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Abstract

:

Calculating the availability of bicycles and racks is a traditional method for detecting imbalance usage in a public bicycle system (PBS). However, for bike-sharing systems in Asian countries, which have compact layouts and larger system scales, an alternative docking station may be found within walking distance. In this paper, we proposed a synthetic and spatial-explicit approach to discover the imbalance usage by using the Hangzhou public bicycle system as an example. A spatial filter was used to remove the false-alarm docking stations and to obtain true imbalance areas of interest (AOI), where the system operation department installs more stations or increases the capacity of existing stations. In addition, sub-nearest neighbor analysis was adopted to determine the average distance between stations, resulting in an average station spacing of 190 m rather than 15.5 m, which can reflect the nonbiased service level of Hangzhou’s public bicycle systems. Our study shows that neighboring stations are taken into account when analyzing PBSs that use a staggered or face-to-face layout, and our method can reduce the number of problematic stations that need to be reallocated by about 92.81%.
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1. Introduction


A public bicycle system (PBS) is an essential component of urban transportation systems. It can reduce car use, alleviate traffic congestion [1], increase transportation connectivity [2] and supplement other means of transportation [3,4,5]. Additionally, a public bicycle system can help save travel time during the rush hour [6], help people to stay fit [2,7,8], and reduce vehicle emissions [2]. Thus, governments are experimenting with various methods to support the development of public bicycles. There are globally already more than 2000 public bicycle systems in operation [9,10]. Among them, Chinese public bicycle systems sprouted from 2008, and its total number of public bicycles in 2014 surpassed the total number of those of all other countries [11]. As a pioneering public bicycle system in China, the Hangzhou public bicycle system is developed and a popular travel choice for the citizens.



With the application of RFID technology and information management systems [12], usage records are available. Geographers, urban planners, and transportation administrators extensively studied and debated various aspects of trip-demand analysis for public bicycle systems [13,14,15,16]. Corcoran et al. [17] classified these studies on the basis of their source data into two categories: docking-station [18,19,20,21,22] and journey [13,23,24,25] data analysis. Docking-station data are sampled at fixed intervals and provide real-time capacity, whereas journey data provide the origin and destination pair stations of each user. In comparison to journey data, docking-station data are much more accessible through the open application programming interface (API) provided by many PBS administrators for third-party developers to create add-in functions.



The literature on docking-station data analysis reveals the spatial–temporal dependency and driven factor of travel demand [20,23,26]. For example, the most significant driven factor varies between weekends and weekdays [18]. On weekdays, rental peaks occur during rush hour in the morning and late afternoon, indicating the purpose of commuting. On weekends, the morning peak usually disappears or is delayed by around two hours. Other factors that may affect travel demand include terrain [20], land use [9,22], weather [19,22] and major events [19]. Furthermore, the spatial–temporal characteristics of travel demand might disclose land use in the surrounding area [18]. Docking stations near businesses and commercial areas operate on the mode of returning in the morning and renting in the evening [20]; those near famous tourist attractions are more frequently visited throughout the day, whereas those near residential areas are more commonly used in the morning than in the evening [22].



One hot issue among all travel-demand analysis is imbalance utilization, which has a tight relationship with new site selection, rebalancing activities, user satisfaction, and the improvements in service quality [4,27,28]. An imbalance occurs when the docking station’s service capacity is insufficient to fulfill customer demand due to traffic flow asymmetry [14,23]. Studies proposed different methods to detect imbalance usage. Borgnat et al. [29] identified imbalanced docking stations by examining whether the absolute value of the difference between incoming and outgoing trips is larger than three times the standard deviation. Fricker and Gast [30] used the term “problematic station” to describe the station’s imbalance demand, which they further classified into two types: not enough bicycles and not enough racks. O’mahony and Shmoys [31], and Ciancia et al. [32] used normalized available bicycles (NAB) to identify imbalance stations and develop bike repositioning strategies. Wang et al. [19] first applied geographic analysis to this problem, categorized problematic stations on the basis of NAB, quantified the degree of imbalance, and displayed it in line chart with time as abscissa. Their research revealed that the distribution of the imbalanced period corresponds to the peak period. Maleki Vishkaei et al. [27] produced NAB as a decision variable and constructed its decision model for PBSs. They tried to find a proactive policy balancing the whole system.



In Asian countries’ public bicycle systems, to serve more people and reach a larger service area, PBSs tend to have a more densely distributed spatial configuration. This means that neighbor stations are close and can provide alternative services to each other. When a citizen finds that a station is full or empty, there may be another station just a few hundred meters away. This situation is very common, especially in urban central areas where travel demand frequently surges and decreases. Thus, an imbalance station may be temporal or “feak”, simply counting the number of available bicycles does not indicate the actual imbalance. The identification process should include spatial neighbors, surrounding stations, into the analysis to determine the unbalanced area where the system operator should intervene.



In this research, we propose a docking-station data-driven approach to detecting real imbalanced areas of the Hangzhou public bicycle system. Unlike other approaches, we identified problematic stations by using an extra spatial filtering procedure and aggregating them into areas of interest (AOI). The main contribution of this study is the synthetic and spatial explicit approach that broadens the definition of problematic station to imbalance AOI. It addresses the fact that imbalance usage detection should not be limited to imbalance docking stations, but should be applied to an entire area of clustered docking stations where regular services cannot be delivered. The second contribution is the use of sub-nearest neighbor analysis to measure station spacing. Our analytical results show that it can provide a more precise definition of the station spacing metric for staggered or face-to-face layout PBSs.



The rest of the content is organized as follows. Section 2 introduces the Hangzhou public bicycle system and data sources. Section 3 focuses on the methods for exploring the overall layout and detecting the imbalance region. In Section 4, we present the results of analysis and detection, and make appropriate interpretations on the basis of the actual situation in Hangzhou. We discuss the reliability of results and the shortcomings of the methods in Section 5. Lastly, in Section 6, we summarize the research works and discuss the future directions of this paper.




2. Background


2.1. Hangzhou Public Bicycle System


Driven by the sustainable development of the city, in 1 May 2008, Hangzhou took the lead in running the public bicycle system as a new form of urban transportation in the entire country [33]. The Hangzhou public bicycle system is classified as a third-generation bike sharing program in terms of utilization and docking-station configurations [34]. It was primarily established for solving the problem of “the last kilometer to end a transit trip” [35], and could provide service for tourists to visit scenic spots such as the famous West Lake [36].



By the end of December 2018, there were 4198 docking stations and 1,017,000 public bicycles, according to data from the Hangzhou public cycling system’s official website. The maximal daily rental amount was 473,000. The overall rental amount topped 925 million, and the free usage rate exceeded 96% [37]. The geographical location of the study area and the distribution of public bicycle system are shown in Figure 1.




2.2. Data


Docking-station data of the Hangzhou public bicycle system were acquired by a Python script that interacted with the capacity inquiry API. The API is provided by the system operator and official website. It provides real-time site stock information, including docking stations’ identification code, address, number of available docking stations, and number of available bicycles. We chose a sampling interval of 10 min from 7:00 a.m. to 22:00 p.m., and at other times, we used a sampling period of 20 min. Our study period began on 7 June 2019 and ended on 14 June 2019, including the Dragon Boat Festival (7–9 June) and five weekdays (10–14 June).





3. Method


3.1. Imbalance Usage Detection


The docking station has the two primary functions: rental and return. An important characteristic statistic for measuring its functionality is the normalized available bicycles or the load factor [20], which is commonly used to represent the availability of a bicycle station in a PBS in many studies [7,20,31,38]. It is the proportion of available bicycles in each docking station, as shown in Equation (1). The numerator is the number of bicycles parked in the station and available to users while they are not being used on the road. The greater the NAB is, the more bicycles are available in the docking station.


  N A B =  B D  =  B  B + S  ( B )     



(1)




where   N A B   denotes normalized available bicycles,   B   represents the number of available bicycles,   D   represents the number of docking points, and   S  ( B )    represents the number of available racks at the same time.



Imbalance usage can be depicted as two specific cases. The first case occurs as the NAB approaches 0, indicating that there are nearly no available bicycles in the docking station, and rental demand cannot be met. The other case is when the NAB approaches 1, implying that the bicycle racks in a docking station would run out, making it difficult to return. According to the definition, we define judgment rules as the Equation (2) to select stations where there may be imbalance demand. The former rule applies to the first case (Type A), while the latter applies to the second case (Type B).


  u s a g  e  s t a t u s   =  {      t y p e A     i f   N A B < a       t y p e B     i f   N A B > b       n o n c o n f l i c t   e l s e        



(2)




where  a  and   b   are thresholds for judging whether conflicts occur.




3.2. Area-of-Interest Delineation


We extended the definition of problematic stations to include imbalance AOIs, where the same type of demand conflict (type A or B) co-occurs at the docking station and its surrounding docking stations. Residents are unable to use the PBS when the imbalance AOIs arise because there is no rental or return station within walking distance.



A three-step process was designed to detect these AOIs.



	①

	
Status calculation. The NAB of each station is calculated using Equation (1). Usage status is ascertained by the imbalance usage detection method shown as Equation (2). Then, at particular periods, stations in demand conflict are sifted out.




	②

	
Spatial filtering. Stations in the imbalance usage list from Step 2 are further validated by using a spatial filter. For each imbalance station, we find alternate workable stations that are not in conflict within neighbor scope. The neighboring scope is typically determined by the maximal walking distance. If no neighboring docking station is available, which means that all nearby stations are under the imbalance usage, we give the target station real imbalance status and add it to the list of imbalance stations as the input for AOI delineation. If one or more neighbors are available and can assist in the imbalance status, the target station is a fake imbalance station and is removed from the list of imbalance stations.




	③

	
AOI delineation. The final step is to aggregate all real imbalance stations and to generate demand conflict AOI. First, all stations are clustered into different groups, which requires that the distance between any stations that belongs to two different groups must be greater than walking distance, or these points are merged to form a new group. Then, AOIs are generated by concave hull algorithm and forms a minimum area containing a set of clustered stations. The concave hull can well describe the area occupied by the given set of points.







Figure 2 illustrates an example of an AOI detection and delineation workflow. The diamond points represent bicycle stations within the area in Figure 2a. After status calculation, there are 19 stations under imbalance usage, drawn as orange diamond points. Then, we execute spatial filtering operation one by one. When the red diamond point is chosen in Figure 2b, the stations within walking distance are all selected, and it is confirmed whether they are alternative stations. However, none is available now. Thus, the red diamond remains in the imbalance station lists.



After the spatial filtering operation, the stations under imbalance usage are fewer than the initial situation. There are only 10 stations left in Figure 2c. Since these stations are within walking distance, they aggregate into one demand conflict AOI in Figure 2d. The resulting AOI is at the top of the rebalancing schedule.





4. Results and Analysis


4.1. Temporal Characteristic of Imbalance Usage


4.1.1. NAB Results between Holidays and Weekdays


The number of available bicycles in a docking station might influence the usage frequency of public bicycles, and so indirectly affects convenience for public transit. A docking station’s ability to deliver public-bike-sharing services at different locations and times is not the same. In this section, we present the analytical results based on NAB to explore the temporal characteristics of public bicycle usage. The response API for the rent record of each station of 14 June at 08:00, 08:10, and 08:20 was −1; we used average NAB values to replace the outliers.



The average daily NAB during the study period is rendered and shown in Figure 3. To ensure the legibility of the diagram, high NAB values are expressed in red, and low NAB values in blue. The lower the NAB is, the more public bicycles are used. NAB clearly declined in a fluctuation way during the day, and gradually increased to its peak level at night.



The disparities in NAB results between holidays and weekdays are quite apparent. On holidays, the NAB showed one evident cold zone and one modest cold zone, whereas on weekdays, the NAB showed two narrow cold zones and a single peak in the afternoon. Furthermore, the morning peak on holidays is substantially later than that on weekdays. In terms of timing, the peak usage period on holidays is about 9:30 a.m. The morning peak lasts nearly two hours and then becomes more decentralized throughout the afternoon. On weekdays, the morning rush begins at around 8:20 a.m., and the afternoon rush begins at around 17:50 p.m.



The pattern represents the various roles that the Hangzhou public bicycle system plays in the daily lives of the city’s citizens. The morning rush hour on weekdays indicates a primary purpose of commuting, while afternoon or evening rush hours may vary depending on local social conventions and working hours. This phenomenon occurred with other PBSs as well. For example, the second peak of the Vienna public bicycle system occurs in the late afternoon hours, when commuting and leisure activities overlap [23]. In Barcelona, there is a usage peak at 14:00 p.m., when users leave their classes to go for lunch [18]. For the Hangzhou PBS, the afternoon rush is more likely to be caused by a combination of commuting, shopping, sightseeing, or other leisure activities. Furthermore, the lack of a clear usage peak during weekday noon indicates that neither office workers nor students have a habit of going out for lunch by bicycle.



On holidays, citizens often hold parties, group dinners, and outdoor activities. Hangzhou, as a typical tourist city, attracts numerous tourists, some of which may prefer to commute by public bicycle. The primary purpose of using public bicycles turns into entertainment. As a result, the NAB on weekdays is significantly smaller than that on holidays, implying that holiday usage was significantly lower than that on weekdays. Zhou [15] found that the intensity of public bicycle usage is lower on holidays than it is on weekends. Relevant international studies likewise reached the same conclusion: peak usage times are higher on weekdays [18,20,23].



An unusual phenomenon, shown in Figure 3, is that NAB on 13 June was significantly lower than the NAB of other weekdays. Rainy weather may affect the public bicycle usage of the day.




4.1.2. Imbalance Usage Detection Results


The imbalance usage detection method described in Equation (2) contains two parameters that can directly affect the results. Relevant studies typically select an approximate value on the basis of prior experiences, such as   a = 0.1   and   b = 0.9  . In our study, we performed sensitivity analysis to determine the upper and lower thresholds of NAB.



For conflict type A, conflict docking stations at 8:20 a.m. were detected by Equation (2) and spatially filtered. For conflict type B, the same detection was performed for docking stations at 24:00 p.m. Figure 4a,b show the detection result or types A and B, respectively. Red point was used to represent the actual detection results, which change nonlinearly with NAB. The polynomial fitting method was used to simulate the change of red scatter points, and the fitting curve was represented by a blue solid line. The green line of discontinuity was drawn to connect the start and the end of the red dot. The R2 of the Type A fitting curve was 0.9913, and the R2 of the Type B fitting curve was 0.9901, indicating that the fitting result was very close to the reality. Compared to linear curves with uniform change, fitting curves show a distinctive result at   a = 0.25   and   b = 0.74 ,   separately.



Thus, we used   a = 0.25   and   b = 0.74   in the imbalance-usage detection process to find problematic stations, and results are shown in Figure 5. The blue line (Type A) represents the number of docking stations with NABs less than 0.25, while the red line (Type B) represents the ones with a NABs greater than 0.74.



The 7–9 June are holidays during which the shape of the curves is repeated throughout the day. Another curve shape occurs and repeats on weekdays in 10–14 June. The two patterns are depicted in Figure 5. It is clear that the two types of demand conflict are mutually exclusive in time to some extent. While the rental imbalance usage (Type A) occurs, there is a substantial likelihood of finding less return imbalance usage (Type B) and vice versa. In general, the rental conflict (Type A) often occurs between 8:00 a.m. and 10:00 a.m., while the return conflict (Type B) often occurs between 22:00 p.m. and 06:00 a.m. the next morning, since this time is the night dispatching hour in the system operation.



There are some inconsistencies between weekdays and holidays. On weekdays, rental demand conflict occurs at 8:50 a.m., and docking stations with rental conflicts account for about 32% of the overall system. Return conflict typically occurs at 9:30 a.m., 14:30 p.m., and at 17:00 p.m., with docking stations accounting for about 16% of the total. On holidays, the rate of docking stations with rental demand conflict peaks from 9:00 a.m. to 11:00 a.m. and remains at around 18%, while the number of return conflict docking stations peaks from 14:00 p.m. to 16:30 p.m. Both types of demand conflicts exhibit a consistent and temporal clustering pattern. On this basis, whereas two conflict types are generally mutually exclusive, there are variances between holidays and weekdays. Furthermore, return conflict occurs at 24:00 p.m. on both weekdays and weekends, which may be caused by redistribution by bus company workers.





4.2. Spatial–Temporal Characteristics of Imbalance AOIs


After the detection of imbalanced docking stations and the spatial filtering process, we created maps of demand conflict AOIs, shown in Figure 6 and Figure 7. Figure 6 is at 09:30 a.m., 7 June, a holiday, and 09:30 a.m. on 10 June, a weekday. In a weekday morning, Types A and B are at their local maximal value. On a holiday morning, however, Type A occurs much more widely than Type B does, implying much more scattered destinations for bicycle trips. Figure 7 is at 15:00 p.m. on 7 June, which is a local maximum for Type B on holidays. The blue area indicates a Type A imbalance usage with rental conflict and low NAB value. The red area represents the unbalanced demand of Type B, indicating that there is a conflict in demand for returning bicycles. Because of the close relationship between the metro system and the public bicycle systems in Hangzhou, metro lines and metro stations for 2019 were added, with Line 1 in red, 2 in green, and 4 in purple.



As shown in Figure 6, the locations of AOIs on weekdays and holidays are almost completely different, and imbalance usage occurs less across the city on holiday mornings than it does on the weekday mornings.



Blue AOIs (the rental conflict) in Figure 6a are located at leisure places such as the Sports Park, the Xixi Wetland, and especially the West Lake (A1). The surrounding areas of universities are clustered in blue. Compared to rental conflict, there is less pressure to return bicycles. In holiday mornings, only residential areas (B1) in the Linping district were detected with an inactive usage status.



In Figure 6b, blue AOIs (the rental conflict) are located near metro stations in the central urban area. The phenomenon is particularly noticeable in A2 and A3, where Internet enterprises and the local government of the Hangzhou high-tech zone (Binjiang) are located. This is consistent with the conclusion that the docking stations located near the company had a high rental and return amount during rush hour on weekdays [39]. The area surrounding the start station of Line 1 was also identified as a rental conflict area. In addition, the enormous cluster of the blue area (A4) in the Gongshu district covers almost all working areas and has nothing to do with metro lines. The public bicycle system meets the majority of commuting needs in this area from end to end. On the other hand, bicycle stations around universities (B2), while being on metro Line 1, show a “full” status and return conflicts.



The imbalance usage in Figure 7 is quite interesting. It shows a local maximum of Type B (return conflict) at 15:00 p.m. on 7 June. This type can be found in residential areas, including Linping (B1), Liangzhu, and Xianlin, and it is on a trend of expansion. A1 with Type A conflict changed into Type B, indicating that citizens return the bicycles and end the day’s life.



Figure 6 and Figure 7 show that imbalance usage AOIs are closely related to land use and metro stations (marked as black points). From the perspective of spatial distribution, Type A AOIs (rental conflicts) are more common in core urban areas than Type B AOIs are (return conflicts). As a result, a systematic reschedule strategy is required to ensure total balance usage. The AOI reflects areas prone to imbalance demand under the existing spatial layout, which can help the system operation department in better understanding the problem of unbalanced usage, and more appropriately completing scheduling tasks.





5. Discussion


5.1. Why Station Spacing Matters for PBS in Asian Countries


The location strategy of a public bicycle system is a critical issue of public transit since spacing between neighboring docking stations can influence the transit mode. If the coverage of public transportation is insufficient to provide convenient services, the public is more likely to choose vehicles over public bicycles, resulting in a significant decrease in the use of public bicycles. To reach more populations, PBSs in Asian countries use a small-capacity but high-densely distributed location strategy [7]. In this section, we determine a suitable station spacing value for the Hangzhou public bicycle system.



Average nearest-neighbor analysis is a typical method in geographic statistics to calculate the distance in space between each point (docking station) and its nearest neighbor. The Hangzhou public bicycle system arranges adjacent stations on roads in a two-side opposite or staggered way for the convenience of pedestrians in both directions. In this case, the average nearest-neighbor strategy yields 15.5 m, which is a smaller station spacing with significant bias about the spatial distribution of the system.



To address the issue, we designed subnearest-neighbor analysis to measure docking-station spacing. The first step is to locate all nearby stations within walking distance for each docking station. As shown in Figure 8, the target station is represented by a triangle maker, and all of its neighboring stations within walking distance are represented by red points. Second, the nearest station is removed, and the remaining, at most five, nearby stations are used to calculate the average distance. If there are no remaining nearby docking stations after removing the nearest station, we consider the target docking station to be a remote station, and use the nearest-neighbor distance as its spacing value. Lastly, we compute the average subnearest-neighbor distance and use it as the station spacing. Thus, the station spacing calculated by our subnearest-neighbor analysis was 190 m, which is more appropriate to reflect the relationship between the target docking station and its neighbors.



In Figure 9, the subnearest-neighbor distances of each docking station are summarized and drawn in a dashed line. The distribution of the subnearest-neighbor distance presents short-distance peaks and a long tail, avoiding the deviation of the nearest-neighbor distance (the blue curve). The three peaks are separated by three intervals, [23,24], [24,26], and [32,34]. The Guidelines for Planning and Design of Urban Pedestrian and Bicycle Transport System [40] specify a station spacing of 200 to 500 m. Although the majority of docking stations (62.8%) are in line with the station spacing specification, a significant portion of docking stations (equals to 21.1%) have neighboring stations that are more than 500 m away.




5.2. Difference before and after Using Spatial Filter


To better explain why we designed the spatial filter operator, we calculated and counted the number of problematic stations. We chose 10:00 a.m. and 15:00 p.m. on holidays, and 8:50 a.m. and 9:30 a.m. on weekdays, and followed the spatial filtering process shown in Figure 2c. The spacing between neighbors was set to 500 m. If the target station could locate any normal docking stations within the neighborhood distance, we remove it from the problematic-station list.



The total number of problematic stations before and after the spatial filtering process is shown in Table 1. Type A denotes rental conflicts, while Type B denotes return conflicts. To emphasize the importance of spatial filtering, we also calculated the ratio of real imbalance stations in each study period and present it in the table. The number of imbalanced docking stations screened only by NAB was substantial, generally exceeding 600. After spatial filtering, the identified real imbalanced docking stations accounted for nearly 7.19% of the original results detected simply by NAB.



If we set the neighbor distance to a bigger number, such as 1 km, the ratio of real imbalance stations decreases. For the majority of problematic stations, citizens can rent or return their public bicycles within walking distance. That is, the majority of the demand conflict can be alleviated by the support of adjacent docking stations without the need for intervention. Only remaining docking stations after the spatial filtering process are subject to real demand conflicts, requiring bicycle dispatching or other rebalancing strategies. Results show how the spatial filtering step can help in focusing on real imbalanced docking stations and contribute to uncovering demand conflict AOIs.



In short, taking the Hangzhou public bicycle system as an example, PBSs in Asian countries typically include walkable neighboring stations that provide citizens with alternative options. These clustering geographic relationship are considered while detecting imbalance usage. Nearby alternative stations contribute to a flexible manage system of the Hangzhou public bicycle system.





6. Conclusions


In this paper, we proposed a three-step workflow for detecting the imbalance AOIs of the Hangzhou PBS, adding a spatial filtering operation to prevent being influenced by the compact layout and neighboring stations within walking distance. Following the spatial filtering process, the majority of false-alarm stations, with an average of 92.81%, were removed and did not require rebalancing. Further, demand conflict areas were clustered and generated from the stations under real imbalance usage. The identification of imbalance AOIs can help to redesign station locations and in the better scheduling of rebalancing. For example, building new stations or providing more docking points in AOIs where imbalance usage persists can improve the level of service. Additional manual and dynamic distributed work is involved in AOIs when the main cause of imbalance usage is commuting demand in one direction.



We also analyzed the spatial configuration of the Hangzhou public bicycle system with a subnearest-neighbor method. This can effectively avoid interference from adjacent stations on the opposite side in the road. The result indicates that the majority of the station spacing of Hangzhou PBS falls in 230 to 240, 240 to 260, and 320 to 340, which is more apposite than 15.5 m by the nearest-neighbor method. The average station spacing satisfies the design guideline and is smaller than that of other PBSs globally. It emphasizes the geographic concern for neighborhood analysis of aggregated and staggered public bicycle systems, which is the basis of this studies.



The NAB is not a perfect indicator of docking station capacity. The quality of this indicator is greatly related to the trade-off between sampling frequency and usage frequency. The NAB of the docking station where bicycles are frequently rented and returned may vary as much as the NAB of a station that is rarely used [7]. However, we cannot endlessly increase sampling frequency, as too many requests damage the application system. More work is needed to address the underlying causes of conflict.
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Figure 1. Hangzhou public bicycle system in 2019. The administrative boundary of Hangzhou changed in 2020. 
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Figure 2. Three-step workflow of demand conflict detection and AOI delineation. (a) The results of status calculation; (b) spatial filtering process; (c) the results after spatial filtering and (d) the result imbalance AOI. 
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Figure 3. Change in NAB of Hangzhou public bicycle system on typical days. 
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Figure 4. Sensitive analysis on imbalance usage detection. Fit results on the number of (a) type A and (b) type B stations. 
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Figure 5. Statistical result of demand conflict. Red line, NAB higher than 0.74; blue line, NAB lower than 0.25. 
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Figure 6. Distribution of imbalance usage areas (AOIs) on (a) top: holiday mornings and (b) bottom: weekday mornings. 
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Figure 7. Distribution of imbalance usage areas (AOIs) on holiday afternoon. 
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Figure 8. Subnearest-neighbor analysis. 
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Figure 9. Spacing between docking stations with k-nearest neighbor and subnearest neighbor. 
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Table 1. Detection result of imbalanced docking stations.
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	Time
	Conflict Type
	Before Spatial Filtering
	After Spatial Filtering
	Ratio





	10:00 a.m. 7 June 2019
	A
	934
	46
	4.93%



	15:00 p.m. 7 June 2019
	B
	626
	38
	6.07%



	10:00 a.m. 8 June 2019
	A
	881
	35
	3.97%



	15:00 p.m. 8 June 2019
	B
	590
	36
	6.10%



	10:00 a.m. 9 June 2019
	A
	894
	46
	5.15%



	15:00 p.m. 9 June 2019
	B
	593
	46
	7.76%



	08:50 a.m. 10 June 2019
	A
	1121
	90
	8.03%



	09:30 a.m. 10 June 2019
	B
	664
	61
	9.19%



	08:50 a.m. 11 June 2019
	A
	1096
	90
	8.21%



	09:30 a.m. 11 June 2019
	B
	648
	53
	8.18%



	08:50 a.m. 12 June 2019
	A
	1092
	76
	6.96%



	09:30 a.m. 12 June 2019
	B
	633
	53
	8.37%



	08:50 a.m. 13 June 2019
	A
	1076
	99
	9.20%



	09:30 a.m. 13 June 2019
	B
	639
	53
	8.29%



	08:50 a.m. 14 June 2019
	A
	1139
	82
	7.20%



	09:30 a.m. 14 June 2019
	B
	631
	47
	7.45%
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