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Abstract

:

Urban space exhibits rich and diverse organizational structures, which is difficult to characterize and interpret. Modelling urban spatial structures in the context of mobility and revealing their underlying patterns in dynamic networks are key to understanding urban spatial structures and how urban systems work. Most existing methods overlook its temporal dimension and oversimplify its spatial heterogeneity, and it is challenging to address these complex properties using one single method. Therefore, we propose a framework based on temporal networks for modeling dynamic urban mobility structures. First, we cast aggregated traffic flows into a compact and informative temporal network for structure representation. Then, we explore spatial cluster substructures and temporal evolution patterns to acquire evolution regularities. Last, the capability of the proposed framework is examined by an empirical analysis based on taxi mobility networks. The experiment results enable to quantitatively depict urban space dynamics and effectively detect spatiotemporal heterogeneity in mobility networks.
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1. Introduction


Recently, the influx of massive population to urban areas has boosted urban spatial development to accommodate citizens’ diverse needs, including various social activities, consumer behaviors, etc., where mobility is an essential way of accessing such opportunities [1,2,3]. Particularly, in metropolitan areas, there is an exponential increase in terms of cross-regional mobilities owing to their vast and complicated spatial layout and big populations [4,5]. This has resulted in a more pronounced heterogeneity of urban space and more structured inter- and intro-city interactions [6,7,8]. With the advancement of ubiquitous computing technologies and the widespread availability of geo-tagged data, researchers have attempted to explore the spatial structures of cities by identifying the movement patterns of massive travels, further enhancing the understanding of the operational mechanisms of urban mega-systems [7,9,10,11].



For urban space, a considerable amount of research has shown that urban form presents a high irregularity [12,13] and self-organization [14]. For example, the layout of cities has a distinct clustering pattern as seen in remote sensing images [12,15,16]. To capture this characteristic of urban spatial structure, both land use data and census data have been used in traditional measurement to directly define and classify urban spaces [17,18]. However, the static dimension of urban built-up areas neglects the influence of human activities on the shaping of urban spaces [14]. Mobility, as a measure of activities in a city, is often used to perceive the organization of urban spaces by exploring the interactions between various movement behaviors in urban spaces [7,11]. Spatial clustering algorithms were usually applied to explore the spatial structure of cities by analyzing the spatial characteristics of mobility data [18,19]. For instance, Zhou and Zhang et al. extracted the spatial distribution of six types of urban functions based on the spatial aggregation distribution of travel hotspots [20]. Although the point density-based cluster analysis tool was used to capture a static distribution pattern of urban spatial structure, it is difficult to establish actual connections between urban areas.



Exploring the interactions between urban areas is key to the analysis of the operational drivers of urban systems [21,22]. Research in this area, such as Wu’s study on the spatial mismatch of occupational and residential separation common in the spatial structure of cities, has been achieved by identifying the commuting flows between different functional areas in the city [23]. As the focus of some urban studies has shifted to the interactions between different urban areas, mobility data with continuous spatio-temporal information is being widely used to quantify these interactions [8]. At the same time, the graph theory has been introduced into urban spatial studies to represent spatial structures of real phenomena and to explore complex interactions in urban spaces [24]. Specifically, the representation of urban complex spatial systems was achieved using the network conceptual framework, where its components were denoted as geo-referenced nodes and the interactions between the components are denoted as links. Meanwhile, the relationships between different urban areas are quantitatively portrayed as a series of topological indicators, including degree [25], betweenness centrality [26], PageRank [27], etc. [28]. These studies shed light on the way urban space is organized and hierarchically structured and served as an effective tool for the development and assessment of regional spatial structures. Inspired by them, we propose a workflow that can explore the process of spatial interactions between urban areas using spatio-temporal mobility data. Comparing to the aforementioned studies, in addition to probing spatial regional connections in single temporal cross-sections, we focus on tracing the evolution of such interactions between urban areas by exploring the interactions in successive time periods.



Therefore, this study intends to explore how mobility networks can be employed to explore the processes of spatio-temporal interaction between different urban areas. Specifically, using mobility data to characterize the dynamic spatio-temporal organization of urban clusters over geographic space and adopting valid measures to describe the dynamic evolutionary processes. We propose a method for extracting spatial clusters of urban neighboring spatial units using a temporal network structure constructed from continuous trajectory data. Moreover, a method for quantitatively describing the evolution patterns of urban clusters over time is developed. A case study of Shanghai, China is conducted to validate the methods and to uncover the dynamic spatial structure of the city. This study provides an innovative perspective for understanding the organization of urban space and capturing urban dynamics, which can be utilized for decision-making in the dynamic management of transport demand and urban spatial renewal as well as for better understanding the process of urban spatial development.



The remainder of this paper is organized as follows. Section 2 reviews related work. Section 3 introduces our proposed conceptual framework of temporal mobility networks for revealing dynamic processes in urban spatial structures, where we detail all the components of the framework and describe their formal representations, as well as the computational methods for quantifying the dynamic processes. Section 4 presents study areas of the experimental work and the results of our proposed methods. Section 5 presents conclusions and future work.




2. Related Work


We first describe the concept of urban spatial structure, which is the focus of this study. Then, an introduction to the necessity of investigating its dynamism and the current research progress is reviewed, and how its structural characteristics and evolution can be measured using mobility data is given. The relevant researches that provide the theoretical and methodological basis for the workflow we proposed are discussed.



2.1. Concept of Urban Spatial Structure and Its Dynamics


In the process of rapid urbanization, the spatial structure of cities has undergone significant changes, for instance from a simple single-center form to a complex polycentric agglomeration of urban areas [29,30,31]. In this context, the term spatial structure refers to the urban form that is exhibited by the interaction amongst spatial elements [29,32]. It may serve as an indicator of regional development, reflecting the way in which the city is organized regarding its scale, function, and location within a given region. In traditional urban studies, the measurement of urban spatial structure is usually characterized by static indexes, such as the extent of the geographical landscape [33], the concentration or dispersion of built-up areas [34,35], or the aggregated distribution of population [36]. The description of spatial structure is usually global spatial characteristics such as single-center or multi-center, centralized or decentralized, etc. [29]. These studies of urban spatial structure have assisted planners and policy makers in determining the spatial scale of cities, which has contributed to understanding the process of shaping and monitoring the development of urban space [37]. However, as the spatial interactions amongst the urban elements are constantly changing, the spatial structure is not limited to a static view of the spatial layout, but also requires a dynamic perspective.



With easy access to transport infrastructures and the increased diversity of human activities, a growing body of research has argued that spatial structure greatly depends on spatial interaction flows, manifested as traffic flows [38,39,40]. It promotes the shift of various resources within urban spaces and enhances the interactivity of urban spaces [41]. Batty suggests that “to understand urban space, we must understand flows and networks of relationships” [42]. Moreover, Schmitt suggests that “cities increasingly evolved into a dynamic relational urban system” [43]. These theories have inspired researchers to explore the organization of urban spatial structures in the context of urban mobility including static spatial layout and dynamic spatial interactions. From a methodological perspective, most studies adopted mathematical statistical methods or a simple spatial clustering [17,19,21]. For example, Hu et al. used commuting data from travel surveys to identify the dispersed employment subcenters with a statistical method of geographically weighted regression, revealing commuting patterns in different urban regions [44]. Zhu et al. applied the density-based spatial clustering by application with noise (DBSCAN) algorithm to identify urban regional clusters based on OD points of trajectory data, achieving a multi-level characterization of spatial structure [45]. These studies have demonstrated that urban spatial structures are in general characterized by dynamic layouts and blurred boundaries, as well as various manifestations of human activity within urban sub-regions. Nevertheless, urban space is more than a simple collection of urban sub-regions [41]. We should explore the dynamics behind their formation, such as those areas that have denser internal spatial interactions and how urban sub-regions interact dynamically with each other.




2.2. Mobility Networks and Network Community Detection


In the context of mobility, to further explore the interactions of urban spatial structures, many researchers suggested to construct networks by embedding collective flows into geographical spaces [4,24]. Based on the architecture of networks, the relationships between interactions of urban areas are described by active traffic flows [46]. A range of network approaches, such as both topological properties from a global perspective and community detection of networks, have been widely used to describe the spatial structure of cities. Specifically, Lee et al. constructed an urban mobility network using OD data on commuting traffic flows across the city, achieving a classification of the hierarchy of centers of work areas in the Seoul metropolitan areas through centrality indicators [5]. In a further way, many studies demonstrated that detected mobility communities, which are distinct regions with dense internal connections and sparse external connections, are able to better describe pre-unknown mobility structures [6,47,48]. For example, Yildirimoglu et al. used a data set on multiple modes of transport to investigate the structure of consistent mobile communities in urban spaces, where each mobile community has similar travel characteristics [49]. Owing to its good performance, mobility community detection has been widely applied to describe the complete urban spatial structure beyond the traditional morphological structure [6,38]. However, most of current studies still focus on the aggregated flows as a frozen view on a time scale, and few discuss the dynamic evolution process of interactions within mobility networks [1,50]. We argue that a shift from descriptive measurements of urban spatial network structure to the study of evolving spatial networks will foster a long-term interest in the investigation of the associations between urban spatial structures and spatio-temporal dynamics [51].



On the other hand, for the construction of mobility networks, most studies focused on topologies of nodes in a ‘network’ or ‘feature’ space, for example, by directly connecting the origin and destination of a trip [52,53]. Such topological connections ignore the constraints of geographic Euclidean spaces. According to the Tobler’s First Law, the analysis of interactions between urban spaces through mobility networks should be based on the premise that neighboring entities interact more frequently [38,40]. Further, these metrics defined in network spaces are non-spatial and entirely non-geographic to a certain extent. Indicators, such as the network diameter [28], which indicates the two most distant social relations, are difficult to correspond to phenomena on real geographic spaces [4]. In addition to the mapping relationship between the network space and geospatial space in which the nodes are located, we also have to consider the interaction relationship between the nodes. For example, in some studies of freight traffic network among cities, the interaction relationship is represented as a function of the pairwise freight traffic volumes between two cities without the routing information [54,55]. This direct conversion is referred to a first-order dependency [56]. However, transportation routes, as typical spatial sequence data, usually involve more than two transportation nodes. Singer et al. [57] explored the implications of applying routing information in transportation networks. Lambiotte et al. [56] further emphasized the dependency exhibited in spatial sequence data, where the interactions between transportation nodes are not only related to the current one, but also to non-contiguous surrounding nodes [58]. Such dependencies are described in complex network theory as higher-order topological interactions [59]. Consequently, when considering mobility networks embedded in geographic spaces, a reasonable representation in the network cannot be ignored.





3. The Proposed Framework


In this section, we describe the proposed spatiotemporal framework for exploring the structure of time-varying traffic flows and their evolutionary patterns over geographical spaces. The detailed workflow is shown in Figure 1. Specifically, we first introduce the notations and definitions used to formulate a dynamic representation of the mobility network. We then extract the sub-structures in the time-varying network of the mobility networks. Further, a dynamic graph-based quantification method to numerically extract and understand the dynamics of the mobility network structure is developed.



3.1. Formulation of Temporal Mobility Network


Large-scale travel trajectory data involve rich spatiotemporal information. To explore the meaningful spatiotemporal substructure of mobility, we abstract the traffic flows represented by the trajectory data to a temporal network over geographic space. Specifically, in this study, we define a mobility network as a directed weighted temporal graph, of which nodes denote the smallest geographical units and edges denote the amount of travels between each pair of geographical units. The temporal mobility network is formulated as below:


  G = {  g t    V ,  E t      |   t = 1 ,   2 ,   … ,   T }  



(1)






  V =    v 1  ,      v 2  ,   … ,  v n     



(2)






  E = {  E t    |   t = 1 ,   2 ,   … ,   T }    



(3)




where  G  represents the temporal mobility network constructed by trajectory data, and    g t    V ,  E t     , where   V   denotes the set of  n  nodes and   E   R   n × n     is the set of edges, is a time slice from the entire network. The detailed definitions of this formulation are:




	
Centers of geographical units in subdivisions of a city are extracted as nodes set  V  in the mobility network;



	
For the construction of edges between graph nodes, a large connectivity matrix is often used to denote the number of trips between each pair of geographical units. Considering that the flows between geographical units of a city vary over time means that the magnitude of connectivity from a node to a node is dynamic. We use a time series of the connectivity matrices  E  to describe the topological structure of time-varying mobility within  T  time slices according to a specific temporal resolution;



	
We use trajectories to measure the connectivity relationship    E t  i j     from the nodes    v i    to    v j    in the graph at the time slice  t . Specifically, instead of using only origin and destination locations of a particular trajectory, we consider the geographical spaces crossed by a trajectory. Like many generative models for human mobility [60,61], we simplify the recording of a single trajectory into a set of geographical units and the sequence of visiting them in a chronological order. This data can be described as:










  T r a j = L i s t  s  =   u i d ,    C 1  ,    C 2  ,   … ,    C s    ,  



(4)






   C s  =      v s  ,     A r r T i m  e s    ,  



(5)






  E = {  E t    |   t = 1 ,   2 ,   … ,   T } ,  



(6)




where   T r a j   represents a simplified sequence for a trajectory,   u i d   denotes a valid trajectory id, and    C s    consists of the nodes in the graph represented by the geographical units passed and the arrival time.



By aggregating the total number of flows passing between nodes to nodes at time slice  t , we can obtain the edge weight matrix    E t    of the dynamic interactions of the mobility network.




3.2. Extraction of Spatial Substructures


After obtaining the dynamic mobility network, we investigate the travel interactions between geographical units to obtain mobility features. Based on the features derived, we use spatial partitioning to further identify patterns of travel behavior on the dynamic mobility network.



3.2.1. Topological Motifs of Mobility Network


More information is retained in the higher-order structure of the network, considering the above-mentioned edge connectivity relationships of the mobility network. In other words, a simplified sequence of trajectories may cover more than two adjacent spatial geographic units, implying that connectivity also exists between higher-order neighboring nodes in the network. In other words, a simplified spatial sequence of trajectories may cover more than two continuous spatial geographic units, implying that the interaction still exists on the geographical units through which the trajectory passes, even though they are not directly connected. For example, a trajectory that follows the route 1→2→3 is described as a pairwise interaction pattern containing 1→2 and 2→3 in our construction way. In order to preserve the second-order interactions between geographic units 1 and 3, we attempted to capture the characteristic of such multi-hop spatial proximity using the higher-order model proposed in complex network theory [58].



A number of studies have used network motifs, a concept derived from the network theory, represented as network subgraphs, to investigate how to describe and characterize the higher-order structure of a network [62,63]. If these network subgraphs occur more frequently than random samples of the whole network, then these network subgraphs of the significant importance are called motifs. In the context of mobility research, network scientists have demonstrated that motifs can help to understand higher-order organizations, for example, by identifying important hub cities in an airline network, or by discovering the themes of travel in a travel chain [62].



In this research, we employ motifs to capture multi-hop spatial connectivity patterns and to uncover local structural interaction features of geospatial units. Particularly, we adopt the topological motifs proposed by Benson et al. to deal with multi-order connectivity relations for directed graphs [63]. Conceptually, a network motif is formed by


   M  p q   =    V m  ,  E m    ,  



(7)




where    V m  =      v 1  ,    v 2  ,   … ,      v m        V   is a set of  p  nodes, and    E m  ∈   R   q × q     is a weight matrix consisting of  q  edges. For example, Figure 2 depicts some examples of 3-vertex topological motifs, which represent certain meaningful connectivity structures.



It is notable that motifs are characterized as building blocks of the mobility network topology, but not all of them are significant. We capture the higher-order proximity by mining the frequent occurrence of motifs in mobility networks. For a given collection of motifs   M =      M 1  ,    M 2  ,   … ,      M k      and a static mobility network snapshot    g t   ,



	
We first calculate the number of occurrences of motif graph    M k    in the mobility network    g t    by means of an enumeration method. For the enumeration algorithm, by traversing each node in network    g t   , a motif is considered to occur once if the sub-structure is formed by this node and its higher order neighbors is the same as the topological structure of the given motif    M k   ;



	
Based on the previous step, we obtain the number of occurrences of all motifs in the temporal mobility network  G  and further select the most frequent mobility motifs. Like most studies, we filter motifs collections  M  with a high average number of occurrences across all static mobility network snapshots by setting a threshold    E m   , which serves as typical higher-order organizations in mobility network  G .






We capture the local neighborhood-level directed connectivity of the nodes of mobility networks through frequent topological motif structures. Further, we use theses higher-order structures to detect densely connected communities in mobility networks.




3.2.2. Motif-Based Communities of Mobility Network


Network communities are used as a common type of densely connected organization to extract agglomerative patterns of networks. Meanwhile, some complex network scientists have discussed the performance of motifs applied to community detection algorithms. For example, Gao et al. proposed an asymmetric triangle enhancement method for network clustering that addressed the fragmentation problem of networks [64]. Shang et al. proposed a motif-based modularity function to extend local communities and achieved better results on six real networks compared to five state-of-the-art algorithms [65]. Specifically, we perceive the spatial agglomerative structures of urban clusters through the mobility networks constructed by trajectories and the frequent motifs detected. In this subsection, we elaborate on how to incorporate frequent higher-order motifs organization into the original mobility network to better encode mobility communities.



Our approach involves three steps. First, the spatial proximity among nodes is redefined. Then, a community detection is performed for the higher-order proximity-enhanced mobility networks. Third, statistical tests are conducted for the detected mobility community structure. The algorithm flowchart is shown in Figure 3.



First, we follow the definition of weight matrix     W ˜  k    or the higher-order topic adjacency proposed by Benson et al. [63]. For a given frequent topological motifs    M k    and mobility network    g t   , we define the set of all occurrences of motif graph in the network as   o c c _  g t     M k     , where all nodes in the subgraph set compose the nodes    V m    we mentioned before. For each    E m  i j      E m   , their higher-order adjacency, denoted by    θ k  i j    , is defined as the number of occurrences in the subgraph set   o c c _  g t     M k     . Thus, we obtain a higher-order motif adjacency matrix     W ˜  k    based on motif    M k   .


    W ˜  k  i j   =  θ k  i j   +  θ k  j i   ,  



(8)







After the higher-order proximity calculation, the mobility network can be augmented as


   g t  =   V ,      E t     M k      ,  



(9)






   E t   M  =  E t    ∪    E t      W ˜  1      ∪   …   ∪    E t      W ˜  k    ,  



(10)







In the second step, we perform statistical tests on the obtained higher-order proximity-enhanced mobility network, checking whether the reconstructed network structure has a significant community structure. We generate a set of random networks with the same nodes and degrees as the mobility networks. Subsequently, the average modularity of the random networks in the set and the reconstructed mobility networks are calculated several times by employing the Louvain method. According to the central limit theorem, the average modularity generated by random networks should follow a normal distribution. We compare the obtained Z-score of the mean modularity of the enhanced mobility network with a threshold at the 1% significance level, thus implementing a test of significance of the community structure.



The third step is to apply the Leuven community detection method to the higher-order proximity-enhanced mobility network    g t    with significant community structure features. To reduce the randomness of the community structure, we perform multiple calculations on this mobility network to obtain robust mobility network communities, that is, urban clusters.





3.3. Quantification of Spatiotemporal Evolutionary Patterns


As traffic demand for each geographical location can be different and varies over time for a location, the spatial structure of the urban clusters perceived by movements may also vary. It implies that the structure of communities in a temporal mobility network evolves over time. In addition to detecting urban spatial clusters at different times, we focus on the process of how urban spatial clusters evolves over time––evolutionary tracking.



Benefiting from the network format of spatial clusters, we are able to quantify this evolutionary process by employing a series of network measures. Specifically, we compare communities between consecutive time snapshots and introduce a metric to describe this evolving behavior. Mathematically, for a pair of successive network snapshots    g t    and    g  t − 1     in temporal network  G , let    C i t    and    C j  t − 1     be the communities of the corresponding network, respectively.



Here, we compare similarities between communities by considering both qualitative and quantitative indicators of community membership, and the community similarity between    C t i    and    C j  t − 1     is defined as   I    C i t  ,  C j  t − 1      :


  I    C i t  ,  C j  t − 1      =       C i t  ∩  C j  t − 1          C i t      ⋅    ∑  v ∈  C i  ∩  C j  t − 1     N I    C i t   v       ∑  v ∈  C i  ∩  C j  t − 1     N I    C i t   v      ,  



(11)




where      C i t      is the quantity of network nodes in community    C t i   , and      C i t  ∩  C j  t − 1       represents the quantify of the overlapping network nodes in the two communities;   N I    C i t   v      is a node indicator in a statistical matrix, including centrality, degree, betweenness, etc., that accesses the importance of node v in community    C i t   . In this research, we select   N I   as the betweenness of a node, which is a global metric that calculates the average shortest distance between a node to all other nodes.



Further, to clarify this pattern of evolution, we employ an overarching concept proposed by the GED (group evolution discovery) for representing the evolutionary behavior of communities in a temporal network [66]. Specifically, this evolutionary behavior is defined as a series of events, including birth, death, contraction, expansion, merging, and splitting (see Figure 4). For the determination of events, there are two hyperparameters α and β employed to formulate the classification rules for events, as shown in Table 1, where the hyperparameters are used to adjust the number of event observations.



Thus, for mobility network communities in each temporal snapshot, except the first one, we can obtain the evolutionary events between the current community and its corresponding community in the previous temporal snapshot. Finally, the dynamic spatio-temporal processes of urban clusters are described by the type and number of evolutionary events varying in time and space.





4. Experiment and Results


In this section, the proposed framework is applied for a case study, evaluating the applicability of capturing and quantifying the dynamic structure and evolutionary patterns of mobility networks. First, we map the aggregated trajectories onto the geographic space, and then construct a temporal mobility network in a chronological order. Second, we conduct community detection for the higher-order proximity-enhanced temporal snapshot network, acquiring heterogeneous urban spatial clusters. Third, we extract the interactions between urban spatial clusters on continuous temporal snapshots, quantifying the urban spatial evolution patterns in the context of mobility.



4.1. Study Areas and Datasets


The study area is the inner city of Shanghai, China, located within the Outer Ring Road, with a population of over 12 million people, which gathers the majority of traffic flows in the metropolitan area. This area is a typical case of mixed-use development with 263 Traffic Analysis Zones (TAZs) covering an area of approximately 680 square kilometers (Figure 5). The TAZs were chosen as the analysis units to examine urban geospatial interactions, and each unit is referred to a neighborhood with a spatial resolution of approximately 1.4 km. The TAZ dataset is defined by the Shanghai transportation agency as the administrative units for transportation management and planning.



Like most cities, taxis are seen as an important component of the transport system in the city center of Shanghai, and they are used as a proxy for studying human mobility patterns. The de-identified taxi GPS trajectory dataset used for this analysis was collected from 1 September to 28 September 2016. The total number of regularly operating taxis was 16,032, covering approximately 70% of all taxi trips in Shanghai. GPS data points recorded detailed information including device ID, longitude, latitude, status (empty and heavy load), timestamp, speed, etc., where the data were sampled at a frequency of approximately 10–20 s. In order to obtain valid trajectories of trips for further data analysis, the following processing procedure was developed to preprocess the raw dataset. We first filtered the trajectory data within the study area and then identified valid trips based on the passenger load signs in the original records. We also eliminated GPS point data noise for speed over 100 km/h based on the real-time speed record. Then, the outlier trajectory data was removed according to the calculated travel time and distance based on the three-sigma rule. After data pre-processing, we obtained a dataset of taxi trajectories for the construction of urban mobility. The data consist of an average of 85,000 valid loading trips per day, with an average of approximately 5.3 km per trip. Figure 5c plots the spatial distribution of the trajectory data recorded over five minutes, covering most of the roads in the study area. These trips form a representative sample of intra-urban mobilities, which reflect the connectivity in the urban space. It is noted that the proposed framework is applicable to other mobility datasets.




4.2. Overall Mobility Networks Description


Based on detailed trajectory records and spatial units from the TAZs, we constructed a temporal mobility network. We first mapped the trajectories to a numbered sequence of time-stamped traversed TAZs, and then these sequences were aggregated for network construction. In a mobility network, the set of nodes is composed of 263 TAZs spatial units; the edges are made up of the direction of flows between spatial units and the amount of passing traffic. We divided all trip data into three-hour intervals based on their start timestamps. Then, the trip data were aggregated within each time slice as a snapshot of the entire temporal mobility network.



After processing the mobility data, we obtained a profile of the entire mobility network, as shown in Figure 6. It contains 263 nodes and 2083 edges. Further, we calculated two commonly used metrics of each node, namely degree and strength, for a quantitative global description of the network structure. We also calculated these two metrics for higher-order nodes. In the context of mobility, degree and strength, respectively, represent the extent (mobility geographic coverage by taxi service) and intensity (mobility concentration of trips) of the interactions between neighboring nodes.



In terms of overall spatial linkages, as shown in Figure 6a, on the one hand, there is a strong spatial interaction between the core urban area and the peripheral urban areas, while the interaction between the suburbs is relatively weak. On the other hand, the network shows a noticeable distribution of clustering. As for the multi-order hierarchy of connectivity based on statistical indicators, it can be seen that the two metrics show significantly different distributions. For degree, its multi-orders show an approximately bell-shaped normal distribution, implying a distinct randomly distributed geospatial structure of the mobility network. For strength, the overall trend looks like a hump with a thick tail, implying obvious heterogeneity that a small number of nodes tend to involve more traffic volume.



Overall, the statistics show that the spatial units in the mobility network have more intensive interactions with the proximal area, exhibiting a spatial cluster. Additionally, the higher-order connectivity preserves both the lower-order geographical proximity and the preferential connectivity in the mobility network.




4.3. Communities of Temporal Mobility Network


The above exploratory analysis focuses on describing the overall spatial structural characteristics of the mobility network. To further explore the characteristics of the aggregated distribution of urban spatial organizations, we extend the analysis by applying our proposed approach to introduce a temporal dimension on top of it.



First, in our mobility network, we chose three motifs as the fundamental organization, which is a common generalization of neighboring information. The statistical characteristics of these higher-order connectivity was discussed above. By counting the number of occurrences of three different motifs on each time slice, we obtained the most frequent of these triad graphs in the mobility network, covering M1, M2, and M6 in Figure 2. In our proposed approach, they represent the recurring mobility patterns of taxi trips between neighboring regions in geographic spaces as well as the typical connectivity features in network communities.



The mobility communities derived from the enhancement of higher-order features of traffic flows, also referred to as urban clusters, reveal the aggregation forms of the urban spatial structure. As the network connectivity is indicated by traffic volumes from aggregated trajectory sequences, the geographical units with roughly similar spatial coverage of mobility activities are closely clustered together. Meanwhile, geospatial units with comparable vibrancy of transport interactions are considered as the same mobility community in the same time slice. We uncovered the evolution of the spatial structure of urban clusters for each day of the week by aggregating the data from nearly a month by week. In Figure 7 (more detailed results can be found in Appendix A), by dividing every three hours as a time slice, it shows a spatial visualization of the community division of the mobility network within each time slice, where clusters in the same color belong to the mobility community on the same space. It is worth noting that most of the community structures are statistically significant at the 1% level, indicating that our acquired communities are relatively stable. To a certain extent, the spatial visualization results reveal the rhythm of daily mobilities at the mesoscopic scale within urban spaces. These results encompass both the spatial hierarchy within the same time slice and the trends for the same neighbors over time.



To show the general conviction of our approach, we explored the similarities and differences in the urban spatial structure of a typical weekday and weekends. Specifically, among the communities we obtained, we selected the results of peak hours on Thursdays and weekends, as shown in Figure 7, where peak hours include the morning peak (7 am to 9 am) and evening peak (5 pm to 7 pm) periods as defined by the Shanghai government. In terms of the spatial distribution, the closer to the city center, the smaller the size of the community, and bigger scale mobility communities surround the city at the periphery. It is most likely that there are more accessible infrastructures in the central area resulting in a relatively dense short trip. In contrast, there are more dispersed traffic demands in the surrounding areas leading to more long trips. Further, perhaps there is a match between the mixed land uses and the urban clusters in different geographical locations during the planning period, which, to a certain extent, influences the size of the communities. A second important finding is that the spatial boundaries of urban clusters are partly distinguished from the administrative boundaries but are constrained by natural geographical boundaries. Obviously, the Huangpu River forms a part of the spatial boundary of the community. This finding can also confirm that the resulting urban clusters have meaningful geographical boundaries and, thus, address spatial heterogeneity.



In terms of different time periods, the spatial structure of urban spaces on weekdays and weekends differs relatively distinctly over space. Specifically, it seems that the spatial clusters are smaller in spatial coverage and more numerous on weekends compared to weekdays. Moreover, comparing the peak and off-peak hours, a similar pattern is captured, where mobility communities during off-peaks are also relatively spatially dispersed and small-scale concentrated. In a way, this dynamic change in spatial structure in time also reveals that the structure of mobility space exhibits certain spatial scaling patterns at different times.



Additionally, we adopted two widely used community quality metrics as measures of community detection performance, without previously knowing the ground-truth of communities. One of the metrics used in this paper is modularity, which measures the density of edges in an intra-community compared to the edges in extra-communities. The greater its value, the better the quality of the community. The other is the average cluster coefficient, measuring the local connectivity, which is also related to the robustness of a network’s partitioned structure. The results of the two metrics are shown in Figure 8. It yields that the modularity remains a relatively high level over 0.68, and the average cluster coefficient appears to be on the uptrend in the peak hours and reaches its lowest point in the late night. With these commonly used community detection evaluation indicators, our proposed approach is validated as stable and robust, in terms of partitioning mobility networks into compact spatial clusters to reflect the spatial layout of urban areas in the context of mobility.




4.4. Evolutionary Patterns of Urban Clusters


The evolution of urban clusters in space is captured by tracking changes in the structure of mobility communities. Based on the spatial distribution of the dynamic mobility communities, their evolutions over time are discovered. As shown in Figure 9, there is an intuitive demonstration of how the communities interact with each other and the evolving trends of this interaction.



We further analyzed the evolution patterns of the network communities from the perspective of dynamic community structure changing. First, we plotted a Sankey diagram from 6 am to 12 pm on Thursday, which demonstrates how communities in the study area interact with each other and how the interaction alters from one entity at snapshots. Such changes are reflected in the affiliation of spatial units as members in different communities. In Figure 9, with the geospatial distribution of mobility communities as a reference, the width of the links between communities in continuous time indicates the number of overlapping members in space.



As seen from Figure 9, in terms of the specific communities, the structural characteristic of different communities presents different patterns: some communities have a steady trend which gradually scales up or down. For example, the communities in the three darkest colors in the bars gradually decrease in size, while they also happen to be concentrated in the upper central part of the city. Contrastingly, the others tend to show frequent interactions with each other, thus, generating transition events. This finding confirms the instability of the internal mobility structure of certain urban regions and further characterizes the spatially heterogeneous traffic patterns. Meanwhile, in terms of the specific time periods, through the overlapping flow curves in the figure, the flow of spatial units within each spatial agglomeration is shown to be more diverse. During the off-peak hours, the flow is relatively stable. Such a pattern is also indicative to the frequent changes in the urban spatial structure because of the more active activities in the city during the peak hours. Further, the overall trend is that urban space gradually consolidates from loose and small-scale clusters to large-scale clusters. In later periods, the integrated clusters are gradually split into small-scale communities dispersed in the study area.



In addition, we applied the GED method introduced in the Section 3.3 and set the commonly used parameter α = β = 20% to calculate the evolution events. After the calculation, we obtained a series of consecutive community events as characteristic measures of dynamic mobility network evolution and demonstrate them in a thermal diagram in Figure 10. In this figure, the value is the number of events occurring in every two adjacent snapshots. Additionally, it is interesting to note that no clusters died or grew up. It is presumably because the study area was fixed with no parcel changes, and, therefore, the events detected do not include births and deaths.



In the evolutionary process shown in Figure 10, the dynamic patterns of urban spatial structures are depicted as specific spatial events. It is observed that contraction and expansion events usually occur at the same time, and there are slightly more contraction events than expansion events during both weekday and weekend peaks. These events reflect the dramatic changes in the activities that occur over urban spaces during this period. In addition, comparing the evolutionary events in the morning peaks with that of in the evening peaks on the same day, i.e., 2→ and 5→7 in the figure, it shows a relatively similar distribution of the number of events. Contrasting weekdays and weekends side-by-side, the slight difference is in the number of event types during off-peaks. In general, active mobility generates dynamic changes in the spatial organization of urban spaces. The spatio-temporal regularities in dynamic networks are, thus, verified and further described in the evolutionary process, which also suggests that intermediate structures with spatio-temporal properties (network communities) are an appropriate way to study dynamic urban spatial structures.





5. Discussion and Conclusions


5.1. Methodological Discussion for Revealing the Dynamics of Urban Spatial Structures


Taking the spatial organizations and temporal associations of urban spatial structure into consideration simultaneously, this paper proposes a novel framework for revealing the dynamics of urban spatial structure by the three steps of modelling the urban spatial network, identifying urban spatial sub-regions and characterizing the evolution of urban spatial structure. The highlights of our study are threefold. First, we construct the urban spatial network using continuous trajectory data as a proxy for human activity. The spatially embedded network constructed based on continuous trajectory data takes into account geospatial constraints and retains more detailed routing information. Different from networks constructed with trajectory OD data, the network nodes in our proposed method measure the through traffic between adjacent TAZ rather than direct traffic demand spanning geographic space. Similar to the gravity model in the travel distribution model, it takes explicit geospatial proximity into consideration and achieves a characterization of the strength of spatial interactions between adjacent TAZ. Second, we integrate the higher-order structure of the network in identifying urban mobility communities. A number of studies have demonstrated that motifs can reveal the frequent connectivity patterns of networks, thus we enhance the spatial connectivity of mobility networks by computing the motif co-occurrence matrix. Further, for the identification of urban sub-regions, relative to other unsupervised spatial clustering algorithms, the network community detection algorithm focuses on the closeness of the connections among objects rather than the sparseness of the distribution of individual objects. The obtained urban sub-areas are rich in metrics (e.g., degree centrality) and retain the original connections in geospatial terms. As a result, the mobility communities obtained are spatially heterogeneous urban sub-regions with high intensity of internal interactions. Third, we propose indicators to quantify changes in urban spatial structure and describe them as specific spatial events. Distinguishing from other dynamic studies of urban spatial structure, we obtain not only simple statistical characteristics, such as size, topology, and identified boundaries of urban clusters over different time periods, but a more intuitive and comprehensive pattern of evolution.




5.2. Implication of Urban Spatial Structure Dynamics and Its Evolutionary Patterns


This study explores dynamic spatial interactions at the mesoscopic scale, providing a tool to verify spatio-temporal properties of spatial structure dynamics from the lens of traffic flows. From a spatial perspective, we obtained urban sub-regions as highly heterogeneous spatial clusters with dense internal connectivity and sparse external connections, which shows the concentrated distribution of traffic flows. On the one hand, the clear boundaries and divergent spatial extents exhibited by the sub-regional clusters can inform the zoning of fine-grained urban management. Existing regional jurisdictional boundaries are mostly fixed administrative or geographic boundaries, which, to a certain extent, limit implementing reasonable and flexible solutions benefiting intra-city travels and land uses, especially in highly dynamic and compact metropolitan areas such as Shanghai. On the other hand, the detected mobility clusters still retain a network structure with interactions. Network metrics such as clustering coefficients characterize the divergent geographical cohesion of the concentrated activity space, with intra-cluster interactions being more intensive during daytime relative to late night.



From a temporal perspective, the empirical study based on the one-month mobility data of Shanghai explores the fine-grained dynamics of the urban spatial structure, including inter-regional interactions and changes in the regions themselves. Firstly, the change of members in a cluster specifies the size and direction of dynamic mobility demand, which can assist decision makers in coordinating regional resource allocation and in dynamic traffic control. Further, this quantified interactions between sub-regions can be used to validate some urban planning policies, for example regarding the delineation of commuting circles for the separation of jobs and housing. Secondly, we obtained the time-series structural characteristics of urban sub-regions. Their statistical characteristics are able to illustrate the spatial stability of urban organizations and reveal the spatial vitality. Moreover, the urban spatial dynamics are described as specific spatial evolutionary events (e.g., expansion and contraction), providing a consistent assessment tool for theories that examine the coupling of urban patterns and processes. By continuously identifying and tracking significant changes in urban structure, short-term rhythms of life within urban space are revealed, and the urban development can be further explored.




5.3. Innovations, Limitations, and Prospects


Our research renews knowledge about the dynamics of urban structure from the perspective of mobility. Theoretically, it enriches the insights into the complex spatio-temporal dynamics and the evolution of urban spatial layout by taking advantage of mobility data, which combine both temporal and spatial attribute information. With mobility data, two layers of associations of urban structure are constructed, including spatial interactions among urban areas and temporal linkage of the urban areas on their own. Methodologically, we propose an analytical framework for quantifying the dynamics of urban spatial structure, including a method for urban spatial clusters extraction based on continuous trajectory sequences and a quantitative measure for spatial clusters evolution. Specifically, we constructed a temporal network of interactions among urban areas using a spatial sequence of trajectories, which considered the mapping of network space to geographic space as well as geographical proximity. Meanwhile, we extracted statistically significant urban spatial regions with a modified community detection method based on complex networks, and we preserved more connected relationships among sub-regions, as distinguished from data distribution-based spatial clustering algorithms. Further, we propose a quantitative measure to track changes in the structure and size of network communities, enabling a dynamic assessment of the evolutionary process of urban spatial clusters. Based on an extensive evaluation, the empirical study in Shanghai shows that our analytical framework is novel and valid, which could be applied to urban spatial planning and mobility management.



However, there exist limitations in this study. First, our experimental findings were derived from taxi travel modes, which is one of the transport modes. Therefore, the observed mobility patterns in our analysis cannot be overgeneralized. To fully reveal the evolution of urban spatial clusters in the context of mobility, the subsequent study will construct dynamic mobility networks by taking into account multiple modes of transport. Second, our study duration spanned only one month owing to mobility data availability constraints. An analysis of longer time series is preferable for understanding the dynamics of spatial structure in the urbanization process. Third, we focused on the passing flow between geospatial units as a proxy for inter-regional connections when constructing mobility networks. However, trajectory also contains much valuable information, such as the purpose of travel and traffic state, which can be further integrated into the framework to provide insights into urban functions. For future work, we will combine the integration of additional data, such as socio-demographic information and built environment data, to further integrate this structural change characterization and evolutionary quantification framework into a predictive system for long time series urban development. Finally, the proposed framework could be applied to a comparative analysis of several cities to explore contextual differences at different levels of development.
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Figure A1. Results of spatial visualization of urban clusters distribution within each three-hour time slice during the week. 
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Figure 1. An illustration of the analytical framework. 
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Figure 2. M1-8 are candidates for the 3-vertex topological motifs used in our study. 
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Figure 3. Flowchart of the motif-based community detection algorithm for mobility networks. 
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Figure 4. An illustration of the six types of defined community evolution events that may occur in a temporal network. 
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Figure 5. Datasets used in our case study: (a) The geographical location of the study area and its extent. (b) The traffic analysis cell serves as the basic spatial units of our study area. (c) The sample of taxi trajectory data we used is located on continuous urban roads. 
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Figure 6. Mobility network constructed from trajectory data located both in geographic space and in cyberspace and its statistical characteristics: (a) Geographic visualization of a mobility network constructed from the traffic passing between adjacent geographical units, where the thickness and color of the edges are according to the weights of the network edges; (b) Topological visualization of the mobility network in cyberspace; (c–e) log–log scatter plots of the frequency distribution of the node degrees from first-order to third-order; (f–h) log–log scatter plots of the frequency distribution of the node strengths from first-order to third-order, where the node strengths are divided by 3000 for simplicity of visualization. 
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Figure 7. A spatial visualization of urban clusters distributions within each time slice, where each colored block indicates an urban cluster. The color is used to specify the clusters and does not have a specific meaning. It is noted that a very small proportion of color-blank spatial units are not attached with any color, because they do not belong to any community. 
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Figure 8. Plots of the modularity (a) and average clustering coefficients (b) of the results of the community detection over time, where the results are calculated from communities that include a full day (eight time slices) on Thursday, Friday, and Saturday. 






Figure 8. Plots of the modularity (a) and average clustering coefficients (b) of the results of the community detection over time, where the results are calculated from communities that include a full day (eight time slices) on Thursday, Friday, and Saturday.



[image: Ijgi 11 00237 g008]







[image: Ijgi 11 00237 g009 550] 





Figure 9. The process of spatial evolution of urban spatial clusters over time in different time slices. In the diagram, the mobility community on each time slice is represented as a color block; the length of the block indicates the number of its spatial units, and its color corresponds to the color of the spatial clusters in Figure 7; the curves attached to the mobility community connect the corresponding communities in the next time slice at the spatial locations, and the width of the curve indicates the number of changing spatial units. 
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Figure 10. Spatial evolutionary events of community structure between successive time slices, including the detected results from 6 am to 12 pm on Thursdays (a) and Saturdays (b). The number in each square indicates the occurrence of the corresponding evolutionary event in the adjacent time slice, where the darker colors indicate a higher frequency. 






Figure 10. Spatial evolutionary events of community structure between successive time slices, including the detected results from 6 am to 12 pm on Thursdays (a) and Saturdays (b). The number in each square indicates the occurrence of the corresponding evolutionary event in the adjacent time slice, where the darker colors indicate a higher frequency.



[image: Ijgi 11 00237 g010]







[image: Table] 





Table 1. A summary table of definitions and judgement conditions for the evolutionary events of the network community in a temporal network.






Table 1. A summary table of definitions and judgement conditions for the evolutionary events of the network community in a temporal network.





	Community Evolution Events
	Definition
	Conditional Tags





	birth
	a community occurs in  t  and does not exist in   t − 1  
	for    C i    in  t  and each community    C j    in   t − 1  ,   I    C j  t − 1   ,  C i t      <    α   ,   I    C i t  ,  C j  t − 1       <    β   



	death
	a community appears in   t − 1   and does not occur in  t 
	for    C j    in   t − 1   and each community    C i    in  t ,   I    C j  t − 1   ,  C i t      <    α   ,   I    C i t  ,  C j  t − 1       <    β   



	expansion
	additional members join the community with initial members unchanged
	  I    C j  t − 1   ,  C i t      ≥    α    and   I    C i t  ,  C j  t − 1       <    β    and      C j  t − 1       ≤   |  C i t  |   and there is only one matching event between    C j  t − 1     and all communities in  t , or   I    C j  t − 1   ,  C i t      ≥    α    and   I    C i t  ,  C j  t − 1       ≥    β    and      C j  t − 1       ≤   |  C i t  |  



	contraction
	initial members leave the community
	  I    C j  t − 1   ,  C i t      <    α    and   I    C i t  ,  C j  t − 1       ≥    β    and      C j  t − 1       ≤   |  C i t  |   and there is only one matching event between    C i t    and all communities in   t − 1  , or   I    C j  t − 1   ,  C i t      ≥    α    and   I    C i t  ,  C j  t − 1       ≥    β    and      C j  t − 1       ≤   |  C i t  |  



	merging
	a community is formed by multiple other community members
	  I    C j  t − 1   ,  C i t      ≥    α    and   I    C i t  ,  C j  t − 1     < β   and      C j  t − 1       ≤   |  C i t  |   and there is more than one matching event between    C j  t − 1     and all communities in  t 



	splitting
	a community is divided into two or more communities
	  I    C j  t − 1   ,  C i t      <    α    and   I    C i t  ,  C j  t − 1       ≥    β    and      C j  t − 1       ≤   |  C i t  |   and there is more than one matching event between    C i t    and all communities in   t − 1  



	continuing
	no significant differences of the community between two adjacent snapshots
	  I    C j  t − 1   ,  C i t      ≥    α    and   I    C i t  ,  C j  t − 1       ≥    β    and      C j  t − 1       ≤   |  C i t  |  
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