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Abstract

:

In the recent decade, a new concept, urban community life circle (CLC), has been introduced and widely applied to Chinese community planning and public service facilities configuration alongside people-oriented urbanization. How to delineate the CLC has become a core task of urban CLC planning. The traditional way to determine the CLC using administrative boundaries does not fully consider the needs of residents. Recent research on urban CLC delineation is usually based on residential behavior survey using sample surveys or GPS data. However, it is difficult to generalize the sample surveys or GPS surveys for one specific community to that for others, because of the extremely high cost. Due to the ubiquity of the location-based service (LBS) data, i.e., the mobile phone data and points of interest (POI) data, they can serve as a fine-grained and continuous proxy for conducting human daily activity research with easy accessibility and low cost. Mobile phone data can represent the daily travel activities of residents, and POI data can comprehensively describe the physical conditions. In this paper, we propose a method from both the social and physical perspectives to delineate the CLC based on mobile phone and POI data, named DMP for short. The proposed DMP method is applied to Wuhan. We decipher the CLC’s boundary and residents’ travel activity patterns and demonstrate that (1) the CLC is not a regular circle but a non-homogeneous corridor space extending along streets; and (2) adjacent CLCs are found to share some daily facilities. Based on these findings, we propose that CLC planning should be data-based and people-oriented in general. In addition, sufficient space in the overlapping region of the CLCs should be preserved for future planning of public service facilities configuration, given that adjacent CLCs share some daily facilities.
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1. Introduction


Community-related research has been a popular issue in urban research [1,2,3]. Along with the rapid social and economic development of China, the perspective of community planning has gradually shifted from “place-oriented” to “people-oriented”, which requires more attention to residents’ daily behavioral activities in the community. Recently, due to the people-oriented urbanization of China, urban community life circle (CLC) has become a popular topic in not only planning but also urban studies [4]. As a key transformation direction of urban planning in China, the goal of CLC planning is to realize the equal and precise allocation of public service facilities to satisfy the increasing and diverse needs of residents [5].



The theory of “life circle composition” was first proposed in the planning of Japan’s territories in 1962 [6]. Subsequently, the concept of “life circle” was put forward as the prototype of the concept of “community life circle”. This concept was later accepted, and it gradually spread over the world, e.g., South Korea and France, which are characterized by their large and intensive population [7,8].



A scientific and an accurate delineation of CLC’s spatial coverage is a prerequisite for achieving its planning goal and ensuring the smooth practice of its planning. Three mainstream methods to delineate CLC have been proposed: (1) division based on fixed boundaries, such as administrative boundaries [9,10,11]; (2) division based on fixed distances, such as distances on topological road networks [11,12]; and (3) division based on questionnaire surveys or GPS surveys [5,8,13]. However, previous methods often ignore the residents’ travel activities and their interaction with the surrounding physical environment. Furthermore, there is still no generally applicable method that can delineate CLC accurately with low cost and large coverage. Therefore, it is necessary develop a CLC delineation method that can consider residents’ daily activities and the surrounding physical environment quantitatively, cost-effectively, and more efficiently.



Ubiquitous location-based services data can now be collected with the development of open map services to address the limitations of previous studies [14,15,16]. These fine-grained and continuous data sources can be applied to supplement or substitute traditional survey data, which make it possible to portray human daily activities pattens with low cost and high efficiency [17,18,19]. Among these, mobile phone data and POI data can be easily accessed and can cover the entire urban space. Mobile phone data can represent the daily travel activities of the residents, and POI data can comprehensively describe the physical conditions.



Mobile device data are the most widely applied and promising source [20,21]. Mobile device data comprise two major types: location-based traces data and call detail records (CDRs) data. Location-based traces data (such as WeChat, Weibo, Facebook, Twitter etc.) are captured by the GPS devices attached to mobile phone, which boasts precision of data with longitude-latitude information recorded every couple of minutes [22]. Such location-based trace data usually contain private information about residents, which leads to the difficulty to obtain a large sample of such data. By contrast, CDRs data can be more effectively recorded by the base stations [23]. CDRs data contain location information of millions of individuals so that they can be used to track phone users’ movement at various levels of granularity [24,25,26]. Furthermore, CDRs can be generated from neither feature phones, standard cellphones or smartphone. Therefore, their use in research does not preclude those from low socioeconomic groups in the way that GPS data would, for instance [27]. In addition, the realistic spatio-temporal characteristics of residents’ behavior can be extracted from CDRs data without revealing privacy of participants [28]. There are many scholars have studied residents’ travel patterns based on mobile phone data. For example, Zhu et al. inferred individuals’ daily activities from their mobile phone traces [29], Yao et al. developed an effective framework to extract individual daily travel patterns from mobile phone data between workdays and day-offs [30]. There are also scholars who have applied mobile phone data to community-related studies, Yue et al. used the numbers of mobile phone users in a 24-h period as a proxy of neighborhood vibrancy, for instance [31]. The aggregated CDRs data in several days allows effective analysis of the daily activities of residents, but they suffer from a mismatch with the street scale because they often have coarser spatial scale than the CLC [27,30].



POI data are characterized by a large volume of data and a low cost of acquisition, which contain information about facility types and precise spatial locations [31,32]. In China, the POI categories are in accord with land-use classifications [33]. However, in contrast to conventional land-use data, POI data from navigation databases have the following advantages: (1) POI data have greater flexibility for studying scale issues because point data can be transformed to arbitrary scales; (2) People’s preferences and social functions can be represented by their interactions with POIs rather than by land-use type; (3) The statistical granularity of POI data is much finer [33,34]. In addition, POI data can be used to delineate the functions of urban spaces effectively at the building level, because human activities usually take place in POIs [32,35]. For example, Mei-Po Kwan et al. through taking into account the attractiveness of POIs proposed a human travel purpose inference method that takes to divide human trips into different types combining with the taxi trajectory data [36]. POI data are often used to infer the purpose of human activities in combination with other types of LBS data, which cannot directly provide the detailed activity information of individual [37,38,39,40]. For this reason, the combination of fine-grained POI data and mobile phone data allows for more accurate analysis of people’s activity travel patterns at the microscopic scale.



To sum up, based on the experience of previous related studies, in order to delineate the CLC more accurately, both the travel activities of residents and the physical space conditions should be considered. At the same time, ubiquitous and easily accessible mobile phone data and POI data can help to achieve quantitative, easy to generalize and efficient CLC delineation. Therefore, this study aims to conduct urban CLC delineation based on Mobile Phone Data and POI Data (DMP for short), quantitatively and easily to generalize. Wuhan is one of the large cities in China that is undergoing rapid urbanization, and we apply the method to cases in Wuhan to verify its feasibility and effectiveness. Through the results of this method, it may be possible to achieve a fine-grained evaluation of the current performance of the community-related planning and provide data support for the subsequent CLC planning and policy formulation, thus helping to achieve its people-oriented planning goals.



This paper is organized as followings: Section 2 introduces the DMP methodology and materials; Section 3 shows the experimental results; Section 4 presents the discussions, and Section 5 is the conclusions.




2. Literature Review


There are three mainstream methods to define the coverage of CLCs. The first method is based on fixed boundaries, such as administrative boundaries. The infant community-related analyses used fixed boundaries, such as census tracts, postal codes and voting districts, or administrative units, such as geographic boundaries [9,10,11]. Because administrative boundaries are statistically significant and can reflect general characteristics of the internal population. For example, relationships between neighborhood residential environments and various health behaviors and outcomes have traditionally been investigated using such an approach [12,13]. In addition, such fixed boundaries are relatively easy to obtain [41,42,43]. Although administrative delimitations of neighborhoods may have collective meanings [44], they have not taken into account the travel activities ranges in residents’ lives [45]. For example, Coutts et al. examined green space at the whole-county level for the U.S. and could not capture places related to physical activity of individuals [46].



The delineation based on fixed distances, such as distances on topological road networks, is another widely used method. To address the limitation of the fixed boundary method, most of the research tended to define spatial boundaries within a certain Euclidean distance, road network distance, or buffers [8,11,12]. Although this method takes into account the walking distance of the residents, the diverse needs from residents in the CLC has not been considered [5,12,47]. Some scholars have tried to consider residents’ needs for facilities, using indicators such as the coverage rate and convenience of facilities [8,13,48]. However, such delineation results lack flexibility and cannot satisfy the new requirements to adapt to local contexts [5]. GIS tools and two-step floating catchment area methods are often used to analyze the needs of residents versus the supply of surrounding public facilities continuously [49,50,51]. However, from a spatio-temporal behavior perspective, these studies may have oversimplified residents’ daily activities and ignored the daily mobility of individuals [52]. Nevertheless, it is worthwhile to learn from the core of these methods to consider both residents’ daily travel and the surrounding spatial conditions.



The third method is based on sample surveys and GPS surveys. In recent literatures, some scholars have investigated the daily activities pattens of residents using sample investigation and GPS data to delineate the coverage and facilities configuration of the CLC [5,8,13]. This method concerned the interaction between residents’ daily activities and the surrounding physical environment, too, so that the delineated CLC is closer to reality. CPS data can accurately record the travel activity trajectories of individuals at the CLC scale and previous scholars have conducted studies at the individual community scale while obtaining additional information through sample investigation. However, the cost of sample surveys and GPS surveys is extremely high. Moreover, the coverage of the survey sample is relatively small, resulting in sample bias [53,54,55]. To reduce bias, multiple GPS sampling surveys are required, further increasing costs. Thus, it is difficult to generalize for one specific community to other communities using traditional survey data [56]. Some other scholars have suggested that the boundaries of CLC can be defined by identifying the activity space [5]. Theoretically, the community life circle is equivalent to the aggregated result of the activity space near and within the community of all the residents and the methods of determining the boundaries of both do have some commonalities. However, the existing methods of activity space delineation also have similar dilemmas, and they also only consider the actual behavior of residents while ignoring the role of the surrounding environment [57,58,59].



Therefore, to delineate the CLC considering residents’ daily activities and the surrounding physical environment quantitatively, cost-effectively, and more efficiently, a new way should be developed.




3. Methodology and Materials


3.1. Methodological Framework


Mobile phone data can delineate CLC with relatively large spatial coverage. However, the coverage radius of mobile phone data in the city is approximately 250–300 m, which is not sufficient to reflect individual activities within the streets. The POI data can assist the analysis of people’s activity travel patterns accurately within the streets. Therefore, this study adopts POI data to infer the travel paths of residents for fine-grained delineation of CLC.



Herein, it is assumed that the paths of daily travel activities of all residents in a community constitutes the coverage of the CLC [5]. Accordingly, the daily travel activities of residents are spatially divided into three stages: the departure point, the destination, and the street-scale corridor space connecting the two.



In this study, the DMP method is carried out in two steps: first, establishing the Origin–Destination (OD) relationship of residents’ daily activities; and then, inferring the travel paths and frequency of residents’ activities. Thus, we can finally delineate the coverage of CLC and the daily travel pattern of the residents within the CLC.



The overall process is illustrated in Figure 1.



3.1.1. Establishing the OD Relationship of Residents’ Daily Activities


(1) Dividing residential time period: the travel patterns on workdays and weekends can be vastly different. Furthermore, to delineate the CLC more accurately, we need to focus on the time period of activities related to residents’ daily life. Therefore, we select the weekdays from 8pm to 8am the next morning and weekends as the users’ residential time periods;



(2) Identifying residents of the community: The principle of identifying residents is that the users have stayed in the community for three days or more within a week during the residential time periods;



(3) Identifying residents’ activity base stations: According to the planning criteria of CLC, the hierarchical model of CLC is “15-min life circle, 10-min life circle and 5-min living circle” [8]. Therefore, we define the residents’ activity base stations as those adjacent to the community where the residents have been traveled and the travel time is within 15 min;



(4) Establishment of OD relationship: Related literature proves that the probability of residents visiting different types of POIs within the CLC is different, so different weights need to be defined depending on the types of POI [60]. Specifically, residents may more frequently use facilities that are related to their basic demands, such as living facilities, dining facilities, shopping facilities, leisure facilities. Taking into account the relevant literature and calibration by the sample surveys, we assign different weights to different types of POI according to the frequency of residents’ daily use (Table 1) and establish a model of activity facility weights (Table 2) [61]. Then, based on the weighting model, residents’ the travel frequency of the activity base stations is assigned to each POI point to establish the OD relationship.




3.1.2. Inferring the Travel Paths and Frequency of Residents’ Activities


(1) Establishment of raster network:



Residents’ daily activities are often carried out in the space of street scale. Based on the scale of the street space, we build a 50 × 50 m raster network. The raster network is built to facilitate the subsequent statistics and calculations;



(2) Inferring the travel paths:



Open map services can directly provide the best paths for residents who use various modes of transportation. The travel behaviors generated by commuting are compatible with the best paths generated by map services because they are more familiar with the road sections [62]. Therefore, to realistically infer the trajectory of residents’ daily activities in the CLC, we use the requests library in Python to realize the quantitative inference of residents’ daily activity paths based on Gaode map application programming interface (API). Gaode Map (https://www.amap.com, accessed on 10 August 2022) is one of the main transportation route navigation providers in China, providing accurate road data and an algorithm for computing the best paths which are open access. The travel times obtained based on this method are more accurate. On the one hand, travel path was real recommended map navigation path; on the other hand, the path selection system considering walking time during route selection, waiting time, transfer impact, and traffic jams, the final travel time obtained corresponds to the impact of various factors already converted into time costs [63].



The origin point is the entrance of the experimental community, and the destination point is the POI point within the service area of the resident’s activity base station. According to the planning criteria of CLC, the travel time of residents’ daily activities is also set as within 15 min. Taking two base stations A and B as an example, the inference process of the travel path of residents’ daily activities is shown in Figure 2. The coverage of CLC can be acquired based on residents’ cumulative paths;



(3) Statistics on the frequency of residents’ daily travels



Still taking the example of two base stations A and B (Figure 3), the travel frequency of the resident travel paths is calculated using the following formula:





   F   L i    = O  D  A B   ×    W i     ∑  i = 1  n   W i     








where    F   L i      denotes the travel frequency of the  i th travel path,   O  D  A B     represents the frequency of residents’ travel between the base stations A and B,    W i    is the weight of each POI point.



Then, the frequency of residents’ trips within each grid is calculated by the formula:





   F j  =   ∑   i = 1  n   F   L i     








where    F j    denotes the travel frequency of the  j th grid,    F   L i      represents the travel frequency of the  i th travel path.



Finally, we can get the residents’ travel characteristics based on the residents’ travel patten. This provides a fine-grained visualization of how the residents within the CLC use the space. Thus, it provides basic support for subsequent CLC planning.





3.2. Study Area


Some scholars have found the phenomenon that different CLCs share some important facilities [11,12]. So the distance between the experimental communities needs to be considered. In this paper, two communities, Waterside Star City and Century City, in Wuchang District, Wuhan City, were selected as experimental communities.



Although the distance between these two communities is relatively low, the composition of residents and facilities within the two communities varies greatly. Waterside Star City is located at the intersection of Qingyuan East Road and Shahu Road in Wuchang District. It was built in 2010, covering an area of 313,500 square meters, with floor area ratio of 1.7, a greening rate of 50%, and a total of 1142 households. There is a kindergarten and various other facilities. There are also many types of buildings inside the communities, such as townhouses and garden houses.



Century Color City is located at Zhongbei Road, Wuchang District. The dominant building type is a tower; it was built in 2006 and covers an area of approximately 83,700 square meters, with floor area ratio of 2.96, greening rate of 36% and a total of 1189 households. Although there are relatively few public services within the community, the surrounding commercial facilities and transportation facilities are very convenient.




3.3. Data Sources and Preprocessing


3.3.1. Mobile Phone Data


Mobile phone data comprises CDR data recorded by nearby communication base stations. In this study, we used mobile phone data for one month in March 2018, collected by a communication company in Wuhan. According to relevant studies, the daily behavior pattens of the residents are noticeably dissimilar on the weekdays and day-offs [30,64], so we selected a non-holiday week in March to show normal activities of city residents and to analyze their daily activities. Table 3 lists the structure of CDR data, comprising anonymous user ID, call time, location area code (LAC), and cell tower ID (CID). LAC and CID contain information about the communication base stations. On average, there are approximately 30 million records per day. In total, 238,329,996 calls were generated in one week by 6,435,621 users, accounting for approximately 60% of the permanent resident population of Wuhan.



Mobile phone base station data was obtained from the same communication company based in Wuhan City for a working week in March 2018, and it includes the code and geographic location information of base stations, as shown in Table 4. The distribution of the base stations in Wuhan is denser to the other big cities, such as Beijing (capital of China), where more base stations are placed in the city center than in the outer area. In the densest area, the distance between base stations can be less than 100 m. Although CDR data do not directly contain the spatial location, the spatial and temporal distribution characteristics of residents in the CLC can be obtained by aggregating the time series of CDRs and assigning them to the service area of the communication base station.




3.3.2. POI Data


The POI data used in this study are the point data crawled from the Gaode platform (https://ditu.amap.com/, accessed on 10 August 2022). There are 10 types of original POI data with 22 sub-categories, including medical, life services, auto service, leisure and entertainment, dining, shopping, finance, tourist attractions, transportation facilities and government agencies. Based on people’s activity habits in the CLC scale, this paper reclassifies the POI data. These data are aggregated to medical health, life services, scientific and cultural services, financial services, leisure and tourism, transportation facilities, and public administration facilities. After reclassification, there are 7 types of POI facilities, with 17 sub-categories, as shown in Table 5.




3.3.3. Data Preprocessing


After removing invalid data, totaling more than 6 million travel records can be obtained. The location coordinates of the communication base station can be obtained through the base station location query web page, given the corresponding communication base station code recorded in the CDR data (http://api.cellocation.com:82/cell.html, accessed on 10 August 2022), as shown in Figure 4. This location information facilitated subsequent analyses, such as identification of the residents of the experimental neighborhoods. After obtaining the location coordinates of the communication base station, spatial visualization analysis is carried out with ArcGIS to construct Tyson polygons coverage to divide the service coverage of each communication base station. Figure 5 shows that the service coverage of the communication base station constructed in this study is in good agreement with the scale of the residential land in terms of spatial scale. The mobile phone data are located by base stations, whose service radius is approximately 250–500 m. Therefore, the road network and various POI facilities are often overlapped by the service radius (Figure 6).





3.4. Application of the Methodological Framework


Based on the above method and preprocessed data, we established the OD relationship of the residents’ daily activities and the raster network. Then, we inferred the residents’ travel paths based on the raster network through the Gaode API, and we obtained the coverage of CLC by aggregating them. Finally, the frequency of residents’ activity travel within each grid obtained from the formulas based on the raster network.





4. Results


4.1. The Coverage of the CLCs


After screening during the residential time periods, a total of 1028 users in Waterside Star City and 4486 users in Century Color City were identified as residents of each experimental community. According to statistics, Century Color City ‘s buildings are aged and have a higher floor area ratio and lower housing prices, and the families living there have a typical structure in China with approximately two to three generations, or three to six persons per family. Therefore, even though the number of families in the two experimental areas is basically close, the total population of Century Color City is much larger than that of Waterside Star City. This proves that the number of residents identified through mobile phone data is reasonable and credible. After identifying 5514 residents in the experimental area, we screened their travel records to the nearby base stations during the activity period and finally obtained an average of 8283 valid travel records per day. After establishing the OD relationship of the daily activity of residents in the two communities, the travel paths of residents were obtained through the Gaode API. We finally obtained an average of 7,452 travel paths per day for residents within 15 min. Based on the established raster network, the residents’ paths within 15 min are superimposed to delineate the 15 min of CLC coverage of the two experimental communities. The results are shown in Figure 7 and Figure 8.



According to Figure 7 and Figure 8, first, the morphology of a CLC is not necessarily circular, nor is it a spatial form with full coverage, but it is the corridor space based on streets, connecting the neighborhood and the surrounding public service facilities. Although the spatial locations of Waterside Star City and Century City are similar, the specific coverage and shape of their CLCs are quite different. Given that the characteristics of their residential groups, the configuration of internal facilities, and the age of constructions are all different, these may possibly correspond to the current demographic difference between them.



At the same time, we found that their coverage of CLCs overlaps, as shown in Figure 9, which quantitatively proves that in a city, due to the shared space or facilities, part of the coverage of the adjacent CLC overlaps [11].




4.2. The Daily Travel Pattens of Residents


The residents’ travel pattens of the two experimental communities within CLC are obtained, as shown in Figure 10 and Figure 11.



According to the results of residents’ travel characteristics within 15 min-CLCs, it can be seen that CLC is not homogeneous, which may attribute to the influence of the residents’ daily travel activities. Moreover, its tendency to extend in different directions is not consistent, exhibiting spatial heterogeneity. For example, the 15 min-CLC of Waterside Star City has lower travel frequency in the southwest and higher travel frequency in the central and southeast, which is mainly influenced by the distribution location of important public service facilities such as shopping malls and the Sand lakes, i.e., they attract the spread of the 15 min-CLC, as shown in Figure 12.





5. Discussions


5.1. Community Life Circle Is Not a Homogeneous Circle


In previous research and practice of CLCs, CLCs were typically thought of as a series of homogeneous circles with different radii, however, this delineation method for CLC is overly simplistic and far away from the scope of real-life residents’ activities [11,12]. Scholars who have also delineated CLC based on GPS data of residents’ travel activities do not explicitly suggest the existence of corridor spaces, but the internal structure of the CLC they obtained also showed this phenomenon [5,8,11]. This coincides with what we have already found in our sample surveys. At the same time, according to the results of DMP method, CLCs are not geometric spaces with clear scope and mutual isolation, but rather, they are irregularly space extending along streets, connecting the neighborhood and the surrounding public service facilities with the corridor spaces. Hence, the finding and existence of the corridor spaces will improve the universal cognition of the CLC.



What’s more, the internal structure of the CLCs shows obvious differences and heterogeneity due to the influence of residents’ diverse demands or differences in physical space conditions. In addition, the trend of extension in each direction is not consistent, which may be attributed to the distribution of popular or scarce public service facilities, with anisotropy of spatial extension. Some scholars have suggested that residents’ travel trends are affected variously by diverse types of public service facilities, manifesting as heterogeneity in different directions [45,65,66]. This coincides with our quantitative results.




5.2. The Coverages of the Adjacent CLCs Are Shared


Based on the results of the quantitative measurement of the residents’ travel pattens of CLCs, it can be found that different CLCs share some facilities. Some scholars have found the phenomenon that different CLCs share some important facilities, such as the hospitals or schools [11,12]. However, these are only qualitative conclusions based on the physical space perspective and lack consideration of residents’ demands for various facilities from the spatio-temporal behavior perspective. From the perspective of residents’ travel patterns, this paper proposes that the types of facilities within the overlapping spaces of the CLC are more likely to be those that meet the basic daily demands of the residents, which can vary with different CLCs. This finding is likely to result from the local facilities configurations and residents’ travel activities pattens. To be specific, in the study, the types of the shared facilities are transportation station and finance service, which are the basic facilities to meet the residents’ daily demands, as shown in Figure 13. However, it is worth noting that unlike the important facilities, such as hospitals and leisure facilities proposed by previous scholars, these two types of facilities are more basic, which coincides with the finding proposed above.



In addition, we can find that this phenomenon of sharing only occurs in the external corridor spaces. During the sample surveys, we have found out that residents usually do not travel to other residents’ communities. This paper regards such “segregation” phenomenon as normal in China and not as an urban problem, such as social segregation. Different from the situation in the West, the communities in China tend to be walled compounds that can provide a safe and quiet environment and promote social interactions within the communities and a sense of belonging [67]. Therefore, the facility configuration in the public corridor space within the CLC should be given more attention in the subsequent CLC planning.




5.3. Residents’ Different Travel Tendencies for Different Types of Facilities


Taking Century Color City as an example (Figure 14), more transportation facilities, living service facilities, dining service facilities and leisure service facilities are often distributed near the grid with high frequency of residents’ trips within the CLC. However, there is also a “spatial mismatch ”phenomenon [68]. For example, in the northeast direction, there are more various service facilities distributed, but according to the experimental results, the residents of Century City of Color may be more likely to choose facilities nearby rather than those further away. Additionally, in the northwest direction, again due to the distribution of important facilities such as Sand Lake Park, residents travel more frequently, but there are fewer other facilities for services around them. In fact, the essence of this phenomenon is that residents have different travel tendencies facing different types of facilities, which is in line with residential travel practices in our real life. Residents tend to spend more time and other costs to travel to the scarcer public resources such as Sand Lake Park in this paper. In contrast, residents faced with common alternative daily facilities tend to choose facilities closer to them to meet their daily demands [69].




5.4. Applicability of the DMP Method


Owing to the generally available and easily accessible data, and the high density of communication base stations in most large Chinese cities, this method has potential in applying to other large Chinese cities and communities. However, due to the low density of communication base stations in suburban areas and small towns, it is difficult to provide sufficiently fine mobile phone data. Moreover, the spatial configurations and the demands of residents in rural areas are different from those in urban areas. Therefore, the DMP method proposed in this paper is only applicable to densely populated large cities, which are the most common cities for CLC planning practice. Moreover, when applied to different communities in different large cities, the residential time periods and POI weighting model in the method should be adjusted accordingly, taking into account the residents’ daily travel patterns and preferences, so as to ensure the rational and validity of the results.




5.5. Limitations and the Future Work


There are several limitations in the current study: first, due to the unavailability of the area of interest (AOI)data, the scope of these CLC is more similar to its skeleton. Therefore, we consider adding AOI data in the subsequent study to obtain a more realistic CLC. Second, the time periods we selected for residential activities and the weights defined for the POI may not be applicable to all city residents owing to different individual preferences. Hence, the sample surveys data are needed for supplementation and correction in subsequent widespread generalization and application. Third, the current study area is relatively small. The parameters and weights in the method should be adjusted according to the sample surveys for the new communities. It is considered that the family structures, socioeconomic conditions, and facility configurations of the two communities are common in large Chinese cities, therefore, the findings from this study can still be representative and referable for other large Chinese cities.



To sum up, in the future, we plan to enrich and improve the proposed DMP method, and expand it to a larger spatial scale, so as to evaluate the current performance of the CLC more accurately and efficiently, to optimize the configuration of public service facilities in CLC, and to better provide scientific support for the CLC planning.





6. Conclusions


Based on mobile phone data and POI data, this paper proposed a quantitative and easily generalizable method to delineate the CLC. The results of the CLC delineation in experimental range in Wuhan City demonstrated the effectiveness and applicability of the method. The results indicate that: (1) the CLC is not a homogeneous circle, but it is the corridor space based on streets, connecting the neighborhood and the sur-rounding public service facilities. At the same time, we can see that the daily travel activities of residents within the CLC are strongly related to the configuration of public service facilities. This will have a great impact on the coverage and internal structure of the CLC. Therefore, we suggest that the CLC-related measurement or evaluation and the subsequent planning should be data-based and people-oriented in general. In other words, it is important to focus on the residents’ perspective and include their activity travel patterns in the research and planning practices related to the CLC. (2) Due to the shared space or facilities, part of the coverage of the adjacent CLCs overlaps. Based on this phenomenon, we suggest that there should be sufficient space preserved for subsequent service facilities configuration in the overlapping region of the CLCs. Additionally, the segregation between neighborhoods should be considered in the subsequent planning. Whether public service facilities should be arranged in common areas, thus avoiding resource wastage, or segregation should be weakened through the configuration adjustment of important facilities, still needs further discussion. In addition, based on the results of resident travel characteristics obtained from the DMP method, we found a spatial mismatch phenomenon between residents’ activities and POI facilities configuration [68]. Whether this is due to an unreasonable configuration of facilities still needs to be determined by larger-scale CLCs delineation in a subsequent study.



The proposed CLC delineation method is novel in several aspects. First, it combines the residential travel activities and physical space conditions to reflect the travel pattens of residents. Second, it strikes the balance between the accuracy and easy generalization of the CLC delineation. Third, it fills the gap in the understanding of the CLC in the large cities of China. It is more fine-grained and highly generalizable at the individual community scale, allowing for the development of locally specific policy and planning recommendation that avoid promoting policy implementation of the CLC at the expense of sustainability and support the improvement of facility configuration at a more fine-grained scale.
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Figure 1. Flowchart of the DMP method. 
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Figure 2. Path inference schematic. 
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Figure 3. Frequency statistics schematic. 
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Figure 4. Schematic diagram of base station positioning. 
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Figure 5. Schematic illustration of the relationship between base stations and residential land. 
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Figure 6. Schematic illustration of the relationship between base stations and POI facilities. 
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Figure 7. Waterside Star City 15 min-CLC coverage. 
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Figure 8. Century Color City 15 min-CLC coverage. 
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Figure 9. Coverage sharing diagram. 
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Figure 10. Waterside Star City residents’ travel characteristic. 
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Figure 11. Century Color City residents’ travel characteristic. 
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Figure 12. Spatially extended heterogeneity. 
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Figure 13. Types of the shared facilities diagram. 






Figure 13. Types of the shared facilities diagram.



[image: Ijgi 11 00548 g013]







[image: Ijgi 11 00548 g014 550] 





Figure 14. Spatial mismatch phenomenon. 
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Table 1. Frequency of assigning weights.
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	Usage Frequency Class
	High Frequency
	Medium Frequency
	Low Frequency





	Weight distribution
	3
	2
	1
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Table 2. POI activity weights system.
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POI Categories

	
Secondary Categories

	
Weights






	
Medical Health

	
Hospitals

	
1




	
Clinics, Pharmacies

	
2




	
Healthcare

	
1




	
Life Services

	
Living Services

	
3




	
Dining Services

	
3




	
Sports & Leisure

	
2




	
Car Service

	
1




	
Shopping services, shopping malls

	
3




	
Shopping Center

	
2




	
Science and Culture Services

	
Kindergarten, elementary school, etc.

	
2




	
Finance services

	
Banks

	
2




	
Financial and insurance companies

	
1




	
Leisure and tourism

	
Leisure Services

	
3




	
Tourist Attractions

	
2




	
Transportation Facilities

	
Bus Stops

	
3




	
Parking lots

	
2




	
Public Administration Facilities

	
-----

	
1
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Table 3. Example of mobile phone data structure.
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	UESRID
	Date
	Time
	LAC
	CID





	159****2868
	3
	7:47:43
	712D
	0E1E



	135****9517
	3
	10:35:16
	708B
	63D1



	150****6343
	3
	9:05:11
	703D
	4598
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Table 4. Example of communication base station data.
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	BaseID
	lng
	lat





	2894030548
	114.2725
	30.71609



	2897142595
	114.3048
	30.64788



	2919344562
	114.2877
	30.15406
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Table 5. Reclassified POI system.
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Original Categories

	
Original Secondary Categories

	
New Categories

	
New Secondary Categories

	
Number of POI






	
Medical

	
Pharmacy

	
Medical Health

	
Hospitals

	
392




	
Healthcare

	
Clinics, Pharmacies

	
2306




	
Clinics

	
Healthcare

	
259




	
General Hospital

	
——

	




	
Life Services

	
Life Services

	
Life Services

	
Living Services

	
1408




	
Science and Culture Services

	
Dining Services

	
1321




	
Auto Service

	
——

	
Sports & Leisure

	
1110




	
Leisure and Entertainment

	
Living Services

	
Car Service

	
737




	
Dining Services

	
Shopping services, shopping malls

	
197




	
Sports & Leisure

	
Shopping Center

	
90




	
Shopping Services

	
----

	




	
Dining

	
Dining Services

	
----

	




	
Shopping

	
Shopping Center

	
----

	




	
General Shopping Malls

	
Science and Culture Services

	
Kindergarten, elementary school, etc.

	
1522




	
Finance

	
Financial and Insurance Services

	
Finance services

	
Banks

	
924




	
Corporate Enterprises

	
Financial and insurance companies

	
1241




	
Banks

	
-----

	




	
Tourist Attractions

	
Park Square

	
Leisure and tourism

	
Leisure Services

	
755




	
Tourist Attractions

	
Tourist Attractions

	
554




	
Transportation Facilities

	
Bus Stops

	
Transportation Facilities

	
Bus Stops

	
839




	
Parking lots

	
Parking lots

	
2517




	
Government Agencies

	
----

	
Public Administration Facilities

	
-----

	
3149

















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg





media/file4.png
=1 TN 0
’ RN N
P I by
y | N\ . 0 -~
[ -
/ =] RN
, J | \V p’ “h\
| — ) r
( A \ ’, i ’f’
~‘ X 3 ‘,’
N P K I g
AN * \ \ ] il
N L N 7
N L4 PPl
i s’ 4
K ~ v ”
X \‘ ,4’ ‘\ |}~
\ 1 “
k- :“(\ 5 J"" t\
,1" Y ! | | h 1
h ” LY A
Y /, b LY s
LY N ’ ”
l‘ Y T — ,‘if ‘—.'f" G __“ ‘,‘1’
1 b LY %
1 -~ ’ \ },t'
i -
-—"‘-‘ B . Ir
P A y
\ - N r’
1 - L
1 - = | i\ f
« ‘ e y
—— M H
= [~ ~ )
- - ) i
@ POl ®  Base station point it -

Base station service scope

* Total frequency of residential travels

D Raster network

Gaode APl aggregation path






media/file18.png
POI facility sites

4 ‘ﬁ Century Color City

& Star City
Community living cirele range

Community living circle range
Water area





media/file21.jpg





media/file26.png
Lege;lﬁ

.' T ransportation Stations
Finance
Water Star City
Century Color City

Water area






media/file27.jpg





media/file3.jpg
/v 3 " ..
%
E| A 7 T
N e - N\
k L
T T 3 \
\ % \ -
\ v
B 4
i B 7
] /
T~ lE
-, AU
® o o smesmonson e staon srvce scope
) Total frequency of residential travels Gaode APl aggregation path

Raster network






media/file22.png
¥ Calar City

0, 453515
0. 453516 - 1911241
1. 911242 - 3, 9520567

B Q52008 — 10, 30] 563

| 10, 301264 - 15, soszs

Bl s s08209 - 41,20

| 41. 205054

Water area

Green space





media/file19.jpg





media/file7.jpg
oncpei crrton

Sarsor

LAC: 28969, CELLID:10073
Lat. 30.56742, Long. 11435504
(GCJo2)

T

g £ #
| & &
racdN a TR





media/file28.png
Legend '

: * Coentury Color City

G leisure services
b ’ Living Services
0 Finsnce services

Dining Service

: Sand Lafke Park entramnce

Atravel fre

0, 022394 - 0, 453515

R
0, 4 1, 911241
0%
)"L

L 911242 - 3. 952067

3, 552058 10, 301263

B 15, 508229 - 41, 205053

} 11, 205054 - 100, OO0

Bater aren

Lircen space





media/file10.png
service scope

sites

and

station’ s’

se
aler area

ireen speace

Base station
Residential |

W
G

©
==}






media/file14.png
. POI facility sites

- * Waterside Star City

Community living circle range

Water area






media/file11.jpg





media/file6.png
———-—- -_‘F\
l’ A Y AT
4 A - ‘».
/ b A7 | i
.’ b3 Pl '.\s
L ] R
P’ '
:‘ 1
\\.\ y \‘
\\ 4 v
N\ ”\ \ .—’, [
\ ‘, \ ‘\ ”
3 L 1 -
- A"
\\ \‘ ”f
L)
)
“ L ‘
% /’ [
- J \ L]
‘\ /’ \\ v ‘
B \ 4 i
x. ,,”
' P
1 i -
| \: ’. B' ‘ &"
1 ’1" 'Y 2
= L~ o
‘ L
L ’.w"” \\ P'
FV’ '.
\! ‘,.—” L \\. . I
I‘_,.-' 3 ~ :lf'
-.__.. ~
" ~ [
h,“.‘ - ‘ ’
® Basestationpoint ®  Low frequency POI ® Medium frequency POI
. High frequency POl e Other POIs R

Base station service scope
# Total number of residential travels

Gaode API aggregation path






media/file15.jpg





nav.xhtml


  ijgi-11-00548


  
    		
      ijgi-11-00548
    


  




  





media/file16.png
. POI facility sites

)‘ﬁ Century Color City

‘Community living circle range

Water area






media/file2.png
i ’ Dai Mobile Phone Origin and
Re5|deT1t-5_ Daily [, | POI Data . JTIg! ‘
Activities Data Destination Points

Social The Joint <:| Physical Space
Characteristics Measurement Conditions

The DMP Method
|

Establishing the OD Relationship of Inferring the Travel Paths and Frequency of
Residents’ Daily Activities :> Residents’ Daily Activities

| Establishment of Raster Network |

Dividing e

Residential |— Ider}tlfy|ng l‘— Gaode API
) i Residents

Time Period I Inferring the travel paths |

l l ‘,

Statistics on the frequency of

Identifying residents' activity base . .
fying . ty residents’ daily travels
stations l

| [ |

Residents’ Travel
Establishment of OD relationship | The Co:féage of = ;':t:nsmve

pr—






media/file20.png
4. TH1905 - 9 5XIS10

9. 523811 - 19. 47619

19, 7620 - T3 S09524

57. LAIRST
6, 19076

Th, |HHTT - 100, DO

Fater area

Green space





media/file23.jpg





media/file5.jpg
% N
|
/ <.
% 1 H
—< !
. A ) Z
/ \ ~
© Bseswtionpoint ® lowfrequency POl @  Medium frequency POI

@ i frequency PO o Other PO Base station sevice scope

P Total number of esdential tavels Gaode APl agaregtion pth






media/file24.png





media/file1.jpg
Residents'Dally|,__| Mobile Phone Originand,
Activtes oata PolDeca Destination Paints

s "

The DMP Method
T

Residents’ Daily Activities Residents' Daily Activities

ing the OD Relationship of Inferring the Travel Paths and Frequency of

Establshment of Raster Network

g

oo |—| eritiog F—Guodeart

Time Meriod l Inferring the travel paths
S o el

dentifying residents' activity base.
statons

residents’dally travels

—————

The Coverage of Residents’ Travel
ac pattens.

Establishment of OD relationship






media/file25.jpg





media/file12.png
service scope

v
s
and

acility sites

esidential L

jater area

: Base stalion
Green space

pa
-
=

R
W






media/file9.jpg





media/file0.png





media/file8.png
B I }2‘ Zhongbei Chuntian 4

Sha Hao Ting . p 4}
ﬁé”f/e@ 4y Jinxiu 2
LAC: 28969, CELLID:10073
Lat. 30.56742, Long.114.35504

" China Everbright
Bank (Zhongbe...

Wuhan Mabingbing
B ratingting ey (GCJo2)
Yunda Express inxi
T Tianyuancheng Co... ztjwlg:clllt‘)ei Qp
/099 Luca Laundry Phase 2 E;,QO
% (Tianyuancheng Sh... 450
0’7‘4, Tian Yuancheng
'?o*
B&Q Wuchang Branch g
| R : &
& YTO Express Zhongbei @ &9
Q’bo YTO Branch _\-_\0
Gome Electrics _ 3





media/file17.jpg





