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Coronavirus disease 2019 (COVID-19) has exposed the public safety issues. Obtaining inter-individual contact and transmission in the underground spaces is an important issue for simulating and mitigating the spread of the pandemic. Taking the underground shopping streets as an example, this study aimed to verify commercial facilities’ influence on the spatiotemporal distribution of inter-individual contact in the underground space. Based on actual surveillance data, machine learning techniques are adopted to obtain utilizers’ dynamics in underground pedestrian system and shops. Firstly, an entropy maximization approach is adopted to estimate pedestrians’ origin-destination (OD) information. Commercial utilization behaviors at different shops are modeled based on utilizers’ entering frequency and staying duration, which are obtained by re-identifying individuals’ disappearances and appearances at storefronts. Based on observed results, a simulation method is proposed to estimate utilizers’ spatiotemporal contact by recreating their space-time paths in the underground system. Inter-individual contact events and exposure duration are obtained in view of their space-time vectors in passages and shops. A social contact network is established to describe the contact relations between all individuals in the whole system. The exposure duration and weighted clustering coefficients were defined as indicators to measure the contact degree of individual and the social contact network. The simulation results show that the individual and contact graph indicators are similar across time, while the spatial distribution of inter-individual contact within shops and passages are time-varying. Through simulation experiments, the study verified the effects of self-protection and commercial type adjustment measures.
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1 INTRODUCTION
The outbreak and worldwide prevalence of COVID-19 has exposed the public health issues in urban built environment [1–3]. Urban underground space has become a risk dissemination channel for the spread of the disease due to its closed environment and high utilizer mobility [4]. Utilizers in the underground spaces are more vulnerable to the spread of airborne bacteria [5] and fungi [6]. Driven by the traffic-oriented development mode, the underground streets have gradually developed into the underground pedestrian system playing important roles in pedestrian traffic, passenger transfer, shopping, and disaster prevention [7]. The huge number of utilizers and dynamic pedestrian flows in the underground streets make the spatiotemporal contact between individuals more frequent and complex. Obtaining the contact patterns and transmission risk in underground pedestrian system is an essential issue for public health risk assessment, epidemic spread prediction and public management decision-making [8, 9].
Most of the existing studies have focused on the impact of the physical environment [10] and the individual behaviors [11] on the epidemic spreading in the limited spaces. Few attentions have been paid to the transmission risk in the large-scale indoor environment. Studies on underground streets mostly focused on the pedestrian flow volume [12] and the level of service [13] in the pedestrian space. Few studies have paid attention to the influence of underground commercial facilities on the inter-individual social exposure in the underground system. For large underground facilities with high utilizer mobility, obtaining the risk areas and risk periods where transmission occurs is important for decision makers to take the effective and targeted measures. Aiming on the spatiotemporal distribution of the inter-individual exposure risk in underground shopping streets, this study is to examine the influential factors of transmission in the aspects of pedestrian network, commercial distribution and individual behavior.
Existing studies generally used the number of infections as the indicators for evaluating the risk of transmission in the public space [14]. As the prediction results were significantly influenced by the probability of transmission and the proportion of asymptomatic people, a large number of simulations are required to determine the risk of the study area under a wide range of parameters [15]. As the motion path and spatiotemporal distribution of people in the underground shopping street are time varying, the social contact and exposure duration of individuals in the underground system are significantly different [16]. The undetermined distribution of asymptomatic individuals in the social contact network makes the prediction results highly random. Therefore, we need new risk evaluation indicators independent of the transmission probability and asymptomatic proportion.
After the outbreak of the Covid-19 epidemic, more attentions have been paid to the impact of residents’ travel behavior and spatiotemporal contact on the development of epidemic situation [17]. In previous studies, some scholars have proposed non-drug intervention methods based on urban big data and population mobility [18]. Reducing public exposure and exposure time is considered an effective way to mitigate the spread of the outbreak [19]. The cumulative number of close contact and exposure duration between individuals in the indoor space are also used as indicators to evaluate the epidemic transmission risk in the public facilities [20]. This study adopts the contact count and the exposure duration as the intermediate indicators of inter-individual transmission. The cumulative contact counts and exposure duration in each road section and shops are used to examine the spatiotemporal variabilities of risk regions in the underground system. However, these indicators cannot fully represent the characteristics of the social contact network between all individuals in the underground streets. The clustering confidents of the social contact network weighted by inter-individual exposure are used to describe the global transmission risk of the underground system.
As a prerequisite for assessing the risk of inter-individual exposure, obtaining all utilizers’ space-time paths in underground shopping streets is challenging. The spatiotemporal variabilities in the number and spatial movement of utilizers cannot be ignored in the data collection process [5]. Tracing surveys are difficult to obtain a sufficient number of path samples. LBS and GPS data cannot be received in underground spaces. Wi-Fi positioning is not accurate enough to clarify inter-individual contact in the micro spatial scale [21]. Monitoring data can capture spatial and temporal contact of all individuals within a limited observation area in different time intervals [22]. It is hard to access to the exposure risk of individuals across the whole system, because the contact network for each observation area is independent of each other. Besides that, different trip purposes in the underground shopping streets requires us to consider both the spatiotemporal distribution of the utilizers in the pedestrian space and in the commercial facilities. It is generally difficult to directly obtain utilizers’ staying in the underground shops through observation methods. If pedestrians’ Origin-Destination (OD) information is known, we can access their space-time paths by recreating their spatial movements in the underground pedestrian system [23].
Based on the actual observation data, this paper proposes an agent-based simulation method to estimate the transmission risk in the underground shopping streets. This method considers the impact of commercial facility distribution and pedestrians’ behavior patterns in the underground space. A topological network was proposed for the model to express the utilizer’s state in the underground space. Combined with computer-vision (CV) tools, OD estimation model is adopted to obtain pedestrians’ space-time paths in the pedestrian space based on monitoring data. Shop utilization behaviors are modelled to describe utilizers’ spatiotemporal distribution in underground shops based on object re-identification algorism. The inter-individual contact and exposure duration are estimated through simulating agents’ motion and staying in the pedestrian and commercial facilities. With estimated results, spatiotemporal distribution of inter-individual contact degree is visualized to clarify the time-specific risk regions of epidemic transmission. A weighted social contact network is constructed based on the inter-individual indicators. Graph indicators are proposed to represents the transmission risk of the social network system. Applying proposed method, this paper examined the influence of facility distribution and utilization mode on the contact degree in the underground commercial space. Then this paper further verified the effect of two non-medical interventions on mitigating exposure risks in underground commercial spaces.
2 METHODS
The framework of the proposed method was presented in Figure 1. Section 2.1 introduces the study area and data collection methods. 2.2 introduces the process and related methods of setting up the simulation program in this paper. 2.3 introduces the models used in the simulation and contact evaluation. 2.4 introduces the contact indicators for assessing the transmission risk.
[image: Figure 1]FIGURE 1 | Model framework.
2.1 Study Area and Data Preprocessing
2.1.1 Study Area
Shengli Underground Commercial Street was selected as the study area in this study. There are two parallel corridors, with three rows of shops and four entrances and exits in the study area. It is an underground pedestrian network that includes traffic and commercial functions. The Shengli Underground Commercial Street is located below Zhongshan Road. It connects two subway stations, an intercity railway station, and several surrounding commercial shopping centers. Since there is no cross-street sidewalk in Zhongshan Road, pedestrians destining to the other side of the road have to pass through the cross-street sidewalk in the underground street. Therefore, there is a large number of transfer and cross-street traffic demands in the area. As shown in Figure 2, there are 166 stores in this area, including 108 clothing stores, 17 cosmetic stores, four grocery stores and 33 other types of stores.
[image: Figure 2]FIGURE 2 | Study area and data collection area: (A) observed stores; (B) observed passages.
2.1.2 Original Data: Monitoring Video Data
In this study, surveillance video is used as the basic data obtained in individual space-time paths. There are 15 surveillance cameras in the study area, covering the four main entrances and exits, 49 shops and 12 intersections (Figure 2). The video data was collected in December 24th and 26th, 2019, including the data of 15 observation areas from 9:30 a.m. to 8:00 p.m. According to the common experience, this paper selects 1-h data at opening (10:00–11:00), noon (13:00–14:00) and evening commuting (17:00–18:00) hour in a weekday (24th, December) as examples. Underground utilizers are considered have different purpose and behavior patterns in these time intervals. This study infers that there are less utilization with the purposes of commuting and dining in the opening hour (10:00–11:00). Dining and shopping are considered as the main utilization activities at noon (13:00–14:00). Evening commuting (17:00–18:00) hour mainly focuses on the behavior patterns of commuters and consumers in the study area.
2.1.3 CV Observation Data: Link Flow Counts Data
Firstly, we use yolov5 [24], an object detection algorithm to extract image frames from the video with two frames per second, and use machine learning algorithms to extract all pedestrian objects present in the observed images of each scene. The personal attributes (e. g. gender and age) are not obtained in this study. Over 1.6 million images of pedestrians were extracted after our analysis of the data of all observed areas in the three periods. According to the verification method of yolov5 [24], there are no target loss in 10 frames randomly selected. It shows that the accuracy of the algorithm is within an acceptable range.
Next, the Reid method was used to combine the discrete images into a sequence [25]. Through the re-identification algorithm, we can obtain the time-series position trajectories of all targets in the observation area in the camera coordinate system of the observation video. Considering computation speed and accuracy, we selected Resnet-50 as our Reid network from all available networks [10]. The Resnet-50 network converts a pedestrian image into a 512-dimensional vector as its feature. The similarity of two images is represented by calculating their distance in the 512-dimensional space. Images of the same target in the neighboring frames are matched and sorted in a series according to their similarities. Compared with traditional object tracking algorithms, the Reid method has advantages in terms of performance and computational speed on the pedestrian overlap problem.
The bidirectional pedestrian flow counts of observed passages in different time intervals are estimated through proposed method. The accuracy of the computer vision method was verified by manual verification. The loss of the computer vision method is 14.4%, which is within the acceptable limit.
2.1.4 Artificial Observation Data: Store Utilization Data
Based on the observed images, we selected 49 stores with visible entrances as data collection area. In this study, store usage is defined as the event in which pedestrians are attracted to enter the store. The time interval between a pedestrian’s entering and leaving a store is defined as the utilization duration. Since CV-based results were not accurate enough for modelling, we developed an auxiliary program to build the dataset manually. The dataset contains the entry and exit time data of 784 samples in three time intervals.
2.1.5 Numerical Estimation Data: OD Matrix
In order to simulate pedestrians’ motion traces in the study area, we estimated their OD matrix based on the flow counts at observed passages. This study assumed that all utilizers move in the shortest path. Then, the trip assignment proportion at each link can be obtained by calculating the link sequence of the shortest path between each OD pair. Taking the bidirectional flow counts of the observed passages as the constraints, we can estimate the trip counts between entrances and exits by entropy maximization approach [23].
2.2 Simulation Settings
2.2.1 System Represent
As shown in Figure 3 (b), each store is represented by a node and connected with the pedestrian networks at road nodes on the same corridor. The underground space can be preliminarily simplified as a link-node network. However, it divides the corridor section into several segments which may increase the computation cost. Treating the road nodes between two intersections with no difference, the store nodes distributed along the same corridor section are connected to a road node representing the state of walking along the corridor Figure 3 (c). Notably, these edges have no attributes, such as length. The edges between the nodes presents the transition between staying and walking states. Finally, the entire underground space was converted to the graph shown in Figure 3 (d).
[image: Figure 3]FIGURE 3 | System representation of study area: (A) original plane; (B) preliminary link-node network; (C) simplified network; (D) system representation.
2.2.2 Basic Settings
A subway station is connected to the underground commercial street on west side which periodically generates passengers from the arrival train. For an entrance, the impact of aggregate pedestrian crowds on the inter-individual contact were considered by setting the agent generation velocity according to the video observation data. After the agent is generated, the agent moves between nodes according to its pre-assigned path and walking speed. For the non-entrance nodes, the arrival time of the agents are not set to match the real observation data.
The generated agents in the simulation are set to transit from node to node along their pre-determined path, and keep updating their positions until their destination. All agents’ node sequences and the start and the end time of each node are recorded for the subsequent analysis.
2.2.3 Additional Simulation Rules
To simplify the calculations and get closer to reality, several additional rules were imported into the simulation process.
A) This study assumed that store utilizers tend to enter another store in their subsequent path. Each agent is set with the same probability at the beginning. With the progress of simulation, agents with store usage records are set with a higher probability of entering a next store. This rule is operated as follows. All agents are set the initial weight of entering by 1. When a store node triggers a store entry event, all agents in the connected road node will be added to a candidate pool. The probability of each agent being selected to enter the store is defined with the ratio of the agent’s entry weight to the sum of the entry weights of all candidate agents. After an agent has entered a store, its weight is increased by 1.
B) We set the agent’s walking speed to satisfy normal distributions. The mean values μ of the purpose-specific normal distributions are set by 1.49 m/s and 1.16 m/s, respectively [26]. The standard deviation σ is set by 1. The proportions of agents in each walking speed group are set the same.
C) Store utilizers only move to the stores in the shortest paths.
D) The waiting area of a store is located inside the store.
E) All agents move at a constant speed.
2.2.4 Simulation Process
The simulation treats 10 s as one loop. In each loop, the simulation performs the following steps in sequence.
A) Agent generation. For each entrance, the entrance node determines how many agents enter based on the estimated OD data. When an agent is generated, its walking speed and space-time path is predetermined according to the spatiotemporal path generation model. The agent’s speed is randomly set according to the additional rule B in section 2.2.3.
B) Store entry events. Each store node determines the number of agents that has entered the node during this time period based on the store entry probability model. In addition, all pedestrians in the neighboring road nodes are considered as possible candidates for entering the store. The entering agent is random selected from the candidates based on the weights mentioned in the previous section. The store usage time of selected agent is set according to the store usage time model.
C) Movement of agents. The state of each agent in a road node is updated according to the results of store entry events. For each agent within a store node, the simulation updates their store usage countdown and removes agents with a countdown to zero to the neighboring road node.
D) Destroying agents. The agent that has reached its destination is excluded from the simulation.
2.3 Models
2.3.1 Commercial Utilization Models
The store entry events are modeled in view of the shop types. The commercial facilities in the Shengli Underground Commercial Street are divided into service stores and non-service stores according to different utilizer patterns. Service stores are those commercial facilities, which have an upper limit of guests. Non-service stores have no upper limit.
This model treats pedestrian entering the store as a random event. The probability of a pass-by pedestrian entering a specific store is described by the frequency distribution of the time interval between two sequential entry events. It is assumed that entry intervals satisfy exponential distribution as follows.
[image: image]
In order to avoid the numerical problem caused by too small λ, 10 s was taken as a time unit in this study. Unknown parameters λ in different hours are calibrated according to observation data accordingly.
The performance of a simulation with an exponential distribution is not an efficient method, because variables obtained with an exponential distribution are continuous, while the simulation is discrete. In our study, we turned continuous variables into discrete ones by treating the number of events as a random variable. As the interval time corresponds to an exponential distribution, the process of pedestrian entry can be considered as a Poisson process [21]. For a Poisson process, the probability of an event occurring k times in the period of 10 s can be calculated by:
[image: image]
where λ is the unknown parameter calibrated through exponential regression. Probability distribution based on regression results are shown in Figure 4 (a). It is found that shops receives more customers during the lunch hour (13:00–14:00). Customer frequencies of service and non-service shop are significant different in the morning hour (10:00–11:00).
[image: Figure 4]FIGURE 4 | Frequency of interval time between store entry events: (A) entering interval model; (B) staying time model.
The usage time of non-service stores is not affected by the number of staff and the waiting time in a queue. Therefore, each customer’s usage time is an independent variable. For service shops, it is necessary to take the waiting behaviors into account. To exclude the additional waiting time, the data collection only took the utilization behaviors without waiting into account. Based on observation data, the duration of agents staying in a specific store is modeled by the probability distribution. Similar to the store entry probability model, the time-specific parameters of service stores and non-service stores was calibrated respectively based on the observed data.
It is found that the staying time of agents in two types of stores both satisfy the exponential distribution. Model parameters in different hours are calibrated through exponential regression accordingly. The regression results are shown in Figure 4 (b). Table 1 shows the time-specific utilization duration in different shops. It is found that the utilization duration of service shop are obviously longer in the noon hour (13:00–14:00), while non-service shop customers prefers to stay longer during the evening commuting hour (17:00–18:00).
TABLE 1 | Average store utilization duration in three time periods (second).
[image: Table 1]2.3.2 Spatiotemporal Path Generation Model
For an agent generated at the origin node, its destination node is set based on OD matrix (Figure 5 (a)). This study uses the Dijkstra algorithm to obtain the shortest path between each OD pair. A sequence of road nodes in the simplified network is generated based on agent’s spatial path (Figure 5 (b)). For agents with store entry records, store nodes are inserted into the node sequence. As shown in Figure 5 (c), the start and end time of the states responding to the road nodes in the generated sequence are assigned according to agents’ walking speed and the length of passages. Stay duration within the store nodes were set through store utilization model. With the agents’ space-time vectors within the node sequences, their space-time paths within in the actual pedestrian network are generated accordingly (Figure 5 (d)).
[image: Figure 5]FIGURE 5 | Spatiotemporal path generation.
2.3.3 Spatiotemporal Contact Model
The close contacts of utilizers in the study area are divided into two parts, the contacts in the pedestrian space and the contacts in the shop space. The pedestrian space in a corridor section corresponding to a road node is represented by a directed segment. The space-time path of an agent g can be represented by a series of space-time vectors in the 2-dimensional space-time coordinate system. As shown in Figure 6 (a), the vertical axis represents time, and the horizontal axis represents the location of the road segment. Agents are assumed to continuously leave dissemination, for example, exhale on their motion trace, which generates a space–time impact area in the space–time coordinates (Figure 6 (a)). In case agent b’s time-space path goes through the time-space area of individual a, it is considered that b has been indirectly affected by a through dissemination media. The exposure duration can be obtained by the time difference between the points where the path of b intersects the area edges of a (Figure 6 (a)).
[image: Figure 6]FIGURE 6 | Inter-individual contact in the space-time coordinate system: (A) contact in pedestrian space; (B) contact in shop space.
The shop space is represented by a store node with no dimension. The agents’ space-time paths in the shop space are 1-dimensional vectors determined by their entry and departure time. The exposure duration between two agents are obtained by the length of their overlapped segment (Figure 6 (b)). In the simulation, we set each non-service store with one staff. For service stores, we assumed that there are three staff in each service store in view of the actual situation. During the whole simulation process, staff agents are set to stay in the store nodes all the time. The agents who have entered the store node are considered to have close contact with all the agents in the store node.
2.4 Indicators
2.4.1 Individual Indicators
The individual contact indictors are defined by the cumulative count counts and cumulative exposure duration of each agent, which are obtained by summation of the contact results in all nodes in the underground system. These indicators are used to assess the transmission risk in the personal perspective.
2.4.2 Spatiotemporal Indicators
For managers of underground commercial streets, they are more concerned about the spatial distribution of the regions with frequent contact. In this part, according to the different locations of close contact, close contacts are also divided into contacts in pedestrian space and shop space. The risk of inter-individual contact in the pedestrian space is indicated by the accumulative exposure duration of all agents passed through a specific passage. For the contact degree in a shop was described the accumulative exposure duration of arriving customers. The mean value the contact degrees of all shops located on the same link is adopted as the indicator of the contact risk in the shop space. With the time-specific spatial distribution of cumulative contacts in the pedestrian and shop space, we can obtain the spatiotemporal distribution of inter-individual contact in study area. Links in the pedestrian network are used the spatial unit for visualization in this study.
2.4.3 Contact Graph Indicators
It is difficult for us to assess the overall contact degree of a complex contact system through ordinary statistical methods. Therefore, we use a graph to represent the contact relations between different agents in the complex system. When there are multiple agents in the whole time and space, the close contact relationship between the agents becomes the edge of the nodes.
A directed graph is constructed based on an adjacency matrix Kab with the elements of 1 and 0, where one means that agent a has been exposure to contact region of agent b. As mentioned in section 2.3.3, the edge between nodes of a and b is directed. To distinguish the contact degree between individuals, a weighted graph is constructed in view of the estimated exposure duration between individuals [27]. The edges in the weighted graph are also directed.
A) Clustering coefficient
The contact graph is considered as an irregular network. The connected agent number of each node in the graph is not always uniform. To describe this issue, the clustering coefficient of the graph is adopted to indicate the closeness of agent nodes in the whole network [11].
The clustering coefficient indicates the degree to which these agents cluster together spatiotemporally. It refers to the probability that any two neighbors of a node are adjacent to each other. The larger clustering coefficients indicate there are the more triangular structures are in the graph. According to the previous studies [28], the clustering coefficient for a unweighted and directed graph is defined by
[image: image]
where Kab is an adjacency matrix with the elements of one and 0. [image: image] stands for the summation of in-degree and out-degree of node i, and [image: image] is the intersection number of out-node and in-node of i. The weight of edges in a directed and weighted is defined in view of exposure duration from one agent to another [28]. Clustering coefficient of node i in a weighted and directed network is defined as
[image: image]
where W is the adjacency matrix of the weighted graph. The matrix element Wab, which stands for the weight of edge [image: image], is defined by
[image: image]
where [image: image] stands for duration of agent a exposed to the impact region of agent b. [image: image] is the maximum value of inter-individual exposure duration in system. A graph with high clustering coefficients generally means that the nodes in the subgraph have a strong tendency to cluster into groups, which indicates that transmission is more likely to occur.
B) Degree distribution
In the graph, the number of edges connected to a node is defined as the degree of the node, and the degree distribution refers to each node degree in the graph. The degree of a node shows how much it is influenced by other nodes and how much it influences other nodes. In a contact graph, since close contact is directional for two agents, the degree distribution in the contact graph can be divided into out-degree and in-degree parts. The out-degree shows how much the agent influences other individuals in the simulation, while the in-degree shows how much the agent is influenced by other individuals. For the whole graph, there is no difference between out-degree and in-degree. Because for a directed edge, the in-degree and out-degree of the entire graph are identical. More attention is paid to the degree distribution of the nodes of contact graph in this study.
3 RESULTS
3.1 Individual Contact Indicators
Table 2 shows the estimated indicators in the three time periods. The contact indicators at noon (13:00–14:00) are higher than other hours. Compared with the morning (10:00–11:00), the cumulative contact counts in the evening hour (17:00–18:00) are larger, because there are more people commuters destining to the metro station. However, the cumulative and inter-individual duration people exposed to others’ influence are smaller due to the more utilizers in the system.
TABLE 2 | Estimation results of individual contact indicators in different time intervals.
[image: Table 2]As shown in Figure 7, the cumulative exposure duration between individuals satisfy the Poisson distribution tendency in three time intervals. The peaks of distributions appear in the range from 500 to 1000 s. Compared with other periods, individuals in the evening hour (17:00–18:00) are more likely to have short contact with others. On the other hand, individuals in the noon hour (13:00–14:00) showed higher tendency in the long duration ranges. It is because there are more shop utilization events after lunchbreak in view of Figure 4 (a).
[image: Figure 7]FIGURE 7 | Probability distribution of cumulative exposure duration in different time intervals.
3.2 Spatiotemporal Contact Indicators
Figure 8 visualized the spatiotemporal distribution of contact in the study area. Links’ height and color represent the cumulative exposure duration of all agents passing through. It is found that the cumulative exposure duration in the pedestrian space are significant longer than in the shop space. As show in Figure 8 (a), close contacts in pedestrian space mostly occur near the two ends of underground streets. The contacts’ distribution tendencies in the two parallel corridors are not uniform. Contacts are more likely to occur in the north side with higher pedestrian flow counts. A link near the underground square are significant higher in the noon hour (13:00 to 14:00). It is because the dining facilities in the neighboring underground square generate and attract large amount pedestrians during the lunch hour. Pedestrian flow is the considered as the main reason causing longer exposure duration in the underground pedestrian space.
[image: Figure 8]FIGURE 8 | Spatiotemporal distribution of cumulative exposure duration in the study area: (A) pedestrian space; (B) shop space.
As show in Figure 8 (b), there are longer exposure duration in the eastern end of the underground streets. The stores located the middle of the streets show higher distribution tendency in the noon hour (13:00 to 14:00). It is because there are more service-type (e.g., café and dessert Shop) commercial facilities located near these parts, which cause long staying behaviors during the lunch time.
3.3 Contact Graph Indicators
Table 3 shows the mean values of estimated graph indicators in a weighted and an unweighted network. It is found that the average out/in degrees in an unweighted network is constant to with result of inter-individual contact counts. It represents inter-individual relation in the network. The unweighted clustering coefficient is used to describe the probability of the triangular structures in the whole contact graph and assess the contact between individuals. The estimated results follows the rules of the clustering coefficient of many real-world systems [29]. Among the contact graphs of three different periods, the clustering coefficient is smaller in the period from 10:00 to 11:00. The contact graph is sparser and it is more difficult for virus to transmit from one agent to another duration this period. The average clustering coefficients in the noon and the evening are constant. Even through there are more agents in the system in the lunch hour (13:00–14:00), the average connectivity is not significantly increased because shop utilizers contact fewer people in the shop. Considering the positive correlation between exposure duration and the inter-individual transmission, this study adopts the weighted clustering coefficient to measure the local connectivity in a social network. Compared to the results of unweighted network, significant differences have been found between noon (0.003) and evening (0.002) hours. As shown in Table 3, even the probability of the triangular structures are similar in the noon (13:00–14:00) and evening hour (17:00–18:00), the transmission risk is higher in the noon hour due to the long commercial utilization after lunch (Table 1).
TABLE 3 | Mean values of graph indicators in different time intervals.
[image: Table 3]Figure 9 shows the degree distribution of the unweighted networks. Significant positive correlation are found in three time intervals. The slopes of the linear regression show that agents are more tend to be affected by others. Samples upwards away from diagonals indicates that these agents greatly affect others, but they are seldom exposed to others’ influence. The box graphs show that the in-degree tends to distribute on the larger range in the noon hour, which indicates individuals are more frequent to be contacted during this period.
[image: Figure 9]FIGURE 9 | Degree distribution of unweighted social contact networks in different time intervals: (A) 10:00–11:00; (B) 13:00–14:00; (C) 17:00–18:00.
Figure 10 shows the frequency distribution of the clustering coefficients in the weighted networks. Clustering coefficients in three time intervals show the normal distribution tendency. It is found that even through the box plots of the noon (13:00–14:00) and evening hours (17:00–18:00) are quite similar, the mean value in the noon is higher than the evening. In view of the results shown in Table 1, one possible reason is that there are a certain number of customers staying extreme long duration in the service shops in the noon hour. This issue cannot be reflected in the unweighted contact networks.
[image: Figure 10]FIGURE 10 | Frequency distributions of clustering coefficients in the weighted contact network.
4 APPLICATIONS
This study took the noon hour (13:00–14:00) as an example to verify the influence of the commercial facilities on the contact indicators through simulation experiments. We also simulated the effect of two possible non-pharmaceutical interventions on the weighted clustering coefficients in the study area.
4.1 Influence of Commercial Facilities on Contact Indicators
According to the field survey data, there are 33 service stores and 127 non-service stores in the study area. Two types of stores are evenly distributed in the study area. In the commercial type adjustment plan-1 and plan-2, the number of service stores are increased to 80 and 120. Plan 3 decreases staff number in the service shops to 1.
The simulation results under different settings are shown in Table 4. The individual contact counts have not significantly varied with the growth of service-type proportion. It is because most of contact events happen in the pedestrian space. The cumulative/inter-individual exposure duration increased obviously. The service shops limit the number of people inside the stores which indirectly enhances the exposure duration between the waiting customers.
TABLE 4 | Estimation results of individual contact indicators in different adjustment plans.
[image: Table 4]It is found that the clustering coefficients in the networks with commercial type adjustment increased significantly. The increase of service stores proportion is considered to make local connectivity changes in a weighted contact network. It is because service-type stores would attracted utilizers with longer staying duration inside the shop space. Besides that, the number of customers inside the service-type stores is limited, which may lead to more waiting queues in the study area.
Plan-3 simulates the condition with the reduction of staffs in the service stores. The clustering coefficients still increased in this condition. Though, the customers meet contact fewer staffs in the store, this measure may also enhance customers’ waiting time in the queue. Reducing staff at service stores may not be a good measure for transmission mitigation.
4.2 Evaluation of Self-Protective Measures
Two possible personal protective measures are proposed. In the staff protect measure, staffs in the study area are required wear a mask. Protected staffs are treated as invalid nodes in the contact graph, and are eliminated during the clustering coefficient calculation. Customer protect measure requires agents to wear mask in the stores which cuts downs the contact between individuals staying in the same shop. Taking the noon hour (13:00–14:00) as an examples, proposed measures are examined through simulation experiments.
Figure 11 shows the estimate clustering coefficients in the original and proposed scenes. It is found that the effects of proposed measures are not significantly in view of the frequency distribution. Compared with contacts in the shops, agents would establish more connection with others in the pedestrian space. However, the mean values in two proposed scenes decreased obviously. It is because self-protect cuts down the strong connection between agents staying long time service shops and queues. These measures works well in mitigating the local transmission risk in the clustering groups in the networks.
[image: Figure 11]FIGURE 11 | Frequency of clustering coefficient in different scenes.
5 CONCLUSION
Considering the underground commercial street as a complex system, this paper presented a method to simulate utilizers’ dynamics and interactions in the large-scale indoor space. Based on monitoring data, CV and Re-identification techniques are adopted to collect utilization behavior data. With observed data, three models are constructed to describe underground utilizations’ time-specific walking and shopping behaviors in the system. Utilizations’ space-time paths and inter-individual contacts are simulated by recreating their spatial movement and staying in a simplified network.
Three types of indicators are presented to assess the risk of inter-individual contacts in different aspects. This paper examined the proposed indicators by simulating individuals’ spatiotemporal contacts in three typical time intervals. The results showed that contact counts of individuals are closely related with utilizer amount in the system, while inter-individual exposure durations are affected by behavior patterns such as the commercial utilization. Contact risk regions are found to vary according to time in view of the cumulative duration of contact events within the link-node network. High pedestrian flow counts are considered to increase the contact risk in the pedestrian space, while long staying duration in the service-type shop are thought to relate with contact risk in the shop space.
A contact graph is proposed to indicate the impact relations of all individuals in the whole system. Clustering coefficient is defined to represent the local connectivity in the social contact network. Weighting the edges between nodes in the social network are proved to reflect effect of the long exposure duration on inter-individual transmission. The time-varying contact degrees of the complex system are assessed based on the clustering coefficients’ distribution in different time intervals. Clustering coefficients in a weighted contact graph are proved to reflect more characteristics of the interaction in the social network. Appling proposed methods, commercial facilities’ influence on inter-individual contact was examined through simulation experiments. The results showed that increasing the proportion of service-type shops and reducing staffs would enlarges the clustering coefficients in the noon hour. Self-protection of customers are more effective than that of staffs in the evaluation of the transmission mitigation measures.
In the weighted network proposed in this study, connection strength between agents in the contact graph is directly weighted by the exposure duration. The correlation between exposure duration and transmission probability would be fully considered in the future work. This study only examined influential factors in the aspect of shopping behaviors. The possible reasons lead to high contacts in the pedestrian space would be further studied in the next paper.
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