much higher
than those on weekdays, both exhibited a similar trend of change. Crowd stay activities
increased from 13:00 to 15:00, and both the frequency of stay and number of stays per capita
peaked. Subsequently, people gradually carried out walking activities, such as sightseeing
and play, and the stay activities of the crowds gradually decreased. As people began to eat,
rest, and engage in other activities on the commercial street, the frequency of crowd stays
after 17:00 appeared as a short-term peak period. With the end of the series of activities,
people gradually left the commercial street, and the frequency of stays decreased. However,
the average number of stays per person on weekends peaked at 18, mainly because people
have more free and flexible time on weekends and are more willing to sit for entertainment,
games, and other activities.

From the perspective of spatial distribution, the spatial stay activities of the crowd
showed clear differences during different periods (Figure 11). Figure 11a shows that the
distribution of the overall spatial stay activities of the crowd was relatively scattered, and
different degrees of stay activities occurred in different regions. The intensity of crowd
stay in the central axis of the commercial street was relatively frequent, and the activity
intensity at the central point was the highest. Because this space is mainly for catering and
leisure, the crowd was characterized by commercial stops, rest, and other activities when
using the space. However, the intensity of stays in the outer areas of the commercial street
was relatively low. As there were fewer types of formats in these places, mainly life-related
formats, the crowd mainly engaged in activities such as social watching and sightseeing
and seldom stayed.
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(a) The spatial characteristics of crowd stay activities. (b) Spatial stay characteristics of the crowd on
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Figure 11b,c show the distribution of the crowd space stay activities on weekdays and
weekends. The intensity of the crowd space stay on weekends was much higher than that
on weekdays, showing different characteristics of space stays. During weekends, crowd
activities were relatively concentrated, mainly in the central places of the commercial street.
Not only because there were enough leisure facilities and a good sightseeing experience in
the central places, but also because the formats in the central places were more popular,
people were willing to spend enough time to stop and enjoy the commercial street. During
weekdays, the activities of crowds were relatively scattered, and people tended to stay
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in the east–west axis places and the northwest area of the commercial street; the types
of formats in these places were mainly retail and cultural facilities. Relatively low dwell
intensities are shown in other regions.

4.1.2. The Characteristics of the Crowd Spatial Trajectories

To explore dynamic information such as crowd spatial movement characteristics and
flow trends, we collected crowd trajectory data and calculated crowd trajectory clusters.
Crowd trajectory clustering refers to the similarity clustering of people’s moving trajectory
routes within a certain space. Because of the differences in the content of space use and pur-
pose of activity among the crowds, four types of moving trajectory clusters were observed
in the commercial street; combined with the crowd staying activities, we summarized the
typical crowd spatial trajectory characteristics (Figure 12).
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(b) Trajectory cluster 2. (c) Trajectory cluster 3. (d) Trajectory cluster 4.

This study found that 76.31% of crowd trajectories showed certain regularities, whereas
23.69% of crowd trajectories showed irregularities. Because this section mainly examines
the cluster characteristics of crowd trajectories on the commercial street, irregular crowd
trajectories are not discussed for the time being.

Figure 12 shows the four types of crowd trajectory clusters mined based on trajectory
clustering. Comparing the four types of trajectory clusters, each cluster has significantly
different crowd trajectory characteristics.
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(1) Crowd trajectory cluster 1 (Figure 12a), accounting for 40.49% of the total number
of active people, is mainly distributed in the central and eastern areas of the com-
mercial street, which is dominated by catering and retail formats. This feature has
strong spatial mobility, and people mainly carry out activities such as sightseeing and
consumption and have short stays in spaces such as retail and recreational facilities.

(2) Crowd-tracking cluster 2 (Figure 12b) is mainly concentrated in the middle of the
commercial street, where the formats are mainly retail and leisure. The spatial mobility
of the crowd under this characteristic is weak; crowds often stop and stay for a long
time in leisure, entertainment, and other formats. The stay activities of the crowd are
relatively concentrated, accounting for 18.48% of the total number of active people.

(3) Trajectory cluster 3 (Figure 12c) is mainly concentrated in the central and southern
parts of the commercial street, which is dominated by catering and entertainment
formats. Under these conditions, the spatial mobility of a crowd is strong. Although
the crowd stays more frequently, they mainly conduct short-stay activities such as
watching and resting, and the number of active people accounts for 13.54% of the total
number of active people.

(4) In contrast, the number of people in trajectory cluster 4 (Figure 12d) is relatively small
at only 3.8%. They are mainly active in the northwest and southeast places of the
commercial street, which is dominated by cultural and leisure industries. The spatial
flow of crowds is weak, and people mainly carry out short-stay activities such as
sightseeing and eating.

In this study, through a cluster analysis of crowds’ moving trajectory combined with
the characteristics of the crowds’ stay spaces, the characteristics of the crowds’ spatial
trajectory are summarized. The four different trajectory clusters exhibit different character-
istics of crowd spatial activity: trajectory clusters 1 and 2 are the main spatial patterns of
crowd activity, trajectory cluster 3 has strong spatial mobility, and trajectory cluster 4 has
the lowest level of spatial activity. At the same time, these four different trajectory clusters
all indicate that people are willing to enter or leave Lao Men Dong Commercial Street from
the entrance and exit due north. This is because this entrance is an important landscape
symbol of Lao Men Dong Commercial Street, and people like to pass by it and take photos
to commemorate it. Although the other two entrances and exits are officially designated
entrances and exits, due to the small number of surrounding formats, the traffic frequency
is relatively low.

4.2. The Relationship between Commercial Street Formats and Crowd Activity Characteristics

Based on the regression analysis model established in Section 3.3.3, analysis results
are shown in Table 4. The spatial distance and mix of formats have a negative impact on
crowd activity. Although they both have a certain positive effect on crowd stay activity,
the impact is small, and the correlation coefficients are only 0.01 and 0.05. This shows that
people’s choice of formats in commercial streets is relatively clear, and they mainly choose
to go to catering and retail format spaces for stay activities. At the same time, as the spatial
distance between formats increases, the time and labor costs for people to obtain format
information becomes higher, resulting in people being unwilling to travel to and stay in
distant format areas. In addition, the number of different types of format has different
effects on crowd activities. Food, shopping, tourist attraction, and public service facilities
have a significant positive effect on crowd activities, and people are more willing to stay in
these four types of format. These four categories are the main format types that perform
entertainment functions in commercial streets, so this result was also expected before the
study. The life service format has a certain positive effect on the number of people. People
mainly wait and look around in this space, but they are not willing to stay here; on the
contrary, leisure formats and other types of formats have a positive impact on people’s stay
activities. Since leisure formats have longer usage time costs, they are prone to generating
more business stopover behaviors. However, there are many foreign tourists in Lao Men
Dong Commercial Street, and they do not have enough time cost to use the space, resulting
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in a weak negative effect on the format and the number of people. In addition, according to
the VIP value, it was found that in the PLSR model, shopping formats, life service formats,
and public service facility formats have a greater role in explaining changes in the number
of people and the number of stays per capita, and the VIP values of other variables play an
important role in explaining the dependent variable in the regression model.

Table 4. Results of partial least squares regression analysis.

Development Variables

Dependent Variables

Coefficients
(Number of

Tourists)

VIP Scores
(Number of

Tourists)

Coefficients
(Per Capita

Number of Stays)

VIP Scores
(Per Capita

Number of Stays)

Spatial location of formats −0.03 0.253 0.01 0.39

Mixed degree of formats −0.15 0.617 0.05 0.682

The number of food formats 0.16 0.907 0.31 0.898

The number of shopping formats 0.14 1.308 0.40 1.293

The number of life service formats 0.18 1.28 −0.07 1.263

The number of leisure formats −0.01 0.885 0.26 0.873

The number of tourist attraction formats 0.14 0.953 0.20 0.962

The number of public service formats 0.21 1.27 0.22 1.252

The number of other formats −0.20 1.037 0.09 1.027

5. Discussion
5.1. Research Findings

In this paper, we propose a new crowd activity analysis framework based on the
quantitative measurement of crowd trajectory data and commercial street formats. We
analyze crowd activities based on crowd stay patterns and moving trajectory clusters.
Finally, we establish a regression model to determine the quantitative relationship between
crowd activity characteristics and commercial formats characteristics on the Lao Men Dong
Commercial Street.

The main contributions of this paper are as follows:

(1) A new framework for crowd activity analysis was proposed. Compared with tradi-
tional research methods, the framework can improve the efficiency and accuracy of
data analysis, and it uses machine learning algorithms such as supervised learning
algorithms and convolutional autoencoders to extract crowd-dynamic spatial activity
information. Although research on machine learning algorithms for studying crowd
activities has made some progress, S. Williams et al. used image processing technology
to conduct quantitative statistics of location information in time and space dimensions
and qualitative discussions of human activities [41]. However, it is not comprehensive
to only rely on location information to measure crowd activities. Y. Li et al. used deep
learning methods to explore the relationship between a street’s built environment
and the street vitality but ignored the details of crowd activities [33]. Therefore, we
used stay points to identify people’s stay or movement behavior in space to obtain the
activity status of the crowd, and we explore the influencing factors of crowd activities
in combination with the space environment they live in. Furthermore, this method can
help us understand the flow trend of people in space by studying the crowd’s activity
trajectory clusters, which can provide guidance for the spatial layout of commercial
streets. This method is not only limited to commercial streets; it is also helpful for us
to conduct correlational analysis of crowd activities in different spatial environments,
such as parks, central areas, cities, and other spatial scales, making it easier to obtain
the characteristics of crowd activities at different spatial scales.
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(2) We extracted the visited formats in a commercial street according to the stay areas
under different trajectory clusters and analyzed the correlation between the character-
istics of crowd activities and formats under different spatial activity ranges. Based on
a subjective perspective of people’s preferences for formats, we explored the reasons
why people chose commercial formats. Previous studies tended to discuss all commer-
cial formats within the scope of the research [89,90], that is, they tended to include all
business formats within the scope of research into the scope of discussion and used the
business formats in the research area as part of the spatial environment to study the
connection between people and space. However, we focused on commercial formats
visited on a commercial street, which is more targeted and reflects the real needs and
behavioral preferences of people on the street.

(3) The proposed crowd analysis framework was applied to a commercial street. The
results show that our method can accurately characterize the spatiotemporal charac-
teristics of crowd activity on commercial streets, and understanding the stay rules of
crowds can inspire retailers and provide certain suggestions for the spatial layout of
business formats. Therefore, this method is effective and contributes significantly to
enhancing the competitiveness of commercial streets. In addition, Lao Men Dong is
a typical representative of small-scale, low-rise commercial streets with rich format
types, diverse functions, and frequent crowd activities. Since this type of commercial
street emphasizes pedestrian orientation, in order to ensure the safety and comfort of
crowd activities, any destination in most commercial streets should be limited to 800
m, and the total walking distance should not exceed 1500 m [91]. The area of Lao Men
Dong Commercial Street is 700,000 square meters. Its spatial scope exceeds the spatial
scale of most low-rise commercial streets, and it has strong universal applicability.
Therefore, revealing the degree of correlation between format space and crowd activi-
ties in Lao Men Dong Commercial Street can also provide insights into the sustainable
development of commercial streets of the same scale.

At the same time, by analyzing the characteristics of crowd activities in commercial
streets, this study mainly obtains three findings. The results show that the intensity of
stay activity on weekends is much higher than that on weekdays. On weekends, the
concentration of stay activity is higher, and people are more willing to stay in catering,
leisure, and other spaces. On weekdays, the stay activities are more scattered, and people
mainly stay in retail, cultural, and entertainment spaces. However, the time trends of the
two stay frequencies present a similar curve, and people’s stay activities mainly occur at
15:00 and 17:00. This finding can be expected in the early stages of research, so that crowd
stay activity on the commercial street was predictable.

Second, by observing 14,257 trajectory image datapoints collected on Lao Men Dong
Commercial Street, the study extracted four crowd activity trajectory clusters on the com-
mercial street. According to the frequency of activity trajectories, trajectory cluster 1 is
the main spatial activity mode of people, and the spatial mobility of the crowd is strong,
indicating that the central places of the commercial street are more attractive to people, and
that they are more willing to stay in the spaces of catering and retail industries.

Finally, we found that various variables of formats provide independent explanations
of crowd activity. The mix of formats is negatively correlated with crowd activity. This
is contrary to previous research results [33]. Different research perspectives may lead to
varying results. The research in this paper is based on a correlation analysis between people
and the formats mix from the perspective of consumers. The relationship between the
two was analyzed based on the perspective of the space environment, indicating that a
space with a higher diversity of formats can give people more choices of formats [35,92].
However, people will choose to go to places with higher diversity but do not necessarily
choose multiple types of formats for stay activities. Therefore, although the conclusions of
the two aspects differ, they do not conflict. Meanwhile, the spatial location of the formats
has a negative effect on crowd activity. The increase in spatial distance not only leads to
more time and energy costs for tourists but also makes it increasingly difficult for tourists
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to obtain information about formats. In addition, different types of formats have different
impacts on crowd activities, and people are more willing to go to food, shopping, tourist
attraction, and public service formats to stay and carry out a series of activities.

5.2. Limitations

This study has some limitations. First, since the purpose of this study was to propose
a framework for analyzing crowd activities and to verify the method using commercial
street formats, we ignored the impact of other characteristics of the commercial street on
the crowd activity (such as transparency and green viewing rate). Future studies should
explore the impact of other aspects of commercial streets on crowds.

Second, because of the performance limitations of the equipment, the time selected for
collecting crowd data could only be during the time period with high traffic in commercial
streets (13:00–20:00), and it is impossible to collect data for the entire day, which may lead
to a failure to observe crowd stay activity rules at other times. Moreover, the data used in
this study were obtained in a relatively short period of time in the winter of 2022. Nanjing
belongs to the humid northern subtropical climate zone. The average temperature during
the selected survey time was maintained at about 11 degrees Celsius, which would have
had little impact on crowd activities. Although the data set is sufficient to develop and test
the method proposed in this study, further investigation and analysis are needed for the
study of temperature extremes in other seasons. We are currently collecting data for other
seasons and hope to address this limitation in the future.

Third, this study did not consider the preferences and needs of individual tourists
regarding commercial formats. The crowd trajectory clusters obtained in this study had
similar trajectory paths for most people; however, some special crowd trajectories still exist.
These trajectories make it difficult to summarize the common spatial characteristics and
have little influence on the results of this study. Therefore, this study did not take into
account the interaction between these special trajectories and format spaces; however, the
layout of commercial formats in a commercial street should not only con-sider the space
needs of most groups but also meet the real needs of individual tourists. Therefore, the
next step in this research is to consider special crowd trajectories in the discussion category
related to crowd activities and formats.

Fourth, we were unable to handle some special data. During the data collection period,
we observed that occasional tourist groups on the commercial street engaged in sightseeing
and play overseen by tour guides. Their behavior and activities on the commercial street
and their demand for commercial spaces were not spontaneous. Therefore, deleting the
corresponding data should be considered before the subsequent analysis. However, owing
to the limitations of the data attributes of Wi-Fi probes, we are currently unable to observe
and process the corresponding data from massive crowd trajectories.

6. Conclusions

Abandoning being oriented toward commercial interests [93] and re-examining peo-
ple’s space needs as a development guide for commercial streets can promote social co-
hesion and drive the attractiveness of commercial streets [94]. Therefore, we propose a
research framework to study the characteristics of crowd activities and to quantify the
relationship between crowd activities and the spatial characteristics of commercial street
formats, and we applied it to Lao Men Dong Commercial Street to verify the feasibility of
the method. This method can be applied to the study of spatial crowd activities at different
scales, and it supplements the method of studying the characteristics of crowd activities.

In the case study of Lao Men Dong Commercial Street, we identified the state of
people moving or staying in the space and understood the rules of the time and space
coverage of the crowd: during the period between 15:00 and 17:00, the crowd stay behavior
in the commercial street is more frequent. On weekends, people are more willing to stay
in catering and leisure functions and carry out corresponding activities, while during
weekdays, people mainly stay in retail and cultural and entertainment functions. The
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intensity of the formats has a positive effect on the stay activities of the crowd, but the
spatial location and mixing degree of the formats have little effect on the stay activities. The
crowd activity trajectories in Lao Men Dong Commercial Street mainly show four patterns
(Figure 12), among which the spatial mobility of trajectory cluster 1 is the strongest. The
spatial location and mixing degree of the formats have little influence on the choice of
crowd activities, and different types of formats have different impacts on crowd activities.
In addition, the spatial distance and mix of format have a small impact on crowd activities,
but they have a certain positive effect on people’s stay activities. The intensity of different
types of format also has different effects on people’s stay activities. People are more willing
to engage in activities in food formats, shopping formats, tourist attractions formats, and
public service facility formats and perform corresponding stay behaviors. Therefore, during
activities in commercial streets, people are more inclined to go to formats that are closer to
the entrance and exit and have relatively concentrated format functions.

In summary, this article proves that the proposed crowd analysis framework can
effectively analyze the dynamic activity characteristics of crowds in commercial streets, and
it proves that people’s activities in time and space are not random but related to specific
formats spaces. Applying this method to different spaces can help designers and urban
decision-makers understand crowd preferences and spatial needs in a more refined manner
so that they can provide certain opinions on urban space planning, facility layout, and
other fields based on population needs, thereby achieving the sustainable development of
urban spaces.
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