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Dockless bicycle sharing is one of the low-carbon transportation modes towards sustainable mobilities. Electric fences, as an
effective solution for parking management, may have a high potential in guiding the usage of dockless bicycles at a low operation
cost. However, new issues arise with the implementation of electric fences.,e location of electric fences in hotspots fails to match
the parking demand, leading the parking congestion in urban central areas. In this paper, a novel methodology of bicycle hotspots
identification and classification is proposed to support parking management. An evaluation framework for bicycle hotspots is also
proposed covering three aspects: demand and supply, unbalance, and land use. ,e methodology is applied to the case of Xiamen
Island by using the trip data covering 53,629 bicycles during morning peak hours. Applying the methodology proposed, 47 pick-
up hotspots and 53 return hotspots are identified, respectively. ,e total parking overload of return hotspots during the morning
peak is 12,587 bicycles in Xiamen Island. ,e 53 return hotspots are classified into three clusters, including (1) hotspots where
bicycle sharing is in overload status, (2) hotspots where bicycle sharing service quality needs to be improved, and (3) hotspots
where bicycle sharing is in stable status. Based on the demand and land use characteristics, parking management schemes and
policy implications are proposed. ,e result of this paper provides guidance for the layout of dockless bicycle sharing electric
fences in different areas.

1. Introduction

Bicycle sharing (BS) is a popular short-distance travel mode
all over the world, which promotes the healthy and low-
carbon lifestyle of society. In the urban transportation
system, it plays a key role in solving “the last-kilometer”
problem and connecting to the public transit. Since the birth
of the first generation of bike-sharing program “White Bike”
in Amsterdam in 1965, BS has undergone several system
updates [1]. ,e original bike-sharing systems were mainly
docked ones, which means users need to return the bikes to
fixed stations. With the development of information tech-
nology and the popularization of smart devices, the dockless
bike-sharing system emerged in 2016, especially in China.
,e bicycle-sharing systems showed an oversupplied situ-
ation after a large number of BS operators entered the
market, such as Mobike, HelloBike, and DiDiBike [2], and

Xiamen is of no exception [3]. ,e regulatory authorities
mandated in 2020 that the total number of shared bikes in
Xiamen should not exceed 150,000 bikes, with 100,000 on
Xiamen Island and 50,000 off the island, in order to reconcile
the market order. Data shows that the average daily turnover
rate of shared bicycles in Xiamen has remained at 3 to 3.5
times.

,e dockless BS returning is more unregulated than
docked BS, resulting in higher operation and maintenance
costs. As a result of human movement patterns, the BS
system demonstrated spatiotemporal unbalance, which re-
fers to the gap between inflow and outflow in both time and
space dimensions. Rebalance schemes were developed and
enhanced with the use of big data models to solve the
problem [4]. Rebalance implies redistribution to achieve a
state where all stations have roughly equal proportions of
bicycles to docks [5].
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Hotspots, or places with high BS demand, received extra
attention throughout the rebalancing process. In this paper,
a BS hotspot is defined as an area where a large number of
shared bicycles enter or exit in a short time. For BS oper-
ators, peak hour demand in hotspots is a challenge in terms
of effective and timely repositioning. For BS users, the
hotspots relate to the accessibility of sufficient bikes. For the
government, the disordered parking situation has always
been a problem. Subdivided region analysis and policy
recommendations are required [6].

With the availability of high-precision positioning
technology, the electric fence was introduced to BS in
Xiamen on April 1, 2020. Electric fences, based on Global
Position System (GPS) or Bluetooth, provide a solution for
parking management. With the implementation of electric
fences, however, new issues related to the BS operation arise.
One of the challenges that BS is encountering is electric fence
planning and design. While 15,202 electric fences are dis-
tributed in urban areas of Xiamen, there is a lack of as-
sessment of the electric fence. For example, does the location
of the electric fences matches the parking demand in the
corresponding hotspot? Another issue is determining how to
design a penalty for illegal parking and user incentives
schemes to assist with parking management.

,e main contributions of this paper are as follows:

(i) ,e methodology of bicycle sharing hotspot iden-
tification and classification is proposed

(ii) ,e hotspot evaluation framework covering de-
mand & supply, unbalance, and land use is
developed

(iii) A differentiated management strategy for bicycle
sharing parking is provided

,e graphical abstract is available in the supplementary
file (available here). You can get a clear outline of the main
findings of this paper by using this visual summary.

,e remainder of this paper is organized as follows.
Section 2 provides a brief overview of research related to this
study. Section 3 presents the methodology framework of
hotspots identification and classification. In Section 4, a case
study in Xiamen Island is presented. Section 5 summarizes
the main conclusions of this paper and proposes future
directions.

2. Related Works

Since bicycle sharing systems have grown rapidly in the last
two decades, particularly prospered again in the past five
years in China, a large number of studies on BS have
emerged. Recent researches primarily focus on demand
prediction and fleet rebalance.

2.1. Demand Prediction. Accurate estimations for BS travel
demands are crucial for successful bike management and
fleet rebalance [7]. Generally, the demand prediction can be
completed in two steps: the spatial unit setting and pre-
diction algorithm design. Chen et al. [8] proposed a two-
phase framework to predict overdemand clusters. In the first

phase, a weighted correlation network was built to support
the application of geographically constrained clustering.
Feng et al. [9] developed a two-step demand prediction
framework where the spectral clustering algorithm was
adopted in the first step, station clustering. Similarly, in the
research of Huang et al. [10], the Two-Stage Station Clus-
tering algorithm was developed to cluster the central stations
and common stations before predicting. In the context of
dockless BS, Traffic Analysis Zone (TAZ) was used to predict
the gap between inflow and outflow in the work of Xu et al.
[11]. Traditional machine learning methods such as Random
Forest (RF), Gradient Boosting Decision Tree (GBDT), and
Supporting Vector Regression (SVR) were adopted early for
demand prediction [9, 12]. With the development and
popularization of neural network theory, deep learning
methods have widely been used. Qin et al. [13] designed the
Spatial-Temporal Bike Flow Prediction (ST-BFP) model,
which is a convolutional network based on the residual
framework. Long Short Term Memory (LSTM) and Gated
Recurrent Unit (GRU) were used to improve prediction
performance [11, 14]. To capture the spatial correlation,
Graph Convolutional Network (GCN) was introduced to
build a spatiotemporal graph neural network model in work
[15]. Another attempt to extract graph-based attributes was
made by Yang et al. [7] to enhance short-term prediction. In
summary, the spatial unit setting is the basis of demand
prediction. Specifically, the spatial unit setting can be di-
vided into three categories: station-based, station-cluster
based, TAZ-based.

2.2. Bicycle Fleet Rebalance. Bicycle fleet rebalance refers to
the process in which the bicycles are relocated from the
oversupply area to the undersupply area. ,e bicycle
rebalance problem (BRP) is crucial to the operation of the
system.

Several studies have been devoted to the static BRP
(SBRP), which means repositioning bicycles after the whole
day’s operation [16, 17]. SBRP is abstracted as mixed integer
programming (MIP) in previous studies. According to Pal
et al. [18], Mixed Integer Linear Program (MILP) could be
utilized for solving the SBRP. ,e proposed MILP formu-
lation can not only handle single and multiple vehicles but
also allows for multiple visits to a node by the same vehicle.
Liu et al. [19] applied mixed integer nonlinear programming
(MINIP) formulation to solve multiple capacitated bike
routing problems. Furthermore, an Adaptive Capacity
Constrained K-centers Clustering (AdaCCKC) algorithm
was proposed to separate outlier stations, reducing the large-
scale multiple vehicle routing problems to the inner cluster
one vehicle routing problem. Moreover, heuristic algorithms
[20, 21] and greedy algorithms [22] have indicated the
availability to optimize the rebalance process.

To further optimize the BS system and reduce mainte-
nance costs, dynamic BRP (DBRP) is discussed and studied
in depth. DBRP assumes that the whole system is constantly
updated, so the rebalancing schemes should be continuously
adjusted [23]. ,erefore, demand prediction should be in-
volved. Zhang et al. [24] proposed a nonlinear time-space
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network flowmodel to fully integrate the user dissatisfaction
estimating, the bicycle repositioning, and the vehicle rout-
ing. A more recent study [23] put forward a zone-based two-
stage rebalancing method, dividing the research area into
two types of zones (zones with deficient bikes (ZDB) and
zones with sufficient zones (ZSB)). In the first stage, the ZDB
only receives bikes from surrounding ZSB within the initial
rebalancing range. In the second stage, based on the result of
the previous stage, the remaining ZDB can receive bikes
from the rebalancing range that is further away. SBRP and
DBRP could be integrated for an advanced rebalance
scheme. Tian et al. [25] designed a new framework to solve
the rebalancing problem, which contains two aspects: dy-
namic rebalancing within each station and static rebalancing
among stations.

User incentives-based BS fleet rebalance refers to opti-
mizing the bike circulation by leading users to shift bikes
between highly active stations and inactive ones [26]. With
the interaction of sharing bicycles, users, and the environ-
ment, reinforcement learning could be adopted to determine
the optimal incentive scheme [27, 28]. Otherwise, worker
recruiting showed more cost-efficient compared with tra-
ditional truck-based rebalance [29].

2.3. Summary of RelatedWorks. BS electric fences have been
implemented in several cities in China. However, up to now,
few works have studied electric fence planning, design, and
operation. Zhang [30] firstly proposed a methodology
framework to support electric fence planning. However, the
study result remains at the assumption level, not under
implementation. Xie et al. [31] combined the location-based
electric fence and image-based bicycle parking place iden-
tification to verify the users’ parking behavior. Yuan et al.
[32] developed high precision virtual electric fence tech-
nology based on GNSS, intelligent terminal, and precision
orientation algorithm, which achieved submeter positioning
precision.

To summarize, as BS advances to a new stage of de-
velopment, the variety and efficiency of system optimization
methods have been improved. For both demand prediction
and fleet rebalance, there is a need for accurate division and
classification of the operation area, particularly the hotspots.
,e emergence of the electric fence shows the potential for
regulating users’ parking behavior. ,e user incentive
scheme provides new ideas for user-based fleet rebalance.

However, to the best of our knowledge, there is little
literature integrating the identification and classification of
bicycle sharing hotspots with consideration of the electric
fence. Policy guidance on the electric fence planning and
parking management scheme remains unclear in response to
the demands of various stakeholders.

,erefore, in this paper, a novel methodology framework
for identifying and classifying BS hotspots is proposed. For
the first time, electric fence data, regarded as a parking
supply, is used in hotspots analysis. In addition, recom-
mendations on the electric planning and design are given
based on the hotspots classification results. ,e penalty for
illegal parking is discussed, as well as user incentive schemes.

3. Methods

3.1. Methodology Framework. ,e methodology framework
of this study is shown in Figure 1. Multisource data in-
cluding BS trip data, electric fence data, and POI data is
collected in this paper to support BS hotspots identification
and classification.,emethodology framework is as follows.

Task 1: BS hotspots identification. ,e origin (O) and
destination (D) of each trip are extracted from BS trip data.
To achieve high-precision recognition, the spatial resolution
is set to 50m× 50m grids.,e longitude and latitude of each
grid center and the O/D number of each grid are packed as
the input of DBSCAN. ,e determination of neighbor pa-
rameters of DBSCAN is done using the KNN method. Fi-
nally, the pick-up hotspot (PH) and return hotspot (RH) are
identified separately.

Task 2: BS hotspots classification. ,e return hotspots
(RHs) are the critical areas for rebalancing the BS fleet.
Meanwhile, the government also pays great attention to the
bicycle parking order in RHs. ,erefore, the RHs obtained
from Task 1 are chosen as the study subject of Task 2’s
research. To measure the RHs in BS parking demand,
parking supply, unbalance, and land use, nine indicators are
extracted from the collected data. RHs are classified using
the Gaussian mixture clustering method based on the 9
indicators. ,e classification result is used to provide
guidance on parking management schemes and policy
recommendations.

3.2. Identification of BS Hotspots. A BS hotspot is defined
here as an area where a large number of shared bicycles flow
in or out in a short time. ,e main challenge faced by BS
operators and regulators is the hotspot identification and
corresponding management strategy. In this paper, we at-
tempt to answer two questions through hotspots identifi-
cation: How are hotspots distributed in space? Is there a
connection between the spatial distribution of hotspots and
urban structure?

,e key characteristics of hotspots can be listed as
follows:

(1) Closed and continuous in space

(2) High level of demand
(3) Temporal dynamic change in demand

Based on the characteristics above, the DBSCAN
(Density-Based Spatial Clustering of Applications with
Noise) method is adopted with O/D (origin/destination)
demand as a clustering feature to identify BS hotspots.

DBSCAN is an unsupervised machine learning algo-
rithm. It is a density-based clustering nonparametric algo-
rithm. ,e algorithm uses a simple minimum density level
estimation based on a threshold for the number of neigh-
bors, minPts, within the radius ϵ (with an arbitrary distance
measure) [33]. Compared with the traditional kernel density
estimation method, DBSCAN can help identify the
boundary of the hotspot area accurately according to the
neighbor parameters. ,e accuracy of identification results
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depends on the two neighbor parameters: the radius ϵ and
the number of neighbors (or total weight), minPts.

,e longitude and latitude of each grid center are packed
as the training instances X, with the BS O/D (origin/des-
tination) demand of each grid being the sample weight. For
parameter estimation, firstly, the number of neighbors
minPts should be given according to domain knowledge.
,en the radius could be determined using the k-distance
plot. ,e average distance corresponding to the elbow point
(with the largest slope) is the optimal radius ϵ.

3.3. Evaluation Framework of BS ReturnHotpots. In previous
sections, BS return hotspots (RHs) could be identified with
high precision. In this section, we develop an evaluation
framework covering three aspects (supply and demand, un-
balance, and land use) to assess the characteristics of RHs and
take it as the basis for classification, as shown in Table 1. ,e
following paragraphs explain why certain aspects are chosen.

For supply and demand, it is a crucial independent input
in many BS planning problems, such as bicycle relocation,
demand management [34]. Çelebi et al. [35] concluded that
one of the key motivating factors for bicycle use is the
convenience that the service is not interrupted because of the
unavailability of empty slots for returns, emphasizing the
importance of evaluating the parking supply for shared
bicycles. Furthermore, demand level analysis could support
the layout planning of electric fences [30].

In terms of unbalance, while BS facilitates people’s first/
last-mile travel, it can also have negative effects such as
infringing on pedestrian rights, blocking bike paths, and
impeding metro user flows [36–38], which is caused by
spatial-temporal unbalance.

Regarding land use, previous studies have shown that
land use factors have an effect on bicycle sharing demand
[2, 39–42]. Xing et al. [43] discovered that the bike-sharing
trip origin and destination could be divided into five typical
groups, i.e., dining, transportation, shopping, work, and

residential places on weekdays. In this paper, we choose
three travel purposes from five categories: residential, work,
and shopping places.

3.3.1. Demand and Supply. BS parking supply is an im-
portant index for RHs assessment. Compared with docked
BS, the parking of dockless BS tends to be more dispersed.
Bicycle returning has become more restricted since the
implementation of electric fences in the real world. ,e
electric fences that specify where the bikes can be returned
can be regarded as the parking supply. According to
Planning Standard for Urban Pedestrian and Bicycle
Transportation System published by the Ministry of House
and Urban-Rural Development (MOHURD) of China in
2021, it was suggested that the width and length of a single
bicycle parking space should be 0.6–0.8m and 2.0m, re-
spectively, equivalent to the area of 1.2–1.6m2. In this paper,
we determine that the parking area for each bicycle should
be 1.5m2. Using the area of electric fences in certain RH and
the parking area for one single bicycle, the parking capacity
Pc can be calculated.

BS demand is not only the basis for hotspots identifi-
cation but is also a key index of classification. Although
hotspots represent areas with high demand, the demand
among these hotspots is still uneven. ,e BS demand is
calculated as follows. Taking a record of OD data
(bikeid, origin, destination, stime, etime) as an example, it
will generate a departure demand at origin, and an arrival
demand at destination. Given a time window Δt, the end of
the time window t, and a hotspot H with r bikes inside, there
are Fout BS trips departing from H, and Fin trips arriving in
H. ,e parking demand Pd of hotspot H at time t can be
calculated as follows:

Pd � r + Fin − Fout. (1)

,en, the parking overload of hotspot H at time t can be
calculated by the following equation:
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Figure 1: Methodology framework.
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Po � Pd − Pc, (2)

where Pd, Pc, and Po denote the parking demand, parking
capacity, and parking overload, respectively, Fin, Fout rep-
resent BS trips arriving in hotspot H and trips departing
from hotspot H, and r is the number of existing bicycles of
hotspot H.

3.3.2. Unbalance. ,e spatial-temporal heterogeneity of BS
demand and supply leads to the problem of unbalance. Peak
time is defined here as the time when the number of parking
bicycles reaches a maximum. Min-max ratio represents the
ratio between the minimum and the maximum of parking
bicycles.

To obtain a better understanding of the unbalance in
hotspots during the morning peak, there is a need to study
the peak time PN and min-max ratio Rm. Given time series
Ti and hotspot H, the number of parking bicycles Pd varies
over time. Suppose its maximum and minimum in Ti are
Pdmax and Pdmin, the min-max ratio Rm can be calculated as
follows:

Rm �
Pdmin

Pdmax
. (3)

3.3.3. Land Use. BS trips, like the other modes of trans-
portation, are activity-based. ,e diversity and intensity of
activities may be influenced by land use factors. Previous
studies have shown that the frequencies of POIs can disclose
and classify urban land use [43, 44].,erefore, incorporating
land use indicators into the evaluation framework makes
sense. Here, we used the number of residential POI LR, office
POI LO, and commercial POI LC to describe land use
attributes.

3.4. Classification of BS Return Hotspots. ,e Gaussian
mixture model (GMM) is used to classify the RHs after
extracting nine indicators frommultisource data.,e choice
of GMM clustering is motivated by two considerations. On
the one hand, we preliminary investigated the performance
of GMM-based classification methods on the classification
problems in many application scenarios [45, 46]. Under
complex data, GMM has a wider fitter range and the ad-
vantage of high generalization ability. On the other hand,

inspired by traffic status classification in Liu et al.’s work
[47], we chose GMM to cluster the RHs.

GMM is a common algorithm of prototype clustering in
machine learning. GMM uses the Gaussian probability
model as a clustering prototype. ,e definition of the
multivariate Gaussian distribution is as follows [48]: Given
random variable x in n-dimensional sample space χ, if x
obeys Gaussian distribution, its probability density function
is shown in the following equation:

p(x) �
1

(2π)
n/2

|Σ|
1/2e

−1/2(x− μ)TΣ−1(x− μ)
, (4)

where μ is an n-dimensional mean vector and Σ is n × n

covariance matrix. To clearly show the dependence of
Gaussian distribution on corresponding parameters, the
probability density function is denoted as p(x|μ,Σ). ,en
the Gaussian mixture distribution can be defined as follows:

pM(x) � 
k

i�1
αi · p x|μi,Σi( . (5)

,e distribution consists of k mixture components, and
each mixture component corresponds to a Gaussian dis-
tribution. In equation (5), μi and Σi are the parameters of the
ith Gaussian mixture component, and αi > 0 is the corre-
sponding mixture coefficient. It should be noted that


k
i�1 αi � 1.
,e indicators of RHs are all calculated as the input of

the algorithm.,e RHs with nine indexes are regarded as the
training set D � x1, x2, . . . , xm . ,e random variable
zj ∈ 1, 2, . . . , k{ } represents the Gaussian mixture compo-
nent of the sample xj. ,e objective of GMM is to divide the
set D into k clustersC � C1, C2, . . . , Ck .,e cluster label λj

of each sample xj is determined as follows:

λj � argmax
i∈ 1,2,...,k{ }

cji, (6)

where cji(i � 1, 2, . . . , k) denotes the posterior probability
generated by Gaussian mixture components pM(zj � i|xj).

4. Results and Discussion

4.1. Case Study andDatasets. In this paper, the BS system on
Xiamen Island (Xiamen, China) is selected as the study
object. In December 2016, the bike-sharing service entered
Xiamen and began operations. In 2017, the oversupply of

Table 1: ,e evaluation indexes of RHs.

Aspect Indicators Name of indicators Description
Supply Pc Parking capacity ,e maximum number of bicycles that can be parked in this area

Demand
Ad Arrival demand ,e total number of trips whose destination is in this area
Dd Departure demand ,e total number of trips whose origin is in this area
Po Parking overload ,e maximum difference between the number of parking bicycles and the parking capacity

Unbalance Rm Min-max ratio ,e ratio between the minimum and the maximum of parking bicycles
PN Peak time no. ,e no. of the time when the number of parking bicycles reaches its peak

Land use
LR Residential POI ,e number of residential POIs in this area
LO Office POI ,e number of office POIs in this area
LC Commercial POI ,e number of commercial POIs in this area
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shared bikes had caused widespread concern in society.
Until now, with the promulgation of legislative documents,
the amount of shared bicycles has been limited to 150,000.
,e Xiamen Island, surrounded by the sea, can be consid-
ered as a closed area for sharing bicycle operation (Figure 2).

Multisource data including BS trip data, BS electric fence
data, and POI data were used for subsequent modeling and
analysis. ,e BS trip data and electric fence data were ob-
tained from the Digital China Innovation Contest (DCIC
2021) official websites. A record of trip data contains the
bicycle ID, latitude, longitude, lock status, and update time.
When a user picks up or returns the bicycle, a record with
time and location status is generated and sent to the server.
,e dataset includes 198,382 trips during the morning peak
(6:00–10:00) of five consecutive weekdays fromDecember 21
to 25, 2020. Although it is winter, the local average maxi-
mum temperature is around 20°C, which is suitable for
cycling. Furthermore, most of the data processing in this
paper is supported by the Python package TransBigData
[49].

,e descriptive analysis was conducted, and results
showed a sharp decline in the number of orders on 2020/12/
23 (Figure 3(a)), which was influenced by the moderate rain
that was not suitable for cycling. ,erefore, the OD data of
the other four weekdays will be used for subsequent analysis.
,e number of orders reaches its peak at 08:10–08:20
(Figure 3(b)). 3/4 of the BS travel distances are within
1,200meters (Figure 3(c)), which shows that BS is indeed the
mode of transportation for the first/last mile. Besides, as
shown in Figure 3(d), while some trips last 20 minutes or
more, the majority (3/4) of trip duration is within 10
minutes.

,e BS electric fence data includes the geographic
boundaries of 10,471 electric fences, and each electric fence
is a closed quadrilateral connected by five points (Figure 4).

Point of interest (POI) data was obtained from the Baidu
web API service. ,e residential area and commercial &
office area are the twomost important factors influencing the
BS usage frequency [41]. ,ese areas are populated areas
with high activity intensity. ,erefore, in this paper, three
types of POI, residential, commercial, and office, are used as
the land use attributes of hotspots.

4.2. Results of Hotspots Identification. A BS hotspot, as de-
fined in methods, is an area where shared bicycles flow in
and out in large numbers over a specific time. We define two
types of hotspots in this paper: pick-up hotspots (PHs) and
return hotspots (RHs), which refer to areas with high pick-
up demand and areas with high return demand, respectively.

Prior to identifying hotspots, OD pairs were assigned to
the corresponding space unit, with spatial resolution set to
50m× 50m grids. ,e average number of bicycles picked up
and returned in each grid was then calculated for the entire
morning peak (6:00–9:59) of each weekday.

To identify BS hotspots, the two parameters of DBSCAN,
epsilon (ϵ) and minimum samples (minPts), may highly
affect the number and the size of hotspots, which should be
determined in advance. For selecting minimum samples,

there is no automatic approach. Based on domain knowl-
edge in urban traffic, minPts was set to 150. K nearest
neighbors (KNN) method was applied then to find the best ϵ
value. By plotting the average k-distances (where
k � minPts � 150) in ascending order (Figure 5), the dis-
tance corresponding to the elbow of the curve was the best
epsilon, that is ϵ � 2.5.

After DBSCAN parameter estimation, the longitude and
latitude of the grids are packed as the input of the clustering
algorithm. ,en, pick-up and return demand are set as
sample weights, respectively, to identify the BS hotspots in
both situations. It reported 47 pick-up hotspots and 53
return hotspots on Xiamen Island, with different centers
indicated by different colors (Figure 6).

,ere are some interesting findings. Figure 6 shows that
48.8 percent of pick-up hotspots and 37.7 percent of return
hotspots are located near metro lines, indicating that BS
plays an important role in connecting to the metro transit
system and that bicycle trips beginning at metro stations are
more frequent. Figure 7 shows, for example, that demand for
pick-up and return is high at metro stations during the
morning peak on weekdays.

While the demand for bicycle pick-up and the return has
reached equilibrium in some areas, which appear in
Figures 6(a) and 6(b) simultaneously, there are still some
other areas with one-way bicycles inflow or outflow. For
example, Figure 8(a) shows that the pick-up hotspot near
Dianqian Road 1st Road, surrounded by multiple residential
districts, failed to become a return hotspot. However, there
are two return hotspots on Huli Avenue, where numerous
office buildings are located nearby. One possible explanation
for this phenomenon might be the separation of work and
residence. During morning rush hours, a considerable
number of BS users begin their journey from home to work.
If the number of job opportunities mismatches the number
of employed people in a certain area, the population flow
may show one-way inflows or outflows, resulting in the
phenomenon mentioned above. Figures 8(b) and 8(c) also
present the one-way inflow and outflow in the hotspots,
respectively. ,e observed result could explain the spatial
heterogeneity to a certain extent.

4.3. Result of Hotspots Classification. Return hotspots rep-
resent the places where a substantial proportion of BS users
return shared bicycles. ,e total parking overload of 53 RHs
during the morning peak is 12,587 bicycles, while the total
parking demand is 82,677 bicycles, indicating an insufficient
parking supply in return hotspots. Further investigation of
destination (return behavior) distribution could aid in
gaining a better understanding of human mobility during
morning peak hours and the role of the BS in the trans-
portation system.

53 RHs are classified into three clusters using the
Gaussian-mixture clustering algorithm. ,e spatial distri-
bution of three types of hotspots is depicted in Figure 9(a).
,e average normalized scores of multiple indexes for the
three clusters are shown in Figure 9(b). ,e result, depicted
in Figure 9(b), indicates the heterogeneity of parking
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demand, supply, and land use in the three return hotspot
clusters. ,e unbalance characteristics (minmaxratio,
peaktimeno) of the three clusters, on the other hand, show
little variation. ,e gaps between the minimum and max-
imum BS demand during the morning peak hours, in
particular, are nearly the same for the three clusters. Parking
bicycles is at a high level in RHs labeled as Cluster 1 or
Cluster 2, as shown in Figure 9(c), indicating that more
regulatory attention should be paid to the two clusters.

4.3.1. Cluster 1: Hotspots Where BS Is in Overload Status.
Cluster 1 accounts for 3.8% (2/53) of all return hotspots.
,ese are typically areas with a high demand for BS service.

Despite having a relatively large parking capacity, it is unable
to meet the demand for bike-sharing. In other words, there is
a great gap between parking demand and supply in these
hotspots. In terms of land utilization, this category has more
POI than the other two, indicating that these areas are more
developed. At the same time, the proportion of office POI
accounts for more than that of residential and commercial
POI, resulting in high demand for the last mile to work. For
example, Huli Innovation Park is home to numerous high-
tech enterprises, and bike-sharing is used as the main mode
for employees to enter the park.

In general, the centralized distribution of office POI,
such as office buildings, and the undiversified traffic mode
structure have resulted in the situation described above.
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,e BS is in overload status at this type of hotspot. It
appears difficult to solve the problem solely from the
perspective of BS.

4.3.2. Cluster 2: Hotspots Where BS Service Quality Needs to
Be Improved. 18.9% (10/53) of return hotspots are labeled as
Cluster 2. ,e demand for bike-sharing is medium in these
return hotspots. Parking overload is also at a medium level
due to a lack of electric fences (parking capacity). For

example, Lücuo metro station, located in the city center, is a
transfer hub with ten entrances for Lines 1 and 2. People can
reach any metro station on Xiamen Island without making
any stops from this metro station. As a result, a large number
of BS orders were terminated at this location. On average,
land use is fairly balanced.,e proportion of residential POI
is similar to that of commercial POI but slightly higher than
that of office POI.

To summarize, the designated electric fence in Cluster 2
cannot meet the parking demand due to limited roadside
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space. ,is type of hotspot is the most vulnerable to BS
electric fence supply. In other words, if more or larger
electric fences could be assigned to the hotspot, parking
congestion would be significantly reduced. BS service quality
should be improved in Cluster 2 return hotspots by in-
creasing parking supply and strengthening parking man-
agement. Otherwise, if users are unable to return their bikes

to the electric fences, there is a risk that shared bicycles will
occupy the pedestrian space.

4.3.3. Cluster 3: Hotspots Where BS Is in Stable Status.
77.3% (41/53) of return hotspots are classified into Cluster 3.
In such areas, the demand level for bike-sharing is relatively
low. Although the parking capacity is insufficient, the
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parking gap is still small. As shown in Figure 9(a), the size of
this type of hotspot is rather smaller than the other two. ,e
average hotspot in this category is equivalent to a circle with
a radius of 185m. In addition, the land use of hotspots is
nearly balanced, similar to Cluster 2.

Overall, in Cluster 3 hotspots, the BS is in stable status
with little parking overload. However, the dispersion of
return hotspots tends to increase potential operation and
maintenance costs.

4.4. Discussion of Parking Management Schemes and Policy
Implications. ,e emergence of electric fences shows the
potential for regulating parking behavior among users. At
the moment, the shape of electric fences is uniform, with
each fence being a closed quadrilateral connected by five
points. ,e planning and designing of electric fences need to
be optimized in combination with the supply and demand
characteristics of hotspots.

Here, according to the demand intensity and manage-
ment requirement, we propose three recommended electric
fence layouts (Figure 10): the first type is a large continuous
block, the second is a continuously banded area, and the
third is a dispersed banded area.

Parking management schemes are classified into two types:
illegal parking penalties and user incentives. ,e penalty for
illegal parking means that if a user fails to return the bicycle to
the electric fence, the BS App will notify the user. If the user
continues to park outside the electric fence, a fine will be
imposed. User incentives imply that, prior to a bicycle-sharing
trip, the app can recommend an electric fence with adequate
parking ability near the destination, supplemented by certain
incentive rewards (such as free tickets, coupons, etc.). It should
be noted that parking management schemes should be inte-
grated with the design of electric fences.

,e recommended electric fence layout and parking
management schemes for three clusters of RHs will be
described in the below sections.

4.4.1. Cluster 1: Hotspots Where BS Is in Overload Status.
For BS operators, the electric fences could be designed as large
continuous areas to deal with parking demand duringmorning
peak hours. On the other hand, the inelastic demand for bicycle
sharing may lead to the failure of parking management
schemes. It’s worth noting that there are more office POIs in
this type of hotspot, which may cause the tidal-flow phe-
nomenon. Considering the bicycles stuck here may affect the
sidewalk, it is recommended to move the bicycles out of the
area after the morning peak to avoid high parking overload.

For the government, considering the great demand for
short-distance travel in this area, in addition to bicycle-
sharing, alternative modes of transportation such as shuttle
buses could be introduced to serve the residents in this type
of area.

4.4.2. Cluster 2: Hotspots Where BS Service Quality Needs to
Be Improved. Due to the concentrated parking of bike-
sharing in such areas, it is more appropriate to set up a

continuously banded area of electric fences according to the
roadside environment. In terms of parking management, a
parking incentive scheme (coupons, free of charge, etc.)
could be used to guide users to park bicycles to the adjacent
areas where electric fences are still available. For operators,
this type of area is suitable for the development of sharing
bicycle services. ,erefore, it is necessary to strengthen the
dispatching management and match the travel demand in
this type of area.

For the government, the active traffic environment in
such areas should be further improved, such as expanding
the width of bicycle lanes. Furthermore, the bicycle-riding
space should be isolated from the vehicle space for safety.

4.4.3. Cluster 3: Hotspots Where BS Is in Stable Status.
Given the dispersed nature of shared bicycle parking in this
area, the location of electric fences should be integrated with
the bus station and metro station. Furthermore, electric
fences should be set as a dispersed band along the roadside,
where maintenance personnel can easily collect bicycles. It is
also recommended that parking penalty schemes be
implemented to regulate users’ parking behavior, particu-
larly parking outside the electric fence, which can be con-
sidered illegal parking behavior.

Despite the demand level of this type of area being low,
the peak hours and demand valley-peak ratio are similar to
the other two types. As far as the government is concerned,
this kind of hotspot is the vast area where the “the first/last
mile” problem exists. ,e government should supervise BS
enterprises to launch appropriate bicycles in these places to
ensure the public’s short-distance travel.

4.5. A Case Study of BS Return Hotspot Parking Management
Scheme. ,e classification of return hotspots based on
supply-demand relationships, unbalanced characteristics,
and land use attributes offer the potential for more precise
parkingmanagement schemes. Take Huli Innovation Park as
an example, which houses 6,869 businesses and provides
66,000 jobs. ,e total number of bicycles parked in this area
is 1802. Figure 11(a) depicts the spatial distribution of
parking congestion.

As shown in Figure 11(b), there are three clusters of RHs
in this park. In the hotspot labeled as Cluster 1 inside the
park, commuters return shared bicycles here, resulting in a
sharp increase in the number of parking bicycles after 8:00
AM (Figure 11(c)). It should be noted that this trend is
opposite to the hotspot near the Xiamen Air Bike Lane
entrance. ,is case might reveal the phenomenon that the
shared bicycles flow in the office park during the morning
peak. Moreover, as can be seen in Figure 11(a), the parking
overload appears to be higher at the gate of office buildings.
,is finding is likely to be related to the closed management
of office buildings. Xiamen Air Bike Lane entrance, marked
as Cluster 2, is located at the edge of the park. In this hotspot,
people can get access to bicycle service through the Air Bike
Lane, which is an elevated road only for bicycles. ,erefore,
the availability of shared bicycles leads to a growth of
parking bicycles before 8:00 AM. However, the number of
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bicycles decreased sharply from 585 to 102 until 10:00 AM,
as shown in Figure 11(c). Two hotspots classified into
Cluster 3 are also at the edge of the park. Considering the
time-varying characteristics of parking bicycles, the BS is in
stable status without much parking overload.,e number of
bicycles parked in these two hotspots reached its peak at 8:45
AM (Figure 11(c)), then remained at around 150 bicycles.

In the hotspot labeled as Cluster 1 inside the park, there is a
need to design large continuous areas as electric fences in such
hotspots to facilitate commuters’ parking. Particularly at the
gate of office buildings, the real-world double-layer bicycle rack
could be introduced to expand the capacity of the electric
fences. Moreover, based on the phenomenon that parking
bicycles continue to increase during the morning peak, BS

Type 1 Type 2 Type 3

Figure 10: Recommended electric fence layout.
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enterprises could transfer bicycles out of the hotspot to reduce
the parking overload. For the hotspot labeled as Cluster 2, the
availability of the Air Bike Lane enhances the usage frequency
of shared bicycles. To avoid high parking overload, the electric
fences here should be expanded in combination with the lo-
cation of the entrance of the Air Bike Lane. Besides, some
bicycles could be supplemented to the hotspot to meet the
needs of commuters to enter the park by bike. In the two
hotspots classified into Cluster 3, it is not necessary to greatly
expand electric fences. Instead, the electric fence should be
placed near the bus station and the metro station to promote
transfer connection with public transit. In addition, part of the
electric fences in the hotspot could be set closed so that bicycles
would be returned in a few opened electric fences.

5. Conclusions and Future Directions

In this paper, a novel framework for integrating multisource
data is proposed to support BS parking system design and
management.,e definition of a BS hotspot is given. DBSCAN
method is adopted with O/D (origin/destination) demand as a
clustering feature to identify BS hotspots. In particular, we
identify 47 pick-up hotspots (PHs) and 53 return hotspots
(RHs), respectively, and conduct a comparative analysis. An
evaluation framework covering three aspects (demand and
supply, unbalance, and land use) is developed to assess the
characteristics of RHs. ,e evaluation framework consists of 9
indexes derived from multisource data. Furthermore, for the
first time, real-world bicycle-sharing electric fence data is used
as a parking supply.,e investigation of demand and supply in
return hotspots shows that the total parking overload of 53 RHs
during the morning peak is 12,587 bicycles. Using the
Gaussian-mixture clustering algorithm, 53 RHs are classified
into three clusters, including hotspots where BS is in overload
status, hotspots where BS service quality needs to be improved,
and hotspots where BS is in stable status. Overall, there is a lack
of parking capacity in RHs on Xiamen Island. Based on the
demand&supply pattern, the land utilization, and the unbal-
ance feature, parking management schemes and policy im-
plications are proposed.

,e main findings of this paper are as follows:

(i) ,e study has found that bicycle sharing hotspots do
exist from the perspective of bicycle pick-up and
bicycle return.

(ii) ,e results of hotspots identification have revealed
that bicycle sharing plays an important role in the
connection to the metro transit. Additionally, bi-
cycle trips starting from metro stations are more
frequent.

(iii) ,e difference in the spatial distribution between
pick-up hotspots and return hotspots provides in-
sights into the one-way bicycle inflow or outflow
phenomenon. An analysis of return hotspots reveals
that the parking supply is insufficient.

(iv) ,e classification result of 53 return hotspots has
found that the supply and demand patterns in
hotspots are heterogeneous.

,e findings in hotspots identification are consistent
with previous studies, such as the spatial feature of hotspots
[2, 50]. ,e findings of this study provide recommendations
for the placement of BS electric fences in various areas. Some
limitations, however, should be acknowledged. BS trip data
only include weekday morning peak trips. As a result, the
extraction of BS’s temporal dynamics is unavailable. Parking
management schemes only take into account illegal parking
penalties and user incentives. ,e effect of parking man-
agement schemes on BS service should be studied further in
future studies using multiscenario simulation. ,e real-
world survey data should be used to calibrate the users’
attitudes toward the electric fence and the corresponding
penalty schemes.

Data Availability

BS trip data and electric fence geographic data were obtained
from Digital China Innovation Contest, DCIC 2021 (https://
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