
SPECIAL SECTION ON APPLICATIONS OF BIG DATA IN SOCIAL SCIENCES

Received September 13, 2018, accepted September 25, 2018, date of publication September 28, 2018,
date of current version October 19, 2018.

Digital Object Identifier 10.1109/ACCESS.2018.2872451

Service Sites Selection for Shared Bicycles Based
on the Location Data of Mobikes
BIAO JIN 1,2, MEI-HUANG HONG3, XUE LIN1, AND JIN-MING SHA1
1College of Geographical Sciences, Fujian Normal University, Fuzhou 350007, China
2College of Mathematics and Informatics, Fujian Normal University, Fuzhou 350108, China
3Fujian Newland Software Engineering Co., Ltd., Fuzhou 350015, China

Corresponding authors: Biao Jin (jinbiao@fjnu.edu.cn) and Jin-Ming Sha (jmsh64@sina.com)

This work was supported in part by the EU Eramus+ Project under Grant 586037-EPP-1-2017-1-HU-EPPKA2-CBHE-JP, in part by the
project of the Fujian Provincial Department of Science and Technology under Grant 2018I0005, and in part by the project of the Fujian
Provincial Department of Education under Grant JAT170149.

ABSTRACT Mobike is a leader in the bicycle-sharing industry, which commits to solving short-distance
travel problems through the Internet. The rapid development of shared bicycles has been bringing very
convenient for our travel. However, the problems of parking, high damage rates, and difficulty in reclaim have
mademany urban public space resources be taken up by these bicycles. In order to help the companymaintain
and manage its bicycles and service sites, the main contents of this paper focus on selecting the optimal
service sites for Mobikes and planning the shortest circuit planning between service sites in each region.
Our experimental data are the parking locations of Mobikes in Fuzhou city. The density-based clustering
algorithm and an improved ant colony algorithm are adopted in this paper: 1) to divide a large data set
into N small uncorrelate data sets, the density-based clustering algorithm reveals the high-density region
by finding the low-density region of the dataset, and this type of algorithm is used for selecting the service
sites and 2) the problem that starting from the warehouse center, then traversing all the service sites in the
region, and finally returning to the warehouse center can be classified as an NP-hard problem. In this paper,
an improved ant colony algorithm is used to obtain the optimal solution. The main purpose of finding the
shortest circuit traversing all service sites in the region is to provide better support and maintenance for each
service site.

INDEX TERMS Service sites, mobike, Fuzhou city, DBSCAN, ant colony algorithm.

I. INTRODUCTION
Our lives are changing in terms of sharing applications.
In 2014, OFO and Mobike put forward the idea of using
shared bicycles to solve the ‘‘last mile,’’ thus opening up a
new era of dockless bicycle sharing. Dockless bicycle shar-
ing allow us to have access to an unprecedented means of
transport. Since the bicycle-sharing market is characterized
by a low entry threshold and easily replicated business mode,
nearly 20 companies, including OFO, Mobike and U-bicycle,
have entered the market in a short period of time (Figure 1).

These companies compete in the streets and alleys of vari-
ous cities in mainland China. According to the 40th and 41st
‘statistical reports on the internet development in China’
issued by CNNIC (China Internet Network Information
Center), from June 2017 to December 2017, the scale of
bicycle-sharing users has increased from 106 million to
221 million. The rate of growth is up to 108.1%. At the same
time, the utilization rate of shared bicycles has increased from

FIGURE 1. Main brands of sharing bicycles.

14.1% to 28.6% [1]. By the end of 2017, the business of
bicycle-sharing had covered 21 overseas countries. The emer-
gence of bicycle-sharing has changed many people’s travel
habits. They actively respond to green travel, making a great
contribution to reducing both traffic congestion and carbon
emissions. By now, the total number of cycling kilometers of
bicycle-sharing users has exceeded 29.947 billion kilometers,
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thus reducing the carbon emissions by over 6.99 million tons.
In regard to stimulating employment, the bicycle-sharing
industry has created more than 30,000 off-line operation and
maintenance posts [1]. Overall, the emergence of bicycle-
sharing has greatly changed people’s travel habits, reduced
the congestion of urban traffic, and played an important role
in promoting energy conservation, emission reduction, and
green and sustainable urban development. However, what
cannot be ignored is that they also causes a series of problems
because of some subjective and objective factors.

At present, competition in bicycle-sharing industry is
fierce. In order to occupy the market quickly, all companies
launch their shared bicycles on a large scale. These bicy-
cles have been taking up and encroaching upon limited city
space. According to [2], in the past two years, the number
of bicycle-sharing companies has reached 77, and a total
of 23 million shared bicycles have been put into the market.
Putting bicycle-sharing into the market without considering
the actual demand has resulted in waste of resources. In some
regions, the number of bicycles has far exceeded the demand.
Many shared bicycles are idle at their parking points, leading
to road traffic jams (Figure 2).

FIGURE 2. Shared bicycles occupying city roads.

Another bad consequence of blind delivery is that the
supply of bicycles exceeds demand in some cities or regions,
while others are in short supply. According to the relevant
departments in Shanghai, as of the end of September 2017,
there are now 1.15 million shared bicycles in the city [3].
The total number of shared bicycles in Guangzhou city of
Guangdong Province is 8.65 million, while the delivery num-
ber in Dongguan city is only about 775,000 [4]. The propor-
tion is seriously unbalanced. The number of shared bicycles
in Wuhan city of Hubei Province is also up to 700,000.
Additionally, there are no fixed parking points for dockless
bicycles, which makes operators unable to monitor them in
real time, and thus leaving them without any guaranteed
maintenance or inspection. Although the government has
issued guidelines and information for standardizing the oper-
ation of bicycle-sharing, there have been a wide variety of
uncivilized uses of shared bicycles, such as adding private
locks, violently dismantling locks, privatizing bicycles or
even malicious discarding or incinerating bicycles (Figure 3).

Parking the shared bicycles in a disorderly manner has
affected the appearance of the city. In view of these prob-
lems, our work mainly focus on the following two aspects:
1) Selecting service sites for the shared bicycles based on the

FIGURE 3. The broken sharing bicycles.

distribution data of Mobikes in the five districts of Fuzhou
city. The purpose of this is to prolong Mobikes’ service life
and reduce the operating cost of bicycle-sharing companies
by providing quicker and more direct management and main-
tenance for Mobikes. 2) Planning the shortest circuit that can
travel through all the service sites in each region respectively
based on data about the selected service sites. The purpose of
this is to provide better maintain and manage for the selected
service sites themselves.

II. RELATED WORK
In order to accomplish our first goal, we need to conduct
clustering analysis on the experimental data. According to
the development of clustering algorithm, we can divide it
into two categories: traditional clustering algorithms (includ-
ing the Hierarchical methods, the Partition-based methods,
the Density-based methods and the Grid-based methods) and
modern clustering algorithms such as the fuzzy clustering.
The comparison of these kinds of clustering algorithms is
shown in the table below (Table 1).

TABLE 1. Comparison of clustering algorithms.

In view of the comparison of advantages and disadvantages
between the above algorithms, and considering the charac-
teristics of our experimental data (the bicycles are usually
clustered in specific areas and times), we finally decided to
adopt the Density-based methods for service sites selection.

DBSCAN (abbreviation of ‘Density-Based Spatial Clus-
tering of Applications with Noise’) algorithm was pro-
posed in 1996 [7] and has become the representative of
Density-based methods. Since it was proposed, there are
more and more researchers have been concentrate their
efforts on improving its performance or adopting it to
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solve various practical problems directly. Reference [10] con-
cerned the parallelization of DBSCAN to improve its perfor-
mance on high-dimensional data. To attack the slow speed
of the AntClass algorithm (a new algorithm applying ant
colony clustering algorithm to cluster analysis), [11] com-
bined AntClass with DBSCAN and then proposed a new
algorithm named ‘DBAntCluster’. Reference [12] surveyed
some important techniques in which original DBSCAN is
modified or enhanced with improvement in complexity or
result improvement on varied densities. In order to process the
natural data which is often vague well, [13] presented an effi-
cient clustering technique, named ‘Soft DBSCAN’ by com-
bining DBSCAN with fuzzy set theory. Researchers of [14]
survey over different variations of DBSCAN algorithms that
were proposed as far as they know. They critically evaluated
those variations and listed their limitations. Reference [15]
modified the Imperialist Competitive Algorithm (ICA) with a
density-based algorithm and fuzzy logic for optimum cluster-
ing in wireless sensor networks. Reference [16] presented a
new algorithm based on DBSCAN named ‘RDD-DBSCAN’
to overcome the scalability limitations of the traditional
DBSCAN algorithm by operating in a fully distributed
fashion.

TABLE 2. Comparison of commonly used algorithms for solving TSP.

Essentially, the second research goal of this paper is a
typical traveling salesman problem (TSP). As far as we know,
the algorithms for solving TSP can be classified into two
kinds. One is the traditional deterministic algorithm, such as
dynamic programming [17] and branch-bound method [18].
The other is the modern intelligent algorithm, such as genetic
algorithm [19] and ant colony algorithm [20]. The advantages
and disadvantages of these commonly used algorithms are
shown in the following table (Table 2). Considering the solu-
tion speed and stability of the optimal solution, this paper
decides to adopt ant colony algorithm.

Many researchers have adopted ant colony algorithm to
solve TSP problem [21]–[26]. By comparison, we can find
that some researchers directly use the original ant colony
algorithm [21] while others use an improved ant colony
algorithm [22]–[26]. Further, to improve the performance of
the algorithm, some researchers work on finding more rea-
sonable algorithm parameters [22]–[25] while others focus
on increasing the execution speed of the algorithm with the
help of hardware [26].

III. ACQUISITION OF EXPERIMENTAL DATA
The parking location information of the Mobikes can be
accessed by sequential access to Mobike’s APP and its
WeChat applet. The grab software ‘ Packet Capture’ was
employed to carry out HTTP request and capture packets.
This software does not need the root authority to capture data
about requests and responses. By analyzing the request data
(Figure 4) and response data (Figure 5), the request address
of the background services of Mobike can be extracted.

FIGURE 4. The request data.

FIGURE 5. The response data.

Then, the request addresses of the two background
services are obtained. The request address of the WeChat
applet is https://mwx.mobike.com/mobike-api/rent/nearby
BikesInfo.do. Its request parameters are longitude and
latitude. The request address of the mobile software is
https://api.mobike.com/mobike-api/rent/nearbyBikesInfo.do.
After obtaining the addresses of the two background services,
we further assess their validity and accuracy.

POSTMAN is a powerful Chrome plug-in for web debug-
ging and sending HTTP requests, which can be used to
simulate HTTP requests. With its help, the accuracy of the
background service address of the mobikes can be verified
by comparing with the response data of the network packets.
The response data also show that the target data needed in
this paper are stored in the object of the reply message in the
JSON format.

In this paper, the experimental period of the data collection
is one week (from October 9, 2017 to October 15, 2017).
The grabbing areas are the five districts (Jin’an, Mawei,
Gulou, Taijiang and Cangshan) of Fuzhou city. The record
form of each bicycle’s information is (grabbing time, bicy-
cle’s ID, bicycle’s longitude, bicycle’s latitude). Considering
that each crawler may not be able to get the information
about all bicycles, in order to increase the accuracy of our
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experimental data, the data of seven days are integrated
together and then the bicycles’ IDs are chosen as the pri-
mary key for removing the duplicate bicycles. Finally, it is
concluded that the number of bicycles in the five districts of
Fuzhou city is 94,310. The specific quantity distribution is
shown in the following table (Table 3).

TABLE 3. Number distribution of mobikes in the five districts.

FIGURE 6. The scatter diagram of the distribution of mobikes.

We imported our data into ARGIS software, and then the
nuclear density is adopted to analyze them and draw the
scatter diagram (Figure 6).

From the figure above, we can see that these bicycles
distributed in Gulou district and Taijiang district is far greater
than that of others. We argue that the difference is related
to the economic development, topography and population
distribution of each district.

1) According to the statistics of the South wealth net-
work, in 2017, the population ofGulou district, Taijiang
district, Cangshan district, Jin’an district and Mawei
district was 826,000, 320,000, 460,000, 510,000 and
156,000, respectively [27].

2) Jin’an district has the largest area and large population.
Its main landforms are hills and plains. There are three
famous mountains, i.e., Gushan Mountain, Beifeng
Mountain and Shoushan Mountain, in the central and
northern regions of Jin’an, meaning that this district
presents ‘‘three high, two low’’ terrain features. There
are also Changle Mountain, Kangshan Mountain, Jinji
Mountain and other tourist attractions. These objective
factors make the area unsuitable for population concen-
tration, and thus loses its advantages of being a center
of Fuzhou city. This also affects the number of shared
bicycles put here.

3) Taijiang district is the financial center of Fuzhou city.
In 2014, the Fujian provincial government approved the
establishment of the Fuzhou-Haixi modern financial
center area, and Taijiang district is one of the business

districts. Insisting on precise investment promotion is
the ‘fine tradition’ of Taijiang district. Financial insti-
tutions of different levels and categories came in a rush,
and the agglomeration effect of the financial industry
has been prominent. According to a relevant person in
charge of Taijiang district, 44 projects have been landed
in the Fuzhou-Haixi modern financial center area, with
a total investment of 60 billion yuan. A headquar-
ters economy and a building economic agglomeration
development platform have taken shape. At present,
the tax revenue of Taijiang’s financial industry exceeds
20 billion yuan, accounting for 25% of that of Fujian
province [28]. The developed financial industry has
contributed to the population aggregation to a large
extent.

4) The government of Gulou district has been focusing
on its industrial structure adjustment. Relying on busi-
ness building and functional and regional facilities,
it attracts all kinds of enterprises, develops the modern
service industry by leasing and selling, develops and
operating buildings, and cultivates new tax sources and
new economic growth points to enhance its dominant
position and core competitiveness in Fuzhou city [29].
At present, Gulou district has formed a core area based
on the financial industry, with the spatial distribution
pattern in the periphery of real estate, wholesale and
retail, and the financial industry. Although the geo-
graphic area of Gulou district is not very large, it has
gathered a larger number of people because the provin-
cial government and a large number of well-known pri-
mary, junior and high schools are located there. There is
a large number of people gathered in a relatively small
areas creating a high-density distribution of sharing
bicycles.

From Figure 6, we can also find that Mobikes are evenly
distributed in the fringe areas of some districts. Most of these
fringe areas are located along the river, close to most of the
surrounding roads and convenient transportation. In general,
the distribution of Mobikes in the five districts of Fuzhou
city can be summarized as follows: their main coverage areas
are economic and financial centers, high-density residential
centers, flat terrain landscapes and convenient traffic areas.
In view of the large difference in Mobikes’ coverage in each
district, it is necessary to separate the sample data sets of
the five districts before selecting service sites. Sequentially,
service sites selection is carried out separately in district units.

IV. SERVICE SITES SELECTION AND THE SHORTEST
CIRCUIT PLANNING
A. MOBIKES’ SERVICE SITES SELECTION BASED
ON DENSITY CLUSTERING ALGORITHM
In order to providemore convenient management andmainte-
nance for nearby Mobikes, this paper adopts a density-based
clustering algorithm to determine the optimal number and
location of service sites in each district.
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1) A BRIEF INTRODUCTION OF DENSITY-BASED
CLUSTERING ALGORITHM
DBSCAN (Density-Based Spatial Clustering of Applica-
tion with Noise) is a density clustering method based on
high-density link areas. Through a continuous connection of
the boundary points with the high-density points in the neigh-
borhood, the clusters are excavated. The size of the cluster
depends on the density threshold and the neighborhood size.
It uses the parameter (ε,MinPts) to describe the distribu-
tion tightness of neighborhood samples. The parameter ε is
the neighborhood distance threshold of the samples, while
MinPts stands for the threshold of the number of samples in
the neighborhood with a sample distance of ε. Assuming that
the sample set is marked as D = {X1,X2, ...,Xm}, the defini-
tion of DBSCAN density can be described as following:

1) ε-neighborhood: if Xj ∈ D, then the ε-neighborhood
contains a subset of samples inD, where the distance to
Xj is not greater than ε. This can be defined asNε(Xj) =
{Xi ∈ D|distance(Xi,Xj) ≤ ε}.

2) Core object: ∀(Xj ∈ D), if the number of samples in its
ε-neighborhood Nε(Xj) is not less thanMinPts, then Xj
can be seen as a core object.

3) Direct density: if Xi ∈ Nε(Xj) and Xj is a core object,
then there is a direct density between Xi and Xj.

4) Reachable density: for Xi and Xj, if there is a sample
sequence 〈P1,P2, ...,PT 〉 satisfying the following two
conditions: 1) P1 = Xt ,PT = Xt ; 2) there is a
direct density between PT+1 and PT . Then, there is a
reachable density between Xi and Xj.

5) Connected density: If there is a core object X that can
make the densities of Xi and Xj become reachable, then
the densities of Xi and Xj can be seen as connected.

FIGURE 7. A sketch map of DBSCAN.

As shown in the figure above (Figure 7), DBSCAN takes
each data point as the center of the circle and draws the circle
with ε as the radius. The number of points contained in the
circle is taken as the density value of the data point.

Then, an appropriate density threshold (MinPts) is set. The
point with a density threshold as the center of the circle is
marked as Xc. If the density of the data point Xa is less
than the density value of Xc, then Xa can be considered as a
low-density point. Conversely, if the density of the data point
Xb is greater than or equal to the density value of Xc, then
Xb can be considered as a high-density point or a core point.
When the data overlap between two high-density points,

these two points can be connected. If a low-density point
is contained in the area of a high-density point, it will be
connected to the high-density point and can be seen as a
boundary point. Clusters are collectively referred as points
that can be linked together, while noise points are low-density
points and not belong to any cluster.

2) DETERMINATION THE VALUE OF THE
TWO KEY PARAMETERS (ε, MinPts)
DBSCAN Algorithm is very sensitive to the values of the
two input parameters (ε,MinPts). A subtle difference in their
values are likely to lead to a large difference in the clustering
results. At present, the values of these two parameters are
basically determined by experience, which not only leads to
a heavy workload for researchers but also makes it is difficult
to obtain their accurate values.

For each point pi in the given data set P, it calculates the
distance between pi and all the other points in P. After sorting
the calculated distances from small to large, the ordered
set of these distances Disi = {disi1, disi2, ..., disi(k −
1), disik, disi(k + 1), ..., disin} is obtained, where disik is the
k-distance of pi. By the sameway, the k-distance of each point
in the cluster set can be calculated, sequentially the k-distance
set (E = {e1, e2, ..., en}) of all points can be obtained.

TABLE 4. The value of n and set partition results for each district.

In order to analyze the appearance of the Mobikes in the
five districts of Fuzhou city during the experimental period,
in this paper, the longitude and latitude of each bicycle
are used as the primary keys to remove the duplicate data.
Mobikes with the same ID but appearing in different locations
are seen as different Mobikes. By displaying the Mobikes
with different locations on the map, we can find that many
points are distributed intensively. They are clustered into
circles and very close to each other. Furthermore, the radius
of these circles can be found to be around 0.00023 by calcu-
lation. Considering that there may be a condition in which a
Mobike is not used but only slightly moves its position, this
paper calculates the distance between each individual data
point in the sample set and puts the points with distances less
than 0.00023 into a set. When the number of elements in the
set is greater than n, all the points in the set are taken as one
data point. Because the distribution of Mobikes in different
districts is inconsistent, in order to make the experimental
results more accurate, the values of n in each district have
been recorded several times. When the sum of all the data
points in the partition sets is closest to the number of the
original data points, the value of n in this case will be used
as the final value of n. Finally, we can obtain the value of n
for each district (Table 4).
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The original data sets of each district are divided into
groups according to the corresponding values of n, and then
the the center points of each partition set is calculated. The
center point of partition set psi will be used to replace psi.
By this way, a new sample set can be obtained. DBSCANwill
be carried out on the new sample set. After that, to obtain the
k-distance set of each district, we calculate the k-distance of
all points in the new sample set of each district. Next we take
Gulou district as an example to introduce the solution process
of the k-distance.
To generate the scatter gram (Figure 8), the increasing

natural number sequence is taken as the X axis, while the
k-distance of all data points in Gulou district is used as the
Y axis to generate a scatter gram (Figure 8). The figure shows
that in the interval [2800, 3000), the k-distance rises rapidly
and fluctuates greatly, which is not conducive to observing
the distance of most data points. Therefore, when calculat-
ing the k-distance of Gulou district, we remove the interval
[2800, 3000) and retain the interval [0, 2800) (Figure 9).

FIGURE 8. The k-distance scatter diagram of each data point in Gulou
district.

FIGURE 9. The k-distance scatter diagram of the data points in [0, 2800)
in Gulou district.

As shown in Figure 9, the k-distances of the data points in
Gulou district are mostly located in interval [0.0006, 0.0012].
All the values of k-distances are used as the value of the
parameter ε of the DBSCAN algorithm. The number of clus-
ters and low-density points corresponding to each k-distance
are calculated and recorded. The appropriate k-distance is
selected under the evaluation criterion that the best clustering
results can be obtained, which means the least number of
points are excluded from the clusters.Meanwhile, the value of
MinPts corresponding to the best k-distance is also recorded.
By this way, we can obtain the values of ε and MinPts for
each district (Table 5).

TABLE 5. The value of ε and MinPts for each district.

3) CLUSTERING RESULT AND SERVICE SITES
SELECTION FOR EACH DISTRICT
After obtaining the value of k-distance and MinPts, the core
points of each district can be attained. One point can be
viewed as a core point if the number of other points (n) in its
Nε(Xj) can satisfy the condition of n ≥ MinPts. Considering
that some points may be mistakenly put into the outlier set
in this process, we examines the outlier sets and compares
them with the sets of core points based on their mapping
relationships. By this way, we can reduce the error probability
thus obtain more accurate sets of core points.

After obtaining the core point sets, core points in these
sets are connected to generate clusters. The clusters contain
not only the connected core points but also the points in
their Nε(Xj)s, while outliers are outside the coverage of the
clusters. Based on the combination of breadth and depth
examinations, one point p is taken from the core point set S,
and then all the other points in S connected to p are put
into the set C1. Then, we delete p and the points in C1
from S, subsequently obtain a new core point set S ′. The
same operations will be carried on S ′ until S is empty. The
clustering result of Gulou district is shown in Figure 10.

FIGURE 10. The cluster effect diagram of Gulou district.

FIGURE 11. The cluster effect diagram of Taijiang district.

After obtaining the final clustering effect of Gulou dis-
trict, the central point of each cluster can be treated as the
location of the ideal service site. The cluster effect diagrams
of Taijiang, Cangshan, Jin’an and Mawei district are shown
in Figure 11 to Figure 14 respectively. The number of service
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FIGURE 12. The cluster effect diagram of Cangshan district.

FIGURE 13. The cluster effect diagram of Jin’an district.

FIGURE 14. The cluster effect diagram of Mawei district.

FIGURE 15. Fitting the number of partition sets and the number of
service sites in each district.

sites in each district is 246 in Gulou district, 205 in Taijiang
district, 333 in Cangshan district, 243 in Jinan district, and
144 in Mawei district.

Normalization of the number of partition sets in Table 4 and
the number of service sites in each district is performed
to analyze the correlation between the two sets of data.
As shown in Figure 15, the correlation between these two data
sets is as high as 98.56%, which indicates the validity of the
clustering effect and the rationality of the number of service
sites.

B. SHORTEST CIRCUIT PLANNING AMONG SERVICE SITES
BASED ON THE ANT COLONY ALGORITHM
The service sites can provide management and maintenance
for nearby bicycles. How to provide better support and main-
tenance for these service sites themselves is also the research
goal of this paper. After obtaining the locations of service
sites in different districts, ant colony algorithm is adopted
to find the shortest circuit traversing all of the service sites
in a district. Then, we can set the starting points of the
shortest circuit to the locations of storage centers. Storage
centers in various districts will be responsible for supplying
all the service sites in the district or delivering new bicycles to
them. Obviously, what we want to study is a typical traveling
salesman problem (TSP).

1) A BRIEF INTRODUCTION OF ANT COLONY ALGORITHM
The ant colony system is a bionic optimization algorithm pro-
posed by Yuanyuan and Jing [21]. It can be used to simulate
the intelligent behavior of an ant colony in the process of
collecting food. They studied the foraging process of ants
and found that the behavior of ant colonies was faster and
more efficient than that of a single ant. Ant colony releases
pheromones as they walk, and by virtue of how pheromones
are perceived, they choose to walk along the path of the
pheromone concentration, thus ensuring the shortest path to
reach the source of food in any environment. The algorithm
follows the following rules:

1) Environmental information: environmental informa-
tion includes obstacles in the environment where ants
live, multiple selection paths, nest pheromones and
food pheromone. These pheromones are not static but
spread at a certain rate in the air.

2) Foraging rule: ants search for food based on
pheromones, but not all ants can find the right direction,
some ants may move to places with fewer pheromones.

3) Movement rule: when there are no pheromones, ants
move according to the inertia of movement direction;
otherwise, they will be guided by pheromones.

4) Avoidance rule: when an obstacle occurs in the direc-
tion of movement, ants first choose to follow the
guidelines of pheromones, otherwise, they will move
randomly in other directions.

5) Pheromone emission rule: the pheromones released by
ants is inversely proportional to the distance between
food and nests. The shorter the distance, the more the
pheromones are released.

The relevant parameters in the implementation of the ant
colony algorithm are illustrated in Table 6.

2) SHORTEST CIRCUIT PLANNING AMONG
SERVICE SITES IN EACH DISTRICT
Combined with the research in this paper, the specific steps
of the application of the ant colony algorithm in this paper are
as follows:

1) Step 1: Initialize the maximum iteration number
and key parameters such as the pheromone factor.
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TABLE 6. Key parameters of ant colony algorithm.

TABLE 7. Number of service sites and ants used in each district.

Do pre-processing, such as converting the coordinate
information of service sites to the distance matrix
among them.

2) Step 2: Each ant is randomly placed in a different
service site. Calculating the next service site that is to
be reached until all of the ants have access to all the
service sites.

3) Step 3: Calculating the path length of each ant. The
optimal solution corresponding to the number of iter-
ations is recorded while the pheromone concentration
of the path is updated.

4) Step 4: Determining whether the maximum number
of iterations has been reached: if so, then stop the
iteration; if not, then return to Step 2.

5) Step 5: Output the result.
Based on the location information of the service sites in the

five districts obtained by DBSCAN algorithm, we take the
location information of each Mobike as a node on the path.
Then, the number of ants (nants) was determined according to
the number of service sites (nsites) in each district. The ratio
of nsites to nants is 3:2 (Table 7).

Research results of [21]–[26] also show that the original
ant colony algorithm (OAC) has a shortcoming in solving the
TSP problem: with the increase of the number of sites, its run-
ning speed become slower and slower and the error between
the calculated optimal solution and the real optimal solution
become bigger and bigger. To improve the performance of
OAC, in this section, we introduce the 2-opt (2-optimization
or 2-exchange) [30] and three skills (3-skills). The three skills
are described as following:

1) Candidate list: When a ant calculates how to choose the
next site, it only calculates a certain number of the near-
est sites to current site. If the nearest sits have already
been passed, then the probabilistic path selected by ant
colony algorithm will be abandoned and replaced by
the available nearest cities selected by greedy method.

2) Fixed radius search: When searching for neighbor-
hoods, current site does not need to try to determine

TABLE 8. Complexity comparison of the three ways.

FIGURE 16. The optimal path for ‘eil101.tsp’.

FIGURE 17. The optimal path for ‘kroA200.tsp’.

FIGURE 18. The optimal path for ‘lin318.tsp’.

whether the connections to all other sites can be
exchanged for better results, but only need to try to
exchange with several sites closest to it.

3) Don’t look bit: If a site can’t swap out better results with
all its neighbors, then obviouslywe don’t have to search
for this site when we are searching for its neighbors.

From our experiments, we can obtain the complexity of the
three ways (OAC, OAC+(2-opt), OAC+(2-opt)+(3-skills))
used for solving the TSP problem (Table 8). Figures 16 to 18
show the difference among the optimal paths calculated by
the three ways intuitively.

From the three figures above, we can find that there may
be some mistakes (circled in red) in the optimal solution
calculated by using OAC alone while OAC + (2-opt) and
OAC + (2-opt) + (3-skills) can bring us satisfactory solu-
tions. It should be explained that the differences in longi-
tude and latitude values of the selected service sites may be
not obvious, even if they are far away from each other in
reality. If we draw the optimal path among them directly,
most lines may be very dense, thus making it difficult to
observe and compare. So instead, we use data from the
three files named ‘eil101.tsp’, ‘kroA200.tsp’and ‘lin318.tsp’
to make Figures 16 to 18. These files are widely used by
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TABLE 9. The best maintenance circuits for service sites in each district.

FIGURE 19. The distribution diagram of numbered service sites in Gulou
district.

the researchers who study the TSP problem. The number of
sites in these files are 101, 200, 318 respectively. They are
approximate to the number of selected service sites in each
district.

It is important to note that although OAC also gives
the solutions to ‘kroA200.tsp’and ‘lin318.tsp’, the time it
costs for calculating is unbearable, especially to ‘lin318.tsp’.
So, taking into overall consideration the accuracy of solution
and complexity, there is no doubt that we recommend the
third way (OAC + (2-opt) + (3-skills)). Finally, we can

FIGURE 20. The distribution diagram of numbered service sites in
Cangshan district.

FIGURE 21. The distribution diagram of numbered service sites in Jin’an
district.

FIGURE 22. The distribution diagram of numbered service sites in Taijiang
district.

FIGURE 23. The distribution diagram of numbered service sites in Mawei
district.

obtain the best maintenance circuits for each regional service
site (Table 9). The locations of the numbered service sites
in Table 9 are shown in Figures 19 to 23 respectively.
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V. CONCLUSION
Bicycle-sharing brings convenience to people’s travel but
also causes some problems because of various subjective and
objective reasons. In this paper, we use the network crawler
to collect the location data of the Mobikes’ parking spots
in the five districts of Fuzhou city. Then, taking these data
as the core experimental data, the density-based clustering
algorithm is adopted for selecting the optimal service sites for
Mobikes in different districts. After finishing this selection
work, an improved ant colony algorithm is adopted for plan-
ning the shortest circuits passing through all of the service
sites in each district. The purpose of doing this is to provide
better support for those service sites themselves, such as the
provision of parts and technology. The results of our study
mainly include:

1) There are obvious differences in the distribution of
Mobikes in the five districts of Fuzhou city. The dis-
tribution densities in Gulou and Taijiang districts are
much higher than that of the other three districts.
Mobikes in Fuzhou city mainly cover the regional eco-
nomic and financial center, the high-density residen-
tial center of the population, and the flat terrain and
convenient travel areas.

2) According to the clustering results of the location
information on the motorbike parking spots in each
district, we can find that the number of clusters of
Mobikes’ centralization parking spots in Cangshan dis-
trict is the most, followed by Jin’an district. The num-
ber of service sites identified in each district is directly
proportional to the number of their clusters, and the
correlation is as high as 98.56%.

3) Adopting the original ant colony algorithm alone to
solve the TSP may not obtain a good solution but cost
long running time. Our experimental results prove that
introducing 2-opt and 3-skills is efficient for improving
the performance of OAC.

To maximize the value of our experimental data, the
follow-up work of this paper will be concentrated on the fol-
lowing aspects: 1) Studying and analyzing various clustering
algorithms and the TSP problem further. 2) Collecting other
kinds of data and making correlation analysis of them with
the experimental data of this paper to solve or explain some
specific problems and phenomena.
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