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1. Introduction

Bike-sharing systems (BSSs) are a mobility service of public bicycles available for
shared use that is becoming increasingly popular in urban contexts. These shared systems
provide city users with an alternative, low-carbon, and ecologically sustainable transporta-
tion mode (especially suited for short-distance trips) that can significantly reduce traffic
congestion, air pollution and noise in city centers, and supports the growth of greener
urban environments.

Different issues and challenges have been discussed in previous studies with regard
to these systems [1]. Among them are BSS planning and design problems, especially
concerning station locations, system simulation and operation problems, such as user
demand forecasting and bicycle relocation [2,3]. In this framework, new possible solutions
are constantly suggested, each one with its own strengths and weaknesses. Dockless
systems (also known as free-floating BSSs) have started to become popular alongside
station-based ones, both in big cities and smaller urban environments [4]. At the same
time, together with regular bicycles, electric/pedal-assisted bicycles are also being used [5]:
in the Vélib’ BSS in Paris, for example, a mixed system with both traditional and electric
bicycles has recently been implemented [6].

The goal of this Special Issue is to discuss new challenges in the simulation and
management problems of both traditional and innovative BSSs, to ultimately encourage
the competitiveness and attractiveness of BSSs and contribute to the further promotion of
sustainable mobility. We have selected thirteen papers for publication in this Special Issue.
Their contributions are summarized and discussed in the following section.

2. Synopsis of the Contributions

One of the common challenges facing all BSS operators is managing the practical
problem of mismatch of bike supply and user BSS demand. To maintain the quality of
service to a certain level, these systems need bicycle relocation operations to compensate
for imbalances in the network.

Jia et al. (2021) (contribution 1) contribute in this sense by suggesting a new bike-
sharing rebalancing problem that considers multi-energy mixed fleets and traffic restrictions
(aspects mostly neglected in previous studies), using a mixed-integer programming model
with the objective of minimizing the total rebalancing cost of the fleet. Their results and
sensitivity analysis seem to confirm the efficacy of the algorithm to reduce the total cost
associated with BSS rebalancing operations.

A different approach is proposed by Lahoorpoor et al. (2019) (contribution 2), with
their bottom-up cluster-based model. They start from an investigation of spatial and
temporal patterns of bike-sharing trips, aiming at discovering groups of correlated stations
with an agglomerative clustering method. Intra-cluster and inter-cluster rebalancing levels
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are considered, and relocation tours are optimized using a single objective genetic algorithm
that minimizes the tour length significantly, which ultimately corresponds to a direct cost
to the operator and indirect cost to the sustainability of BSSs.

Another crucial issue not often discussed concerns the disorderly parking of free-
floating shared bikes. In their study, Jiang et al. (2019) (contribution 3) try to collect, as
comprehensively as possible, the causes of such parking behavior through a two-phase
questionnaire survey followed by factor analysis. Their investigation, carried out in
China (where the problem is particularly acute), aims at facilitating decision-making by
governments and enterprises for reference.

Several studies have already attempted to explore the factors that may affect the
willingness to use BSS: individual socio-demographic characteristics (gender, age, occu-
pation, education level, monthly income, household bicycle ownership, etc.), individual
travel patterns (trip mode, travel time, trip purpose, etc.), transportation infrastructure,
land use and built environment characteristics, bike-sharing facilities, and environmental
conditions. Different angles and perspectives are presented in the papers collected within
this Special Issue.

For instance, the stated preference survey designed and conducted by Politis et al.
(2020) (contribution 4) targets car and bus users as well as pedestrians. The results highlight
a distinctive set of factors and patterns: the choice of preferred transport mode is most
sensitive to travel time and cost of the competitive travel options. According to their
findings from Thessaloniki, Greece, BSS seems to be a more attractive option for certain
socio-demographic groups and seems to mainly attract bus users and pedestrians rather
than car users.

When looking at the infrastructure, the provision of a connected bikeway network has
been proven one of the main measures to motivate cycling, since it is directly connected
to cyclists’ safety. In this regard, Shui and Chan (2019) (contribution 5) propose a novel
bikeway design problem that combines a genetic algorithm and an elimination heuristic,
and that aims at covering all demand sources and minimizing the total travel time of all
cyclists under budget constraints. Their model, tested in two Hong Kong new towns, is not
only applicable to new system designs but can also capture the existence of built bikeways
and bike stations for system expansion.

Wu and Chen (2019) (contribution 6) support improvement of the night visibility of
cyclists by evaluating the differences between shared and private bikes with five types of
visibility aids. Their goal is to help policymakers incorporate suitable visibility aids within
bike-sharing programs, enhancing the overall traffic safety conditions.

It is also of great importance to understand the motivations and barriers underlying
the usage of shared bicycles. The study by Xu et al. (2020) (contribution 7) focuses on
free-floating BSSs, adopting an extended theory of planned behavior (TPB) to examine
psychological determinants of intention and actual behavior of users. The results, based on
an online survey in Beijing, show important implications for planners and lead to several
suggestions proposed to support the policymaking of the system.

More specifically, Xiao and Wang (2020) (contribution 8) target as research object of
their study the brand choice of bike-sharing in China (namely Hellobike, Mobike, and Ofo).
Using a conditional Logic model calibrated on data from an online questionnaire survey,
they explore the influence of socio-economic attributes of cyclists and their subjective eval-
uations, providing a basis for traffic management departments to quantitatively evaluate
performances of bike-sharing companies, and assessing the distribution of the total volume
among them.

Bardi et al. (2019) (contribution 9) focus on e-bike sharing programs for cruise tourists,
an additional niche of operation for bike-sharing systems. They try to understand the major
driving forces that lead to the development of these programs, and the major motivating
factors for cruise tourists to participate in e-bike sharing services. An ordered probit model
is specified to identify the relationship among the variables influencing e-bike sharing
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usage and satisfaction of cruise tourists, and interesting interpretations are provided in
terms of the relative importance of significant variables.

Most existing studies mainly discuss the relationship between BSSs and external
environments, while studies from the perspective of the relationship between internal
stations of BSSs are insufficient. Yao et al. (2019) (contribution 10) try to fill this gap with
their research. They construct the public bicycle networks of different urban areas (based
on real-time data of the Nanjing public BSS) using Gephi software. Using complex network
theory and a geographic visualization method, they aim to analyze internal correlation
characteristics of BSSs and better understand the station usage.

Considering the large spread of BSSs, it is crucial to gain a better comprehension of the
differences between these systems, hence the search for strategies to classify and compare
them. An interesting possible approach for clustering different bike-sharing systems around
the world can be found in the article by Mátrai and Tóth (2020) (contribution 11). They
have gathered data about existing BSSs, grouping them into four categories (public, private,
mixed, and other) as the first step for further identification of their common features, which
can help to find similar systems and identify problems and best practices in early stages.

Moreover, Caggiani et al. (2021) (contribution 12) suggest a method to evaluate the
efficiency of BSSs based on data envelopment analysis (DEA) in order to assist the decisions
regarding the performance evaluation of BSS stations. A pool of input and output variables
supported by literature, reports, and BSS planning guides is considered, and application
to the Malmöbybike system, in Sweden, shows how this approach can provide a reliable
evaluation of BSS efficiency.

We conclude the synopsis of this Special Issue’s contributions with the study by
Nikitas (2019) (contribution 13), which has the ambition to reinvent the formula of long-
term success for bike-sharing operations by developing policy and business lessons that
will help policymakers and transport providers in establishing and managing these (and
other micro-mobility) schemes more effectively. Their findings are supported by primary
data from two survey-based studies in Sweden and Greece.

3. What the Future of BSS Holds

The future of bike-sharing systems is of course unknown, but some speculations are
possible based on what has been observed, and what trends seem to be arising.

Technological innovations are definitely contributing to a considerable change in the
way of using and owning all kinds of vehicles and having an impact on all transport
systems. The idea of geofencing—that is, a virtual boundary around a predetermined
area or building [7]—might represent a compromise between traditional station-based
and free-floating BSSs, facilitating the benefits and alleviating the challenges associated
with these systems [4,8,9]. Designated operating areas to pick up and drop off vehicles
could help in overcoming some docked BSS limitations (i.e., insufficient racks or station
malfunctions), retaining to a certain extent the parking flexibility provided by free-floating
BSSs without hindering pedestrians and/or blocking cycle paths or traffic flows.

A larger differentiation among vehicles can be foreseen. Alongside traditional bike
sharing, BSSs with alternative vehicles (mixed-fleet) can attract more users and help satisfy
more necessities. One possible option is represented by BSSs using e-bikes, which are
superior to conventional bicycles in the ability to traverse longer distances and reach higher
speeds, and in greater ease of use, especially over hilly terrains [10]. Another option can be
BSSs using traditional and cargo, or e-cargo, bikes. This type of bicycle has recently gained
attention as a possible urban mode of transport, particularly for families with children, or
to carry heavy shopping or goods [11,12].

The most critical key usage barrier to the future development of BSSs concerns the lack
of adequate cycling infrastructure (e.g., bike lanes, cycle paths, parking racks) that, in turn,
is directly related to better road safety for cyclists. Poor traffic safety and insufficient bike-
friendly infrastructure are the main reasons that cause reluctance to use BSSs (contribution
13, [13,14]).
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Also quite relevant is the need for strategic solutions and infrastructure investments
that could help in reducing pollution on urban cycle paths. Cycling in downtown areas,
especially during the commute, may expose cyclists to air pollutants harmful to human
health in large quantities [15,16]. Moreover, because of their physical activity, cyclists
often have much higher respiration rates than people who travel by car, and consequently
inhale more air pollutants over the same time [17]. The choice of paths is very important to
reduce cyclists’ exposure to air pollution [18]. Longer cycling routes toward the preferred
destination could sometimes significantly lower this exposure. For instance, a recent study
done in Coimbra [19] has shown that a 6% increase in distance and time can reduce the
exposure to particulate matter and carbon monoxide related to traffic emissions by almost
one-third, without requiring any additional physical effort. Hence, it is essential to acquire
proper knowledge of the parameters influencing air pollution and noise along cycling
facilities to better inform the planning and design of urban bicycle networks [20].

Finally yet equally importantly, there is a need to resolve challenges related to the
“new normal” after the COVID-19 pandemic. The role of sustainable transport has been,
in a way, redefined, and although cycling per se seems to have had a positive surge [21],
the shared use of equipment in BSSs may cause concerns. Micro-mobility systems (such as
bike-sharing) can definitely provide a safe alternative transport mode, but it is important
that operators expand their efforts in performing and communicating precautionary actions
and policies to support community health, to maintain and promote BSSs’ roles during the
last stages of the pandemic and afterwards [22].
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Abstract: Nowadays, as a low-carbon and sustainable transport mode bike-sharing systems are
increasingly popular all over the world, as they can reduce road congestion and decrease greenhouse
gas emissions. Aiming at the problem of the mismatch of bike supply and user demand, the operators
have to transfer bikes from surplus stations to deficiency stations to redistribute them among
stations by vehicles. In this paper, we consider a mixed fleet of electric vehicles and internal
combustion vehicles as well as the traffic restrictions to the traditional vehicles in some metropolises.
The mixed integer programming model is firstly established with the objective of minimizing the
total rebalancing cost of the mixed fleet. Then, a simulated annealing algorithm enhanced with
variable neighborhood structures is designed and applied to a set of randomly generated test
instances. The computational results and sensitivity analysis indicate that the proposed algorithm
can effectively reduce the total cost of rebalancing.

Keywords: sustainable transport; bike-sharing rebalancing problem; multi-energy mixed fleets;
traffic restrictions; simulated annealing; variable neighborhood structures

1. Introduction

Nowadays, bike-sharing systems (BSSs), as a low-carbon and sustainable transport
mode, are becoming more and more popular across the global, as they can reduce road con-
gestion and decrease greenhouse gas emissions caused by motorized transportation [1,2].
The first BSS was introduced in Amsterdam in 1965 [3] and there are now more than 1500 ac-
tive BSSs [4] and this number is growing at an increasing rate [5,6]. Recently, some scholars
begin to pay attention to the practical problem of mismatch of bike supply and user de-
mands in the BSS, which is a common challenge to all BSS operators [7]. Some operators
are trying to meet user demand by placing bikes in cities in large numbers, but this creates
congestion on city streets and is not sustainable. In China, the government has introduced
policies to restrict operators from placing too many bikes. Thus, these operators have to
transfer bikes from the surplus stations to the deficiency stations by means of vehicles so
that the BSS can be rebalanced. This problem is known as the Bike-sharing Rebalancing
Problem (BRP) [8].

Originally, the BSS operators employ internal combustion vehicles (ICVs) to do the
rebalancing operations. However, the development of electric vehicles (EVs) has made great
progress over the past few years and many BSS operators are discovering that EVs bring more
advantages than ICVs beyond environmental benefits, such as less maintenance, less noise
pollution and reduced driving cost [9]. The Chinese government has strongly supported
companies to develop sustainable EVs in recent years, providing many policy bonuses for
the purchase and use of EVs. Furthermore, more and more cities have implemented traffic
restrictions on ICVs to reduce carbon emissions and alleviate traffic congestions [10]. In these
cities, ICVs cannot provide services for certain BSS stations in the restricted areas, while EVs
can. Therefore, in many practical situations, a multi-energy mixed fleet, consisting of both
EVs and ICVs, are used to perform the rebalancing operations.
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In this study, the original version of the BRP is extended by assuming the fleet of
vehicles to be multi-energy types. The BRP considering Multi-energy Mixed Fleets and
Traffic Restrictions (BRP-MMFTR) is considered to be an NP-hard problem, for it origi-
nates from the classical Vehicle Routing Problem (VRP). We formulate the BRP-MMFTR
as a mixed integer programming model based on one commodity pickup and delivery
problem [11], with the objective of minimizing the total rebalancing cost of the mixed fleet.
Our model has more complicate constraints than general BRP, such as battery capacity
limits for EVs and traffic restrictions for ICVs. It is therefore more complex and more
difficult to solve. As the size of bike-sharing stations increases, the calculation time will
increase exponentially. Hence, the real-life BRP-MMFTR instances cannot be solved exactly
within acceptable computation time.

To handle BRP-MMFTR in a runtime acceptable to BSS operators, we propose the Sim-
ulated Annealing algorithm with Variable Neighborhood structures (SAVN) to obtain the
optimal solution. To avoid getting into the trap of local optima and enhance the exploratory
capability, several variable neighborhood structures are incorporated in our algorithm.

The contribution of this paper lies on the following:

• To introduce a new and practical bike-sharing rebalancing problem considering multi-
energy mixed fleets and traffic restrictions;

• To present a mixed integer programming model to formulate the problem above;
• To propose a simulated annealing algorithm with several variable neighborhood

structures to solve it.

The remainder of this paper is organized as follows. Section 2 presents the literature
review on the related problems. Section 3 formally presents a mixed integer programming
formulation for BRP-MMFTR. Section 4 describes the procedure and key components of
SAVN. Section 5 contains the computational experiments and a sensitivity analysis. Finally,
Section 6 presents some concluding remarks about this work.

2. Literature Review

The BRP has been receiving considerable attention from the literatures during the past
decade. Most of studies have focused on optimization models that maximize profits or
minimize costs. Dell’ Amico et al. provide four mixed integer programming models with
the objective of minimizing total costs, where a fleet of capacitated vehicles is employed
to relocate the bikes [12]. Erdoğan et al. and Cruz et al. solve the same model proposed
by Dell’ Amico with a single vehicle, where multi-visit strategy is considered at each
station [11,13]. Duan et al. focus on multi-vehicle BRP with the objective of minimizing the
total travel distance, and a greedy algorithm is proposed [14]. Casazza et al. and Bulhões
et al. incorporate time into the constraints such that each route does not exceed service
time limitation [5,15].

All the problems above need to fully meet the rebalancing demands in the BSS, which is
difficult to achieve in reality. Hence, some researchers are trying to relax these constraints,
and setting the objective to maximize the satisfied rebalancing demand. Papazek et al.
set the primary goal to minimize the absolute deviation between target and final fill levels
for all stations [16]. Gaspero et al. solve the problem with the aim of minimizing the
weighted sum of the total travel time and the total absolute deviation from the target
number of bikes [17], while Raviv and Kolka take it as a penalty cost [18]. Faulty bikes are
considered by Wang and Szeto with the objective of minimizing the total carbon emission
of all vehicles [19]. Usama et al. also consider replacing faulty bikes in the system with the
following objectives: User dissatisfaction and vehicle routing costs [20].

Actually, BRP is a large-scale uncertainty problem, due to the existence of uncer-
tainty of user demand [21]. Hence, some scholars have turned their attention to the BRP
with uncertain user demand. There are roughly three types of methods for dealing with
these uncertainty problems. First, prediction is a common method to resolve uncertainty.
Alvarez-Valdes et al. estimate the unsatisfied demand to guide rebalancing algorithms [3].
Zhang et al. propose a dynamic bike rebalancing method that considers both bike re-
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balancing, vehicle routing and the prediction of inventory level and user arrivals [22].
Second, some scholars divide the uncertainty into multiple independent stochastic scenar-
ios for research. Dell’Amico et al. develop the stochastic programming model with the
objective of minimizing the travel cost and the penalty costs for unfulfilled demands [23].
Maggioni et al. propose the two-stage and multi-stage stochastic optimization models to
determine the optimal number of bikes to assign to each station [24]. Yuan et al. present a
mixed integer programming model with the objective of minimizing the daily costs in-
cluding the capital cost and the expected operating cost [25]. Third, some studies deal
uncertainty directly with dynamic factors. Legros focuses on dynamic rebalancing strategy
in the BSS with the objective of minimizing the rate of arrival of unsatisfied users, and solve
it by a Markov decision process approach [26]. You develops a constrained mathematical
model to deal with a multi-vehicle BRP, aiming to develop dynamic decisions to minimize
the sum of the travel costs and unmet costs under service level constraints over a planning
horizon [27].

However, none of these literature works considers multi-energy mixed fleets. Goncalves et al.
consider the vehicle routing problem with pickup and delivery, and propose a heterogeneous
vehicle routing model based on ICVs and EVs [28]. Sassi et al. formulate the heterogeneous
electric vehicle routing problem with time dependent charging costs, in which a set of customers
have to be served by a mixed fleet of vehicles composed of ICVs and EVs [29]. A mixed fleet
of ICVs and EVs are also considered in Goeke and Schneider [30]. The authors formulate the
electric vehicle routing problem with time windows and mixed fleet, which is solved through
adaptive large neighborhood search algorithm. Charging times vary according to the battery
level when the EV arrives at the charging station, and charging is always done up to maximum
battery capacity. Macrina et al. present a new variant of the green vehicle routing problem with
time windows and propose an iterative local search heuristic to optimize the routing of a mixed
vehicle fleet, composed of EVs and ICVs [31].

In summary, there are abundant studies about BSS, but no model considers multi-
energy mixed fleets and traffic restrictions. For real-life BSSs in big cities, it is more realistic
and more useful to consider a fleet of EVs and ICVs. Therefore, in this paper, we focus on
a new and practical variant of BRP under the background of multi-energy mixed fleets
(composed of EVs and ICVs) and traffic restrictions to ICVs. Our contribution to the
development and application of the BSS model is twofold. On the one hand, we formulate
BRP-MMFTR as a mixed integer programming model with the objective of minimizing the
total rebalancing cost. On the other hand, because this model is too complex to be solved
accurately, we develop SAVN to solve it. Our work will expand the existing knowledge on
modeling BSS.

3. Model Formulation

3.1. Model Descripion and Notations

As shown in Figure 1, BRP-MMFTR studied in this paper can be described as follows:
There are two types of vehicles available, namely EVs and ICVs. Vehicles start from the
depot with no inventory of bikes, then serve all stations by sequentially loading excess
bikes or unloading insufficient bikes, and finally return to the depot after serving all
stations. Each station can be served by a vehicle only once. During the rebalancing process,
the number of bikes carried by a vehicle cannot exceed its maximal capacity. EVs need
to visit the charging stations during the service process. To reduce the complexity of
our model, the EV battery must be fully charged at any charging station and the depot.
In addition, ICVs are not allowed to enter the traffic restricted area. The objective of BRP-
MMFTR is to minimize the total rebalancing cost including the vehicles’ fixed costs and
traveling energy costs, recharging costs for EVs, and carbon emissions for ICVs.
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Figure 1. A schematic example of BRP-MMFTR.

The assumptions related to BRP-MMFTR are given as follows:

• All stations’ demands are known and fixed;
• The traveling energy costs and carbon emissions are only related to the travel distances;
• The loading and unloading time are neglected;
• The residual charge level of the EV grows linearly with the charging time;
• All homogeneous vehicles run at a uniform speed;
• The number of vehicles in the depot and the number of charging piles in each charging

stations are sufficient;

The notations of sets, parameters, and decision variables used in our model are listed
in Table 1.
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Table 1. Description of notations.

Sets Description

0 The depot.
N The set of stations, N = {1, 2, . . . , n}.
A The set of arcs, A = {(i, j)/i, j ∈ N ∪ {0}, i 6= j}.
E The set of charging stations, E = {1, 2, . . . , e}.

K1 The set of ICVs, K1 = {1, 2, . . . , k 1}.
K2 The set of EVs, K2 = {k 1 + 1, k1 + 2, . . . , k2}.
K The set of vehicles, K = K1 ∪ K2.
S The set of auxiliary variables avoiding sub-loops, S ⊆ N.
D The set of stations in restricted area, D ⊆ N.

Parameters Description

Qk The maximal capacity of vehicle k.
Fk The fixed cost of vehicle k.
Ck

ij
The unit energy cost from vertex i to vertex j of vehicle k.

dij The distance from vertex i to vertex j.
R The maximum battery level of EVs.

u1
ik The residual charge of EV k when reaching vertex i.

u2
ik The residual charge of EV k when leaving vertex i.

λ The unit charging rate of EV.
r The unit battery energy consumption of EV.
µ The coefficient of safe-residual-charge level of EV.
tk
e The charging time of EV k at charging station e.

Cw The unit cost of charging time.
L The unit carbon emission of ICV.

CL The unit carbon trade cost.
Gi The bike demand at station i.
gk

ij
The number of bikes loaded when vehicle k is on arc (i, j).

Decision variables Description

xk
ij Binary variable, 1 if vehicle k traverses arc (i, j), and 0, otherwise.

yk
e Binary variable, 1 if vehicle k is charged at charging station e, and 0, otherwise.

3.2. The Total Rebalancing Cost

The total rebalancing cost of BRP-MMFTR include four parts: Vehicles’ fixed costs,
vehicles’ traveling energy costs, EV recharging costs, and ICVs’ carbon emission costs.
The vehicles’ fixed costs and traveling energy costs are the basic components of objectives
in most traditional VRP models. In the objective of our model, the recharging costs reflect
the additional charging time during the operation of EVs, while the carbon emission costs
are related to the greenhouse gas emission of ICVs.

(1) Fixed costs (C1)
The fixed costs of vehicles are the costs of using vehicles for rebalancing operations.

They are different for EVs and ICVs, and the equation of vehicles’ fixed costs in our model
is shown as follows:

C1 = ∑
k∈K

∑
j∈N, j 6=0

xk
0j · F

k (1)

(2) Traveling energy costs (C2)
The traveling energy costs are composed of two types of costs, that is, fuel costs of

ICVs and electricity costs of EVs. Both of them are only associated with the travel distance.
And the equation of vehicles’ traveling energy costs is shown as follows:

C2 = ∑
k∈K

∑
(i,j)∈A,i 6=j

Ck
ij · dij · xk

ij (2)

(3) Recharging costs (C3)
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The travel distance of an EV is limited by its maximum battery level. Hence, it needs
to be charged when its residual charge level lower than the safe residual charge level.
The recharging cost is only related to the charging time. The equation of recharging costs is
shown as follows:

C3 = ∑
k∈K2

∑
e∈E

Cw · t
k
e · y

k
e (3)

(4) Carbon emission costs (C4)
In the process of rebalancing, a large amount of CO2 is generated by ICVs from

their fuel consumptions, resulting in greenhouse effect. By reducing the costs of carbon
emissions, the total rebalancing cost is reduced. The equation of carbon emission costs is
shown as follows:

C4 = ∑
k∈K1

∑
(i,j)∈A,i 6=j

L · CL · dij · x
k
ij (4)

3.3. Model Establishment

The mixed integer programming model for BRP-MMFTR can be written as follows:

min Z = C1 + C2 + C3 + C4 = ∑
k∈K

∑
j∈N,j 6=0

xk
0j · F

k + ∑
k∈K

∑
(i,j)∈A,i 6=j

Ck
ij · dij · xk

ij

+ ∑
k∈K2

∑
e∈E

Cw · tk
e · y

k
e + ∑

k∈K1

∑
(i,j)∈A,i 6=j

L · CL · dij · x
k
ij

(5)

Subject to:
∑

j∈N,j 6=0
xk

0j = ∑
i∈N,i 6=0

xk
i0= 1 ∀ k ∈ K (6)

∑
k∈K

∑
j∈N,j 6=i

xk
ij= 1 ∀ i ∈ N (7)

∑
j∈N,j 6=i

xk
ij − ∑

j∈N,j 6=i

xk
ji= 0 ∀ i ∈ N,∀ k ∈ K (8)

∑
i∈S

∑
j∈S

xk
ij ≤ |S| − 1 ∀ S ⊆ N, |S| ≥ 2 (9)

∑
j∈D,j 6=i

xk
ij= 0 ∀ i ∈ N,∀ j ∈ D,∀ k ∈ K1 (10)

max
{

0, Gi, Gj

}

· xk
ij ≤ gk

ij ≤ min
{

Qk, Qk + Gi, Qk − Gj

}

· xk
ij ∀ i, j ∈ N, i 6= j (11)

∑
k∈K

∑
j∈N,j 6=i

gk
ij − ∑

k∈K
∑

j∈N,j 6=i

gk
ji = Gi ∀ i ∈ N (12)

0 ≤ gk
ij ≤ Qk · xk

ij ∀ i, j ∈ N, i 6= j, ∀ k ∈ K (13)

tk
e = yk

e ·
[(

R− u1
ek

)

/λ
]

∀ k ∈ K2, ∀ e ∈ E (14)

0 ≤ u1
jk ≤ u2

ik − r · dij · x
k
ij + R ·

(

1− xk
ij

)

∀ i, j ∈ N, i 6= j,∀ k ∈ K2 (15)

u1
ik ≥ µ · R ∀ i ∈ N, ∀ k ∈ K2 (16)

u2
0k= R ∀ k ∈ K2 (17)

u2
ek = yk

e · R ∀ k ∈ K2, ∀ e ∈ E (18)

u1
ik = u2

ik ∀ i ∈ N,∀ k ∈ K2 (19)

xk
ij, yk

e = [0, 1] ∀ i ∈ N,∀ j ∈ N,∀ k ∈ K,∀ e ∈ E (20)

Objective function (5) minimizes the total rebalancing cost, including vehicles’ fixed
costs, vehicles’ traveling energy costs, EVs’ recharging costs, and ICVs’ carbon emission
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costs. Constraints (6) ensure that each vehicle starts at the depot and returns to the depot
at the end of its route. Constraints (7) guarantee that each station is served exactly once.
Constraints (8) refer to the usual flow conservation. Constraints (9) can avoid subtours
and thus guarantee route-connectivity. Constraints (10) indicate that ICVs are restricted
from entering the restricted area. Constraints (11) give the upper and lower bounds of the
number of bikes loaded by vehicles. Constraints (12) and (13) ensure that the vehicle’s
maximum capacity is not exceeded. Constraints (14) and (15) are the EVs’ charging
functions and power consumption functions, respectively. Constraints (16) indicate the
safe residual charge constraints of EVs. Constraints (17) and (18) show that EVs are fully
charged when leaving the depot or a charging station. Constraints (19) guarantee the
residual charges of EVs are the same after serving a BSS station. Constraints (20) are the
binary decision variables.

4. Simulated Annealing Algorithm with Variable Neighborhood Structures

Simulated Annealing (SA) is a heuristic method to solve various NP-hard optimization
problems. It can expand the exploration capability by accepting worsen solutions with some
probability. This has benefit to reduce the probability of getting trapped in local optima.
In order to improve the search efficiency and get solutions with higher quality, we introduce
the variable neighborhood structures [32] into the framework of SA, and propose SAVN to
deal with the real-life BRP-MMFTR instances. The procedure and key components of our
algorithm are described in detail below.

4.1. The Procedure of Our Algorithm

Given an initial solution, SAVN starts from the initial temperature T0. During the
search process, the algorithm randomly selects a neighborhood structure to transform the
current solution S into a randomly generated feasible neighbor S′. Note that the cost of a
feasible solution S, namely Z(S), is evaluated with the Equation (5). If the cost of S′ is less
than the cost of S, S′ will definitely be accepted. Otherwise, the acceptance probability of S′

is p = exp
(

−Z(S′)−Z(S)
T

)

, where T is the current temperature. For each T, this process is
performed Len times. Then, T decreases by multiplying the cooling rate α.

Repeating the above processes until the stop criterion is met, that is, the unimproved
number of the best solution so far reaches the pre-specified MaxUN. Furthermore, when
T is less than 0.01, T will increase to help the algorithm escape from the local optima [33].
We double Tb first (but no more than T0) and then set T = Tb. The pseudocode of SAVN is
shown in Algorithm 1.

4.2. Initial Solution Generation

Considering the particularity of BRP-MMFTR, we firstly classify all BSS stations into
two types by region: stations in restricted areas and stations in non-restricted areas. Then a
three-step algorithm is proposed to generate the high-quality initial solution.

Step 1: For stations in the restricted areas, EVs must be employed. We use the insert
algorithm to construct the initial routes for these stations. First, the station with the largest
distance from the depot is selected as the first customer of an EV. Then, if the capacity
constraints are satisfied, the other stations are inserted into the current EV route in turn.
Otherwise, a new EV route will be generated and serve the remainder stations. Repeat this
insertion process until all stations in the restricted areas are serviced.

Step 2: For the stations in non-restricted areas, we first judge whether a station can be
inserted into the existing EV routes. For the stations that can be inserted, we insert them
to the positions with the lowest incremental cost in the existing EV routes. For the other
stations, we employ the same insert algorithm to generate some new ICV routes.

Step 3: Charging stations are allocated to EV routes. If the residual charge level of an
EV is enough, this step can be skipped. Otherwise, when the residual charge level of an EV
is lower than the designated safe-residual-charge level, the nearest charging station will be
inserted into the EV route to increase its mileage.

13
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Algorithm 1 The procedure of SAVN

1

Parameters: S∗ (the best solution so far), T0 (the initial temperature),
Tb (the temperature with which S∗ is found), MaxUN (the maximum
unimproved number of the best solution), Len (maximum number of
iterations at the current temperature), Nk (the neighborhood
structures, k = 1, · · · , kmax), α (the cooling rate)

2 Construct S as an initial solution
3 S∗ = S, T = T0, Tb = T0, count = 0
4 while count < MaxUN
5 for n = 1 to Len

6 Select randomly a neighborhood structure Nk

7 Generate a feasible solution S′ from S with Nk

8 if Z(S′) < Z(S)
9 S = S′

10 else

11 Set S = S′ with probability p = exp
(

−
Z(S′)−Z(S)

T

)

12 end

13 if Z(S) < Z(S∗)
14 S∗ = S, Tb = T, count = 0
15 else

16 count = count + 1
17 end

18 end

19 T = α ∗ T

20 if T < 0.01
21 Tb= min{2∗Tb, T0}, T = Tb

22 end

23 end

24 Return S∗

4.3. Neighborhood Structures

Four neighborhood structures are employed in our algorithm. In the procedure of
SAVN, when a new solution is needed, one of these four structures is randomly selected
with equal probability. As shown in Figure 2, all structures are described by an instance
with 5 stations.

Figure 2. The neighborhood structures.

Neighborhood structure (a): A randomly selected station is relocated to another
position in the current solution.

Neighborhood structure (b): Two randomly selected stations exchange their positions.

14
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Neighborhood structure (c): Two randomly selected segments exchange their posi-
tions, and their lengths are at most 3.

Neighborhood structure (d): A pair of stations is randomly selected and all the stations
between them, including themselves, are reversed.

5. Computational Results

5.1. Parameters and Experimental Data

We have implemented SAVN using MATLAB R2018a, and all computational exper-
iments have been carried on an Intel Core i5-8259U with 2.3 GHz CPU and 8 GB RAM
running the macOS Catalina operating system.

The test instances of BRP-MMFTR are generated randomly. The BSS stations’ co-
ordinates are randomly generated in the range of abscissa [0,200] and ordinate [0,150].
The coordinate range of the traffic restricted area is the abscissa [80,160] and the ordinate
[30,60]. The rebalancing demand of each BSS stations is randomly generated between
[−20,20]. The depot coordinate is (100,75).

Table 2 shows an example instance with one depot, 18 BSS stations and five charging
stations. And Table 3 displays the parameters of EVs and ICVs. The other parameters used
in BRP-MMFTR instances are as follows: R = 75 kW·h, r = 0.5 kW·h/km, µ = 0.3,
λ = 0.5 kW·h/min, Cw = 0.4 CNY/min, CL = 0.06 CNY/kg [34], and L = 5 kg/km.
Through preliminary tests, the parameters of SAVN are set as follows: T0 = 50, α = 0.96,
MaxUN = 50, and Len = n2 (where, n is the number of BSS stations).

5.2. Comparisons of Computational Results

To verify the effectiveness of our SAVN, we compare it with SA and VNS (Vari-
able Neighborhood Search) on the instance depicted above. Note that both SA and VNS
use the same parameters of our SAVN. All the three algorithms were executed 10 times to
weaken the randomness of the heuristic algorithm.

Figure 3 illustrates the vehicle routes obtained by SA, VNS and SAVN, respectively.
The red lines represent the route of the ICV, while the blue lines represent the route of the
EV. It can be observed that the solution obtained by SAVN has fewer detours, which make
the vehicle’s travel distance smaller than those obtained by SA and VNS. Furthermore,
its traveling energy costs, recharging costs and carbon emission costs can be also decreased.

Table 2. Information of the depot, BSS stations and charging stations.

X-Axis Y-Axis Demand Index

Depot 100 75 0 0

BSS stations

86 143 −6 1
75 35 3 2
86 57 6 3
99 36 11 4

132 25 6 5
138 44 −7 6
108 18 −9 7
100 98 −15 8
172 60 6 9
123 55 3 10
110 128 16 11
34 35 8 12

161 112 −14 13
140 103 7 14
191 71 −12 15
76 101 7 16
48 118 5 17
19 65 −4 18

Charging stations

30 66 C1
48 35 C2

126 73 C3
52 101 C4

145 27 C5

15
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Table 3. Parameters of EVs and ICVs.

Vehicle Type Maximum Mileage/km Capacity Fixed Cost/CNY
Traveling Energy
Cost/(CNY·km−1)

EV 150 15 150 0.8
ICV 500 25 200 1.5

Figure 3. Cont.
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Figure 3. Optimal vehicle routes obtained by three algorithms. (a) SA (b) VNS (c) SAVN.

Figure 4 displays the comparison results of these algorithms. The X-coordinate is the
number of iterations and the Y-coordinate is the total rebalancing cost. It can be seen that
the final solution obtained by SAVN is better than SA and VNS, although in the early stage
of the search process, SAVN may be inferior to VNS. This is due to the better optimization
performance of SAVN, which can better escape from the trap of local optima. Hence,
our SAVN can be regarded as an effective algorithm to solve BRP-MMFTR.

Figure 4. Comparison of total rebalancing cost.

Table 4 lists the components of the total rebalancing cost in the BRP-MMFTR optimal
solution obtained by SA, VNS, and SAVN. Obviously, for these three algorithms, SAVN is
the best and SA is the worst for the total rebalancing cost. Although the electricity costs
of EV obtained by SAVN is slightly worse than that of VNS, the fuel cost of ICV has been
drastically reduced. In this way, SAVN’s traveling energy cost is less than VNS, because it
is the sum of the electricity cost of EV and the fuel cost of ICV. Similarly, although SAVN’s
recharging costs is higher than VNS for its EV has a longer travel distance, its carbon
emission costs is lower. For practical BSS operators, SAVN’s solution is significantly better
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than VNS, because it employs EVs to perform more rebalancing operations. As we know,
EVs are environmentally friendly and they will replace ICVs in the near future.

Table 4. Components of the total rebalancing cost in the optimal solution.

Costs/CNY SA VNS SAVN

Fixed cost 350 350 350
Electricity cost of EV1 691 478 546

Fuel cost of ICV2 281 437 227
Recharging cost 571 414 524

Carbon emission cost 56 87 45
Total rebalancing cost 1949 1766 1692

Traveling energy cost is the sum of Electricity cost of EV1 and Fuel cost of ICV2.

5.3. Computational Results of More Instances

To further verify the effectiveness and universality of SAVN, we tested the three
algorithms in further instances. Theywere evaluated by nine test instances (three types,
three instances per type), displayed in Table 5. The three types are small-size (n = 20),
medium-size (n = 50) and large-size (n = 100). The instances are also generated randomly
according to the method introduced in Section 5.1.

Table 5. Nine instances of three types.

Instances
Small-Size Medium-Size Large-Size

1 2 3 4 5 6 7 8 9

n 20 20 20 50 50 50 100 100 100

Depot (100,75)
Abscissa range [0,200]
Ordinate range [0,150]
Demand range [−20,20]

To provide reliable statistics, each algorithm is executed 10 times for each instance.
And the average CPU time (t/s), the average total rebalancing cost (TRC) and the standard
deviation (Sd) are displayed in Table 6. The best values are marked with bold fonts.

Table 6. Comparative results on nine instances.

Instances Stations
SA VNS SAVN

t/s TRC Sd t/s TRC Sd t/s TRC Sd

1 20 6.8 3071 29 8 2721 41 5.5 2669 13
2 20 8.4 2992 18 9.6 2917 33 9.4 2848 6
3 20 4.4 2402 30 7.4 2301 38 6.7 2162 16
4 50 44.6 5625 66 89.5 5220 58 115.6 5093 32
5 50 39.3 5452 58 88.3 4861 35 97.8 4720 31
6 50 32.4 6684 109 90.6 6214 60 66.4 6045 39
7 100 129.2 10733 144 508 9532 154 378.6 9072 63
8 100 185.6 10361 111 540.4 9510 80 394 9299 56
9 100 174.3 9920 105 448.5 8177 72 572.9 8032 13

Small 20 6.5 2821.7 25.6 8.3 2646.3 37.3 7.2 2559.7 11.7
Medium 50 38.8 5920.3 77.7 89.5 5431.7 51 93.3 5286 34

Large 100 163 10351.3 120 499 9073 102 448.5 8801 44

The best values are marked with bold.

From Table 6, we can draw some conclusions as follows: For the average CPU time,
SA has obvious advantages, but its solution quality is the worst. In addition, the calculation
time of SAVN and VNS is difficult to distinguish the pros and cons. For the average
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total rebalancing cost, the solution obtained by SAVN can reduce 9.2% compared to SA
or 3.4% compared to VNS in the small-size instances, 10.7% or 2.7% in the medium-size
instances, and 15% or 3% in the large-size instances. With the number of stations increases,
the solution quality of SAVN is getting better and better. Hence, from the perspective of
solution quality and CPU time, SAVN can obtain a better solution than SA and VNS.

Furthermore, the standard deviation can reflect the stability of the algorithm. And the
smaller the standard deviation is, the better the stability of the algorithm is. From Table
6, it is observed that the standard deviation of SAVN is the smallest in all the instances.
Therefore, SAVN is more stable than the other two algorithms.

5.4. Discussion on the Value of µ

Parameter µ (the coefficient of safe-residual-charge level of EV) directly affects the
charging time and then the recharging costs and the total travel distances. Hence, it is
important to set a suitable value for µ. If the value of µ is set too low, there will be a
probability of failing to drive to the nearest charging station. If the value of µ is set too high,
the EV may frequently go to the charging station, which will cause a waste of energy and
charging time. In this section, the sensitivity analysis of µ is analyzed using the 18-station
instance in Section 5.2. The different values of µ are from 0.15 to 0.5 in increment of 0.05.

The SAVN is run 10 times for each µ and the trends of change with the increase of
µ are illustrated in Figure 5. Obviously, the total rebalancing cost shows a clear trend of
decreasing and then increasing. µ = 0.3 is the point with the lowest total rebalancing cost.
In summary, parameter µ plays an important role in BRP-MMFTR and its value should be
reasonably determined according to the layout of charging station system. If the quantity
of charging stations is sufficient, the value of µ can be appropriately set lower. Otherwise,
it should be set higher. Therefore, setting an appropriate value for µ is helpful to reduce
the total rebalancing cost.

Figure 5. The trend of TRC changes with the increase of µ.

6. Conclusions

As a low-carbon and ecologically sustainable transportation mode, BSS has become a
way to deal with the growing menace of global warming. In this study, we have proposed,
modeled and solved BRP-MMFTR, which is a variant of BRP considering multi-energy
mixed fleets and traffic restrictions. We first formulate BRP-MMFTR as a mixed integer
programming model with the objective of minimizing the total rebalancing cost composed
of vehicles’ fixed costs, vehicles’ traveling energy costs, EVs’ recharging costs, and ICVs’
carbon emission costs. Then SAVN is designed to solve this model, which is the simulated
annealing algorithm enhanced with variable neighborhood structures. To illustrate the
efficiency and efficacy of our algorithm, some test instances of BRP-MMFTR are generated
randomly. The computational results reveal the huge advantage of SAVN, compared with
SA and VNS. SAVN can achieve better solution in terms of solution quality and CPU time,
outperforming those obtained by SA and VNS. In addition, SAVN is more stable than SA
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and VNS. Finally, the sensitivity analysis results of parameter µ indicate that as µ increases,
the total rebalancing cost shows a clear trend of decreasing and then increasing. Therefore,
setting an appropriate value for µ is helpful to reduce the total rebalancing cost. In addition,
the value of µ is not necessarily constant in the practical rebalancing operations, and it can
be dynamically adjusted according to the real-time conditions.

For BSS operators, we provide the optimal vehicle scheduling suggestions for multi-
energy mixed fleets to minimize the total rebalancing cost when bike supply and user
demand are not matched. In addition, we also focus on carbon emissions during the
rebalancing process. BSS is originally a sustainable transportation mode, but if their
operators use ICVs during rebalancing operations, the low-carbon benefits of BSS will be
partially offset by the carbon emissions of ICVs. Therefore, it is obviously beneficial to
create a green and low-carbon sustainable transportation system by using EVs instead of
ICVs. The government should vigorously promote the sustainable development of EVs.
Some policies, such as traffic restrictions on ICVs, can be introduced to encourage the BSS
operators to purchase more EVs to minimize the carbon emissions.

Future research can extend our model and algorithm to solve more complex variants
of BRP-MMFTR, such as considering the impact of average speed and speed variations to
the traveling energy costs. Furthermore, dynamic or stochastic BRP-MMFTR is also a good
research direction.
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Abstract: Bike sharing systems, as one of the complementary modes for public transit networks, are
designed to help travelers in traversing the first/last mile of their trips. Different factors such as
accessibility, availability, and fares influence these systems. The availability of bikes at certain times
and locations is studied under rebalancing problem. The paper proposes a bottom-up cluster-based
model to solve the static rebalancing problem in bike sharing systems. First, the spatial and temporal
patterns of bike sharing trips in the network are investigated. Second, a similarity measure based on
the trips between stations is defined to discover groups of correlated stations, using a hierarchical
agglomerative clustering method. Third, two levels for rebalancing are assumed as intra-clusters
and inter-clusters with the aim of keeping the balance of the network at the beginning of days. The
intra-cluster level keeps the balance of bike distribution inside each cluster, and the inter-cluster level
connects different clusters in order to keep the balance between the clusters. Finally, rebalancing tours
are optimized according to the positive or negative balance at both levels of the intra-clusters and
inter-clusters using a single objective genetic algorithm. The rebalancing problem is modeled as an
optimization problem, which aims to minimize the tour length. The proposed model is implemented
in one week of bike sharing trip data set in Chicago, USA. Outcomes of the model are validated for
two subsequent weekdays. Analyses show that the proposed model can reduce the length of the
rebalancing tour by 30%.

Keywords: bike sharing; rebalancing; clustering; optimization; sustainability

1. Introduction

Quality of service in bike sharing systems is an important operational problem for authorities.
In order to keep the quality of service at a certain level, these systems need rebalancing to compensate
unbalances in the network. The static rebalancing problem is keeping the balance of all stations in
the network at a predetermined level. The process of rebalancing usually is carried out by vehicles.
The vehicles start from the deposit (depot) and deliver bikes to vacant docks at stations or pick up
bikes from overloaded stations; the cost of running this process through the network can be very
high, which is an important issue in the management of bike sharing systems. Therefore, finding a
rebalancing strategy to keep the balance of network with the least possible cost can be an ideal case
for operators.
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Bike sharing systems are one of the effective and environmentally friendly solutions to the
first/last mile problem; they notably reduce motorized trips, air pollution, fuel consumption and
needs for parking spaces [1–7]. Since the last decade, these systems have become one of the main
complementary modes of public transit systems in many urban areas. Different factors such as
accessibility to stations, availability of bikes and vacant docks, and fares influence the effectiveness of
these systems, among which the availability of bikes during the day is one of the most challenging
issues in the designing, operating, and management of these services.

To a large extent, bike sharing systems are used for one-way trips, and such a trend leads to
inappropriate bike distribution in time and space [7,8]. As a result, unmet demand and consequently
user dissatisfaction occur in the system. To minimize the demand dissatisfaction (i.e., maximize usage
and revenue), the redistribution of bikes over stations is required. This redistribution, also called
rebalancing, is implemented by employing vehicles (usually trucks) to collect surplus bikes from
overloaded stations and deliver to bike deficient stations [9]. The efficiency of rebalancing operations
is important to the authorities to ensure that the number of bikes and vacant docks at each station are
periodically restored to predefined target values [8].

Rebalancing of bikes in the network is carried out in two different manners: the user-based
approach, in which users can rebalance a portion of bikes in the system by their daily trips or taking
bonuses for specified trips; and the operator-based approach, where bikes are rebalanced by the
system operators whether in a static or dynamic manner [4,6,8,10,11]. The static rebalancing is carried
out during the night when the demand in the system is insignificant. The dynamic rebalancing is
performed during the day when the system is active by taking into account the real-time usage of
the bike sharing system. The operator-based bike rebalancing problem (BRP) is a Pickup and Delivery

Traveling Salesman. The aim of rebalancing is minimizing unmet demand, minimizing total travel time
and handling costs, minimizing tour length of the vehicles, and minimizing the number of tours.

In contrast to static rebalancing, dynamic rebalancing usually is complex and remarkably
expensive enough not to be utilized in most cases where the system is relatively large in size and
extent. In bike sharing systems, preferably, static rebalancing is performed by the operator only to
rebalance bikes for the morning demand (morning peak). At the other times of day, users handle a
dynamic bike rebalancing in the system. To exemplify, person A moves a bike from station i to station j

at the morning peak-hour. In the evening, person B collects another bike at station j and drops it off at
station k. As a late-night trip, person C picks a bike at station k and returns it back to station i where it
needs a bike back for the morning demand. This trilogy of trips can be expanded to a more complex
case on the whole network.

Ultimately, users’ behavior and trip patterns have significant impacts on the distribution of bikes
over the system and also determine how and how many bikes need to be rebalanced by the operator at
nights. Therefore, the origin-destination (OD) matrix of undertaken trips is one of the main factors that
needs to be considered in the static rebalancing. As a matter of fact, it is important to specify which
stations need to be rebalanced. This will eliminate extra rebalancing tours between stations. In other
words, it demonstrates the share of rebalancing done by users and how much needs to be carried out
by the bike sharing service staff.

This paper proposes a bottom-up spatial cluster-based model to solve the static rebalancing
problem in the bike sharing systems. First, spatial and temporal patterns of bike sharing trips in the
network are investigated. Second, a similarity measure based on the trips between stations is defined
to discover groups of correlated stations, using a hierarchical agglomerative clustering method. Third,
two levels of rebalancing are assumed as intra-clusters and inter-clusters with the aim of keeping the
balance of the network as the beginning of the day. The intra-cluster level keeps the balance of bike
distribution inside each cluster, and the inter-cluster level connects different clusters in order to keep
the balance between the clusters. Finally, rebalancing tours are optimized according to the positive
or negative balance at both levels of intra-clusters and inter-clusters using a single objective genetic
algorithm. The rebalancing problem is modeled as an optimization problem, which aims to minimize
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the tour length. The proposed model is implemented in one week of bike sharing trip data set in
Chicago, USA.

The remainder of this paper is organized as follows. In Section 2, a literature review on bike
rebalancing problem is provided. In Section 3, the mathematical problem definition of the clustering
method, elements of the genetic algorithm for the static bike rebalancing problem, and the data are
stated. In Section 4, the results of the computational experiments are provided. Finally, the concluding
remarks and discussion are presented in Section 5.

2. Literature Review

Bike rebalancing problem is one of the main problems in operating the bike sharing
systems [10,12]. The aim of rebalancing is to specify the number of bikes loading/unloading at
each station and find the optimal truck routes subject to various constraints [7,9,13]. In order to have
an overview on the status quo of the mentioned problem during the recent years, Table 1 gives an
outline of some recent and most contributed studies based on their operation type, mathematical
approach and algorithms, and objectives. The available studies could be divided into two separate
groups as static or dynamic rebalancing problems. Also, choosing between appropriate mathematical
approaches has been another challenge for the researchers. In this section, we investigate recent studies
on both static and dynamic rebalancing problems in order to clearly present the current research gaps.

Most of the studies on bike sharing systems focus on the static bike rebalancing problem by
proposing several optimization algorithms, while a few others are related to dynamic rebalancing by
dividing the problem into some static sub-problems. The difference in the number of publications
is mainly due to the availability of data, complexity, difficulty in managing the varying demand
and setting time slots. In dynamic rebalancing, the vehicle loading/unloading and tours need to be
updated regularly to determine the demand variations from time to time [9]. Most studies on both
static and dynamic rebalancing adopt different objectives including minimizing vehicle travel time and
cost, the tour length, vehicle emission and also minimizing user dissatisfaction and unmet demand.

Table 1. Summary of the rebalancing literature.

Reference Type Mathematical Approach Objective

Dell’Amico et al. [1] Static mixed integer linear programming Minimizing total traveling cost

Cruz et al. [11] Static iterated local search (ILS) Minimizing total traveling cost

Chemla et al. [14] Static integer program Minimizing total traveling cost

Forma et al. [10] Static mixed integer linear programming Minimize unserved users and the
total traveling distance

Liu et al. [15] Static mixed integer linear programming Minimize the total traveling distance

Schuijbroek et al. [16] Static Constraint Programming Optimal vehicle routes

Li et al. [4] Static mixed integer linear programming Minimize the total cost

Alvarez-Valdes et al. [12] Static a heuristic algorithm Minimizing the overall cost of
unsatisfied demands

Pal and Zhang [5] Static mixed integer linear programming Minimize the make-span of the fleet
of rebalancing vehicles

Erdogan et al. [17] Static Exact method Greedy Minimize rebalancing costs

Erdogan et al. [18] Static Exact method integer programming Minimize travel and handling costs

Shui and Szeto [9] Dynamic artificial bee colony algorithm Minimizes the total unmet demand
and the fuel and CO2 emission cost

Zhang et al. [6] Dynamic mixed-integer problem Minimizes the total unmet demand
and route

Caggiani et al. [8] Dynamic Travelling Salesman Problem Minimize cost and maximization of
user satisfaction
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2.1. Static Rebalancing Problem

The static rebalancing problem mostly deals with solving the optimization problem with different
mathematical approaches, which are briefly explained here. Studies in the rebalancing problem are
also could be divided into studies with and without clustering steps.

Chemla et al. [14] proposed a math-heuristic to find a route that minimizes the total traveling
distance. Their algorithm is based on a solution of a relaxation of the problem that is solved by a
branch-and-cut procedure. Dell’Amico et al. [1] presented four mixed integer linear programming with
the objective of minimizing the traveling cost. Their computational time efficiently solves networks
with up to 50 vertices and extends exponentially with the larger networks. With different objective,
Alvarez-Valdes et al. [12] optimized the level of service of bike sharing systems by forecasting the
unsatisfied demand at each station and proposing an algorithm upon the estimated measures. Their
tested procedure on a relatively small network demonstrates to be an extremely fast heuristic algorithm.
Some research consider the problem as 1-Commodity Pickup and Delivery Traveling Salesman Problem
(1-PDTSP) using a single vehicle and allowing multiple visits. Erdogan et al. [18] and Erdogan et al. [17]
present an exact algorithm to minimize rebalancing costs. Pal and Zhang [5] present mixed integer
linear program for solving the static complete rebalancing problem in a free-floating bike sharing
(dock-less) system. Similarly, Li et al. [4] present a mixed-integer linear programming to minimize the
total rebalancing cost for different types of bikes. They proposed a combined hybrid genetic algorithm
in which the hybrid genetic search determines the optimal routes and a greedy heuristic to specify the
loading/unloading number of bikes at stations. Their proposed method is efficient for small-sized
networks. Cruz et al. [11] proposed a hybrid iterated local search (ILS) algorithm. The authors argue
that their heuristic algorithm is capable of finding the optimal solution in 97% of cases compared with
previous work. Therefore, the above-mentioned studies focused on proposing a better mathematical
approach that could solve the real world size problems in an efficient way.

The other studies use clustering method to simplify the rebalancing problem. Schuijbroek et
al. [16] proposed an inventory rebalancing and vehicle routing (cluster-first route-second heuristic) for
polynomial size clustering problem and consider the service level feasibility and approximate routing
cost simultaneously. Also, Dondo and Cerda [13] investigated the multi-depot routing problem with
different time slots and heterogeneous vehicles using a three step heuristic and hybrid. Their approach
aims to divide the problem into small mixed-integer linear programming (MILP) sub-problems by
a heuristic clustering algorithm and then finding the optimize routing (minimum travel costs) for
the multi-depot heterogeneous vehicle routing problem. With the similar approach, Forma et al. [10]
geographically clustered stations and then, the vehicle routing is determined. Similarly, Liu et al. [15]
proposed adaptive capacity constrained K-centers clustering algorithm to solve the mixed integer
nonlinear programming with the objective of minimizing the tour length. Consequently, enriching
the rebalancing problems by using clustering algorithms could successfully deal with the size of the
problem and break it down into smaller problems.

2.2. Dynamic Rebalancing Problem

The main objective of the dynamic rebalancing is to determine the optimal inventory levels that
need to be maintained at each time interval. The challenges, arising in the dynamic rebalancing,
necessitate the dedicated and efficient methodologies [6]. However, considering the complexity of
fully integrating three key components (the user dissatisfaction estimating, the bicycle rebalancing and
the vehicle routing), several partially integrated or sequential solution methodologies of the dynamic
rebalancing are proposed [6], which are investigated in the following.

Regue and Recker [19] proposed a sequential framework. First, the demand forecasting model
and inventory levels model are solved, then redistribution demand is generated and finally, vehicle
routing is calculated. Alongside the optimization of vehicle routing and unmet demand, Shui and
Szeto [9] also consider the environmental aspect as their objective for a dynamic rebalancing problem
to try to minimize the CO2 emission and the associated costs. To handle the varying demand on
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bikes, they used a rolling horizon approach in which the dynamic rebalancing is broken down into
several static rebalancing problems. An enhanced artificial bee colony algorithm and a route truncation
heuristic are jointly used to optimize the route design in each stage, and the loading and unloading
heuristic is used to tackle the loading and unloading sub-problem along the route in each stage. They
show that the shorter stage length, the better is the solution; in addition to computation time, total
unmet demand and the total fuel and CO2 emission cost are higher with a longer stage length [9]. This
reinforces splitting the problem into sub-problems. The smaller problem, the better and faster solution.

Zhang et al. [6] proposed a non-linear time-space network flow-base formulation to fully integrate
three key components of the dynamic rebalandcing (the bicycle rebalancing, the vehicle routing
and user dissatisfaction). They estimated the user dissatisfaction by decomposing the forecasting
period into two sub-periods based on the vehicle arrival time. The experimental results revealed that
significant improvements compared to several benchmark approaches are achieved. On the other
hand, Waserhole and Jost [20] present a dynamic pricing mechanism that forces a balanced demand
and hence saves the need for rebalancing altogether. However, such an approach clearly comes at
the cost of reducing the level of service provided to the users of the system but nevertheless seems
the only viable alternative to balancing a car sharing system where rebalancing is too expensive.
Contardo et al. [21] proposed methodologies based on a time-space network, in which the estimation
of the user dissatisfaction is simplified and consequently the estimation accuracy is sacrificed.

User satisfaction becomes crucial for free-floating bike sharing system and the dynamic
rebalancing makes the problem more complicated. In order to reduce the complexity, Caggiani
et al. [22] and Caggiani et al. [8] propose a dynamic clustering method in constant time gaps. After the
spatio-temporal correlation pattern of different zones in a city, a decision support system is developed
to achieve a high degree of user satisfaction and keep the costs of rebalancing operations as low as
possible Therefore, the studies in the dynamic rebalancing problem have focused on different heuristic
optimization methods to solve the problems in both spatial and temporal dimensions.

In conclusion, bike sharing rebalancing problem has attracted the interest of many researchers in
recent years. A large portion of studies focuses on solving the optimization problem itself without
considering users’ behavior and their role in the rebalancing problem. Also, most studies conduct
experiments on relatively small networks and the literature mostly simplifies and surveys the network
as a vector graph. Few studies use clustering in order to reduce the complexity of large-scale
optimization problem [8,10,13,15,23], while what is not considered in the most rebalancing studies is
the users’ behavior in bike sharing systems. Users’ behavior is the result of the inherent interactions
between demand and supply. Availability of bikes (supply) alongside the distance and the geographical
terrains affect the users’ behavior and consequently the demand for bikes and docks. Clustering the
network by considering trips between stations makes the analysis of the network simpler and more
efficient and also as it will be discussed in followings, it eliminates unnecessary tours.

3. Methodology

The state-of-the-art bike sharing systems mostly deals with the rebalancing problem. In the static
rebalancing problems, the aforementioned studies in the literature try to simplify the rebalancing into
an optimization problem and provide the best possible solution for that, while the effect of users’ trips
has been neglected. To overcome the research gap, this paper proposes a bottom-up cluster-based
model with the aim of:

• Considering the users’ behavior in the network and determining the user-based
rebalancing portion;

• Clustering the stations needed to be rebalanced;
• Minimizing the rebalancing tour length (cost);
• Implementing in a real scale case study.
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After clustering the stations, trips are divided into two different categories namely intra-clusters
and inter-clusters. Intra-cluster trips are those occurring within a cluster, and inter-cluster trips refer
to those occurring between two clusters. These trips unbalance the distribution of bikes inside and
outside of each cluster and need to be rebalanced again. This rebalancing takes place in part through
users activities and in part by a rebalancing vehicle. Therefore, it is necessary to determine the share of
user-based rebalancing to specify the volume of bikes need to be rebalanced by the operator. Similar
to trips, the rebalancing operations need to be done via inter-clusters and intra-clusters. A static
rebalancing operation with a single vehicle of a specific capacity is assumed. The vehicle is allowed
to visit a station multiple times in one tour. Also, the vehicle sets off from a deposit with some bikes
and returns to the deposit with the same number of bikes at the final stage. This number of bikes is
determined at the inter-cluster rebalancing optimization. The implemented procedure for rebalancing
is summarized in Figure 1.

Deposit

Inter-cluster rebalancing

Intra-cluster rebalancing

Stations need rebalancing

Stations need no rebalancing

First Cluster 

Last Cluster 

Middle Cluster(s) 

Figure 1. Rebalancing schematic scheme.

The goal of the rebalancing is keeping the balance of every single station at the predetermined
level (initial balance). The initial status is computed by the data set of bike sharing transactions. The
static rebalancing problem would be solved for each cluster in order to rebalance the stations in each
cluster. Rebalancing each cluster would lead to a positive or negative balance for the whole cluster
which is compensated by connecting that cluster with other clusters in the next steps. A genetic
optimization algorithm is used to solve the rebalancing since it has positive performance in solving
the routing problems in the literature [1,8,9]. As the remainder of this section, Section 3.1 displays the
deployed notation and describes the problem and decision variables; Section 3.2 discusses the solution
approach; and in Section 3.3 the case study and its characteristics are explained.
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3.1. Notation

For clarity, the following describes the mathematical symbols adopted throughout the paper. They
are notated into three main categories: indices, problem parameters, and decision variables.

• Indices

i: id of stations

j: id of vehicles
• Problem parameters

I: set of id of all stations in the network

IBIi: Number of entering bikes into the station i

OBIi: Number of exiting bikes from the station i

Bi: Balance of the station i at the end of the day; Bi = IBIi − OBIi

Capj: Capacity of the vehicle
• Decision variables

T: Tour for the vehicle; T = S1, ∆B1, S2, ∆B2,. . . , Sm, ∆Bm

∆Bm: Number of bikes delivered or picked up to/from m-th station

Sm: id of the m-th station

The bike sharing network consists of number of stations, which contain docks that can be either
occupied or vacant. During a day, a number of bikes enter or exit the stations by users, which lead to
unbalance of stations at the end of the day. The difference between entering and exiting bikes for each
station is considered as the balance of the station, which needs to be zero. In some stations, users keep
the balance of the station as zero at the end of the day (which is notified as user-based rebalancing in
this study); however, some other stations need to be rebalanced to zero by the vehicles. The authorities
usually use vehicle(s) with specific capacity, to deliver/pick up the bikes in/out the stations in order
to balance the network. The number of bikes on the vehicle at the beginning of the tour can be zero or
a positive number of bikes inside the vehicle.

The cost of running the vehicles to rebalance the stations is a challenging issue for the authorities
and needs to be as minimum as possible. The cost of rebalancing operation depends on many factors,
among which the cost is heavily impacted by two factors as the number of vehicles and mileage. Hence,
the decision variables are tours of the vehicle that rebalance the network. Every tour includes ID of the
station and number of bikes that are needed to be loaded/unloaded (deliver/pick up) from specific
stations. The objective function and constraints for the static rebalancing problem are presented in
the following Equations (1)–(6); where D stands for the network distance between two stations in the
network; m is the number of stations in the tour; and abs stands for the absolute values.

• Objective function

Min
m−1

∑
i=1

D(Si, Si+1) (1)

• Constraints

∆Bm ≤ Cap (2)

Capj ≥ 0 (3)

abs(∆Bm) ≤ abs(Bm) (4)
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∆Bm × Bm < 0 (5)

∆Bm + Bm = 0 : i ∈ I (6)

The objective function is minimizing the total network distance that a vehicle needs to traverse
in order to rebalance all the stations. Equation (1) presents the total network distance that is the
summation of the distances between every subsequent station in the tour. Also, there are five
constraints. Equation (2) presents the number of moved bikes between stations and must be less
or equal to the capacity of the vehicle. Equation (3) guarantees that the capacity of the vehicle cannot
be a negative number. Equation (4) presents that the number of delivered/picked up bikes at every
station cannot be greater than the balance of that station. Equation (5) ensures that the vehicle always
helps to rebalance the station, not to strike the balance more; for example, if the balance of a station is
negative then the vehicle can only deliver bikes to the station (not make it more negative). Equation (6)
guarantees that the balance of every station in the network should be zero at the end of the tour.

3.2. Solution Approach

This section describes the proposed approach for solving the static rebalancing problem.
The proposed approach begins with deriving the OD matrix between the stations in the network
from the data set of bike sharing transactions. Then, stations are clustered according to the number
of trips between them. Next, one OD matrix is reconstructed for each discovered cluster from the
previous step. The static rebalancing problem is solved for each cluster in order to rebalance the
stations in each cluster (intra-cluster level). Rebalancing each cluster would lead to a positive or
negative balance for the whole cluster, which is compensated by connecting that cluster with other
clusters in the next steps (inter-cluster level). An OD matrix is calculated by trips between the clusters,
which actually focuses on the number of bikes trading by users between the clusters besides bikes
from the first level (intra-cluster level) of rebalancing. Figure 2 presents the proposed approach to
solving the rebalancing problem.

Bike Sharing 

Dataset

Reconstruct OD Matrix 

For all stations
Clustering stations

Reconstruct OD Matrix 

for each cluster

Solve the static 

rebalancing problem for 

each cluster

Solve the static 

rebalancing problem 

clusters

Reconstruct OD 

MatrixBetween clusters

Phase 0: Clustering the Network 

Phase 1: Intra-cluster Level 

Phase 2: Inter cluster level

Figure 2. Solution approach.

The bike sharing data set include trips of users. Every trip has a unique ID. Every trip occurs
between two stations as the origin and destination. Also, time for starting and ending the trip is
included in the data set. It should be noted that the data sets usually need a clarification process in
the case of missing data or unreasonable trip length or duration. Every station in the network has a
unique ID that helps to reconstruct the OD matrix. Every cell in the OD matrix shows the number
of trips between two stations considering the direction of the trip. Figure 3 presents an example for
the data set and the derived OD matrix for five stations in the network; this example shows 17 trips
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between 5 stations in the network; and the derived OD matrix from these trips between these stations
is presented at the right hand-side of the figure.

trip_id start_time end_time tripduration from_station_id to_station_id

13550373 4/4/2017 23:26 4/4/2017 23:40 867 9 9

13549223 4/4/2017 19:11 4/4/2017 19:31 1182 4 4

13549015 4/4/2017 18:52 4/4/2017 19:14 1298 3 3

13548817 4/4/2017 18:34 4/4/2017 18:52 1071 6 3

13548299 4/4/2017 17:59 4/4/2017 18:24 1535 4 6

13548272 4/4/2017 17:58 4/4/2017 18:24 1599 4 6 OD 3 4 6 7 9

13546231 4/4/2017 16:20 4/4/2017 17:18 3483 4 4 3 3 0 0 0 0

13546228 4/4/2017 16:20 4/4/2017 17:18 3499 4 4 4 1 5 2 1 0

13546225 4/4/2017 16:20 4/4/2017 17:18 3503 4 4 6 2 2 0 0 0

13545825 4/4/2017 15:46 4/4/2017 15:57 695 6 3 7 0 0 0 0 0

13545570 4/4/2017 15:17 4/4/2017 15:34 999 4 4 9 0 0 0 0 1

13545519 4/4/2017 15:10 4/4/2017 15:17 375 4 3

13545098 4/4/2017 14:08 4/4/2017 14:23 894 4 7

13544607 4/4/2017 12:40 4/4/2017 13:04 1435 3 3

13544602 4/4/2017 12:40 4/4/2017 13:04 1468 3 3

13543314 4/4/2017 9:13 4/4/2017 9:37 1437 6 4

13543312 4/4/2017 9:13 4/4/2017 9:37 1448 6 4

Figure 3. An example for the bike sharing data set and origin-destination (OD) matrix.

The generated OD matrix for all stations in the network is used to cluster the stations. The
similarity measure here is the number of trips between the stations. This paper utilizes the
agglomerative hierarchical clustering algorithm using the Ward method that minimizes the total
within-cluster variance. While the agglomerative hierarchical clustering algorithm can be implemented
with various methods such as Single, Average, Complete and Ward, the Ward method is chosen according
to the results of comparing these methods by [24]. It is chosen because it does not need to determine
the number of clusters and is flexible with different similarity measures. It begins at the bottom where
each object has its own cluster and merges them till all the objects form one cluster at the top. The
result of the hierarchical agglomerative clustering is a dendrogram that shows how the objects are
merged at each step [25]. According to the shape of the dendrograms and the Silhouette information
[25], the dendrogram can be cut at a proper level. The Silhouette information refers to a method of
interpretation and validation of consistency within clusters of data [26]. The initial cluster distances in
Ward’s minimum variance method are defined to be the squared Euclidean distance between points,
which are shown in Equation (7), in which dq p stands for the squared Euclidean distance between
two stations q and p [27]. Clustering the stations helps to discover groups of stations that have most
interactions (trips) together. An obvious benefit of clustering is dividing the problem into several
sub-problems that are computationally easier to solve.

dqp = d(Xq, Xp) =‖ Xq − Xp ‖
2 (7)

After discovering the clusters of the stations, the static rebalancing problem is solved for each
single cluster in the network. The intra-cluster rebalancing problem just focuses on the imbalances
that are caused by trips inside the clusters. Intra-cluster rebalancing aims at rebalancing the stations
inside each cluster. However, trips between different clusters are unavoidable and must be considered
as total positive or negative balance of the cluster, which is addressed at the next level (inter-cluster)
rebalancing. The static rebalancing problem is solved for each cluster. The problem is a single objective
optimization problem that can be solved, according to the size and complexity of the problem, with a
variety of deterministic or heuristic algorithms. The utilized optimization algorithm in this study is
the genetic optimization algorithm since it has positive performances in solving the routing problems
in the literature [1,8,9].
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The next step after the intra-cluster rebalancing is the inter-cluster rebalancing that focuses on
trips between clusters and results from the previous step of the rebalancing. Similar to the intra-cluster
level, an OD matrix is generated between all trips that have occurred between clusters; origin and
destination of trips are not from the same cluster. Also, the static rebalancing problem at inter-cluster
level is solved with a similar genetic algorithm as for the previous step.

The genetic algorithm is an evolutionary heuristic optimization one that produces a solution set
resembling chromosomes of a population generation in biologic terms. Every chromosome consists
of independent units called genes, which are in fact the components of the solution. This algorithm
starts with an initialization step, in which the initial population of solutions is generated based on the
constraints in the problems. Also, population size, cross over and mutation rates need to be set in the
initialization level [28]. The primary steps of the main loop of the genetic algorithm are presented in
Figure 4.

Solutions generation (i)

Parents selection (Roulette Wheel)

Cross-over 

Mutation

Solutions generation (i+1)

Figure 4. The genetic algorithm main steps.

Figure 5 shows a simple visualization for two chromosomes representing two possible tours with
assumed length values (these values are for demonstration purposes only), cross-over and mutation
operators between these two chromosomes. Each chromosome consists of separated cells, odd cells
represent the ID of the stations, and even cells represent number of bikes for the rebalancing. The first
two chromosomes are chosen for the cross-over and attached from station B. Also, the produced child
from the cross-over is mutated into a new chromosome with a different tour length. Finally, ranking of
these four chromosomes (regarding the tour length values) are presented that shows one of the parents
(chromosome 2) is at the bottom of the ranking.

Cross-over Child of chromosomes 1 & 2 with the length of 8km 

Mutation Mutated of child chromosome with the length of 11km 

A +4 C -3 E +2 H -3 F +5 B -5

F +5 B -5 E +2 A +4 C -3 H -3

Operators

1. Chromosome 1

2. Child

3. Mutated

4. Chromosome 2

Rank

Chromosome 1 with the length of 10km 

Chromosome 2 with the length of 12km

A +4 C -3 E +2 H -3 F +5 B -5

F +5 B -5 E +2 A +4 C -3 H -3

Chromosomes

Figure 5. The genetic algorithm illustration.
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Algorithms 1–4 present the pseudo code for implementing the genetic algorithm in the static
rebalancing problem.

Algorithm 1: Genetic algorithm framework for the static rebalancing problem
Data: OD matrix
Result: tours

1 p← population size;
2 gen← maximum number of generations;
3 cr ← cross over rate;
4 mu← mutation rate ;
5 P← Initialize-Population ();
6 mutated←Mutation (mut);
7 for i = 1 : gen do

8 rank the solutions;
9 parents← select (cr× p) solutions using Roulette Wheel method;

10 children← Cross-over (parents);
11 add children to the solutions;
12 mut← select (mu× p) solutions;
13 mutated←Mutation (mut);
14 add mutated to the solutions;
15 rank the solutions;
16 eliminate ((cr + mu)× p)) of the worst solutions (highest cost);

Algorithm 2: Initialize-Population function

1 tour ← ∅;
2 while tour does not meet the constraints do

3 randomly choose stations;
4 randomly choose numbers of bikes;
5 add stations and number of bikes to the tour;

6 return tour;

Algorithm 3: Cross-over function

1 while child tour does not meet the constraints do

2 randomly cut parent tours;
3 child← attach cut parents;

4 return child;

Algorithm 4: Mutation function

1 while mutated tour does not meet the constraints do

2 randomly choose number of stations in the selected tours;
3 mutated← replace the chosen stations with random stations;

4 return mutated;
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3.3. Data

In order to evaluate the proposed rebalancing model, the data set from the Chicago bike sharing
network called Divvy is selected in this study. The reason is twofold; first, Divvy is one of the biggest
station-based bike sharing systems in the world which operates approximately 5800 bikes over 582
stations in the City of Chicago, USA; second, the data set is available online which enables researchers
to compare their methods with the current approach with the same data. The trips’ data set and
stations’ characteristics are available since 2013. Each trip occurs between two unique stations or
similar stations (circle trips) with specific start and end times. Each station is identified with a unique
ID. Also, the capacity of stations and their commencing dates are mentioned in the data set.

The second quarter of 2017 is selected for the primary network analysis. This period is the
warm season in Chicago and is expected to have more bike trips compare to other seasons. Also, the
proposed model is implemented for the second week of May 2017, when no specific weather condition
was reported.

4. Results

In this study, first, a bottom-up clustering model is developed to cluster the stations and then
divides the problem into two different levels. In the end, by using a single objective genetic algorithm,
the objective function is to minimize the rebalancing vehicle’ travel. In this section, after the primary
analysis of the network, the temporal and spatial characteristics of the case study are studied. Then,
the result of implementing the clustering method is discussed, followed by the rebalancing at two
intra-cluster and inter-cluster levels. In the last part, the implemented method is validated by
examining two different scenarios.

4.1. Primary Network Analysis

The distances between stations (density) in a bike sharing network, topographical and weather
conditions affect the number of trips taken in the network. The primary analysis on the mentioned
network data set demonstrates that first of all, the number of trips for Monday to Thursday is different
from Friday to Sunday. Also, unexpected up and downs are seen in the diagram, which is examined
with temperature and rainfall in Figure 6. A significant correlation exists between the overall average
temperatures, and also a significant inverse relation between rainfall and number of trips is clear in
the diagram.
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Figure 6. Weather condition vs. number of trips.

4.2. Temporal and Spatial Analysis

Temporal dimension of the trips can be summarized into two elements: start-end time and
duration of trips. Results imply that the weekday patterns are similar and also weekends follow a
unique pattern. The first two columns of Figure 7 presents the density plots of start-end time and trip
duration for the second week of May 2017. Start and end time are mostly overlapped in the charts
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which is because of short durations. For Monday to Friday, there are clearly two peaks for morning
and evening. Saturday and Sunday have one flat peak diagram. This difference can be originated from
working days and the morning and evening demand of the facility. Trip durations for all weekdays
and weekends present a one peak pattern around a 20-min travel time. This can be related to users’
preferences and convenient biking duration which of course reinforce the result from Figure 8.
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Figure 7. Temporal and spatial analysis of one week.
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The frequency of trips over the network is studied. Results demonstrate that the most frequent
origins and destinations of trips during the weekdays are different from weekends. On weekdays, the
top five most frequent trips start from and end at central business district (CBD) while at weekends,
trips mostly originate and destinate to coastal edges of Chicago. The Origin and Destination column of
Figure 7 demonstrate the relative frequency trips on the map.

Another element of spatial analysis could be the length of trips occurring in the network. Results
show that the density of trips’ length is similar for the three months. The length of each trip is
calculated based on network distance between the associated origin and destination. The density of
travel length for June, which has the most number of trips, is illustrated in Figure 8. The result implies
that about 80% of trips biked less than 3.5 km. Furthermore, with the increase in distance, the number
of trips decreases exponentially. It is due to the users’ preferences and convenient distance users are
willing to bike. Also, no surprisingly, topological and topographical conditions and bike lane existence
are important factors on number of trips and trips’ length since Chicago is relatively a flat city and
currently has more than 200 miles (320 km) of on-street protected, buffered and shared bike lanes.
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4.3. Clustering

By using the hierarchical agglomerative clustering method, the 582 stations in the Divvy bike
sharing network are categorized into 13 clusters based on the OD matrix of the second week of May
2017. Although these clusters are different in size and distribution but mostly resemble each other and
are scattered similarly through the network area. Clusters for each day are demonstrated in Figure 9.
Cluster 2 (denoted as C2) is the largest cluster that has about 130 stations demonstrating a uniform
distribution of trips among the center of Chicago. Also, there are 3 coastal clusters grouped in upper,
middle and lower bounds of the coastal rim. Cluster 13 and Cluster 1 are showing two of Chicago’s
suburbs. It can be deduced that these clusters indicate 13 different districts (zones) in terms of number
of trips, reflecting the underlying topographical layer of the Chicago city.
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Figure 9. Clusters.

4.4. Rebalancing

Two levels, namely intra-cluster and inter-cluster are defined for rebalancing the bike sharing
network. This is a bottom-up process in which rebalancing strategy begins from the lowest level of
the network, which is trips and stations (i.e., OD matrix) to more aggregates level including clusters.
Different values for population (5, 10, 30, 50, 75 and 100), cross over rate (10%, 30%, 60%, 70% and
80%), mutation rate (5%, 10%, 20%, 40% and 60%) are examined by running the algorithm 10 times
for each specifications. Results of the sensitivity analysis indicate that population size of 50, cross
over rate of 70% and mutation rate of 10% gives the best value of the objective function at the fewest
number of iterations. Also, the maximum number of iterations is set to 10,000 (while the sensitivity
analyses show that the algorithm is converged around the 100th iteration) for decreasing the chance of
early convergence due to potential redundant solutions among the population. The higher number of
the maximum iterations besides mutation and cross-over at each iteration produce new solutions that
could compete with the existing solutions. The rebalancing process is carried out for one week (8–14
May) which is discussed as follows:

4.4.1. Intra-Cluster

After clustering the network and dividing it into 13 groups, the next step is determining which
stations need to be rebalanced at each cluster and to specify the number of bikes needing to be
loaded/unloaded at each station. Then, these bike deficiencies and the distance between them lead to
the rebalancing scheme (i.e., tour route) at the intra-cluster level. Table 2 demonstrates the average
number of stations needing to be rebalanced in the mentioned week which are visited in a rebalancing
tour and also the number of stations satisfying the morning demand without a rebalancing tour. This
is due to the user activity and shows the user-based rebalancing occurred in the bike sharing network.
Cluster 2 has the highest number of stations which are scattered widely in the network. Among 135
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stations on average, only 23 stations (17 percent) need to be rebalanced. It reinforces the fact that
clustering by OD trips reduces the average tour length in proportion to the number of stations.

Table 2. Clusters rebalancing result.

Clusters Visited Stations Not-Visited Stations Tour (km)

C1 19 11 33
C2 23 112 113
C3 23 3 24
C4 41 5 49
C5 37 4 47
C6 45 10 93
C7 45 8 82
C8 29 6 35
C9 52 6 82
C10 25 6 38
C11 25 7 46
C12 19 7 29
C13 9 5 8

Figure 10 shows the number of bikes loaded or unloaded at stations of each cluster. Similar
patterns are observable for each day. Clusters 4, 5 and 9, which are mid-size clusters in terms of the
number of stations, have the highest bike relocating among other clusters.
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Figure 10. Bikes loaded/unloaded at each cluster.

Table 3 indicates the percent of stations visited, the number of bikes loaded/unloaded in a
rebalancing tour and the tour length for each day. It can be realized that about 30 percent of stations
do not have any bike deficiency. This is due to the user-based rebalancing that occurred in the network
during the day. It can be concluded that the user-based portion of bike rebalancing in a bike sharing
network is significant and has two important effects on the network rebalancing. First, it eliminates
extra tours for rebalancing bikes over the bike sharing network. Second, it reduces the number of
stations that need to be considered in a rebalancing process and consequently solving the problem
becomes easier and much faster.

Table 3. Intra-Cluster rebalance tours.

Day % Visited Total Bikes Loaded/Unloaded Tour (Km)

Monday 67 659 676
Tuesday 66 631 648

Wednesday 64 684 619
Thursday 70 724 720

Friday 68 751 727
Saturday 68 829 679
Sunday 68 883 689
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4.4.2. Inter-Cluster

Inter-cluster trips lead to an unbalanced distribution of bikes over clusters. Cluster bike deficiency
means the number of bikes that need to be entered to or taken out of each cluster. After determining
the bike deficiency for each cluster, which is derived from the intra-cluster rebalancing level, the
rebalancing tour will be calculated between clusters. Table 4 demonstrates the bike deficiency for each
cluster for a week. It can be concluded that the grand total (cumulative sum) of bike deficiency is equal
to zero since the overall system is balanced (unless a bike is broken or stolen). The significant result
is the number of clusters with the zero deficiency which implies that they do not need inter-cluster
rebalancing (as result of the clustering). This reinforces the fact that inward and outward trips to
those clusters are equal and not leading to unbalances. Therefore, these clusters are reducing the total
rebalancing tour length significantly as they do not attend in inter-cluster rebalancing process.

Table 4. Inter-cluster bike deficiency.

Day C1 C2 C3 C4 C5 C6 C7 C8 C9 C10 C11 C12 C13 Tour (Km)

Sunday 0 0 0 2 13 0 0 0 −21 7 0 −1 0 28
Monday 1 4 −4 0 17 −1 0 0 −14 −3 0 0 0 46
Tuesday 0 0 −2 3 10 1 0 −1 −11 0 0 0 0 14

Wednesday 1 0 −2 1 5 −1 0 0 −6 2 0 0 0 19
Thursday 0 0 0 1 4 1 0 0 −6 −5 0 5 0 32

Friday 0 −1 −4 5 25 −1 0 0 −25 4 0 −3 0 40
Saturday 0 −1 0 1 37 3 0 −2 −41 5 0 −2 0 46

Figure 11 depicts the bike unbalances among clusters for a week. It demonstrates the portion of
clusters which need (or do not need) to be balanced. Among clusters needing to be balanced, there is a
logical trend for setting up a rebalance tour as the extra bikes at a cluster could compensate the other
cluster needs. As can be seen from Figure 11, cluster 9 can compensate cluster 5 deficiency (clusters 9
and 5 are geographically close to each other according to Figure 9) since only these two clusters have
significant bike unbalances. Besides, it can be concluded that the trends for bike loading/unloading
has a similar pattern which could be predicted for other weeks.
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Figure 11. Clusters bike unbalances.

After determining bike unbalances at each cluster, the last step is to determine the routes between
the clusters. Figure 12 demonstrates the rebalancing process for Monday. Clusters 4, 7, 8, 11, 12 and 13
have no deficiency at the inter-cluster level, therefore the rebalancing vehicle would not visit these
clusters. It is worth mentioning that these clusters only need rebalancing at the intra-cluster level.

The rebalancing objective is to find a least-cost route that meets the demand of all stations and
does not violate the minimum (zero) and maximum (vehicle capacity) load limits along the tour. Bikes
loaded and unloaded at each stop determine the number of bikes at the beginning and end of each
tour. Figure 13 plots the number of bikes on the vehicle for the inter-cluster rebalancing tour. It shows
that the rebalancing vehicle sets off with 26 bikes from the deposit, visits 221 stations and finally goes
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back with the 26 bikes (the initial amount) to the deposit. As can be seen the number of bikes inside
the truck are in the capacity range of the truck and does not violate the lower and upper bounds.

Inter-cluster rebalancing

Intra-cluster rebalancing

Cluster

Deposit

C 4

C 1 C 2 C 3

C 9

C 6C 5C 10

C 7 C 8

C 11 C 12 C 13

C 

Figure 12. Inter-cluster rebalancing.
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4.5. Validation

One of the main purposes of rebalancing is to supply users’ demand for bikes and vacant docks at
each station. In order to evaluate the model efficiency, the model is run for two scenarios. Scenario I is
independently implementing the model for Tuesday and conducting the rebalancing process based on
the transactions for Tuesday in the data set. In Scenario I I, rebalancing the network for the day before,
that is, Monday is carried out first and then with the gained results, the model is implemented for
rebalancing Tuesday. Table 5 shows the tour lengths in kilometer for all clusters both for scenario I and
scenario II. Length of tours for all clusters is decreased by switching to the second scenario. Results
indicate the proposed model can reduce the length of the total rebalancing tour length by 30%.

Table 5. Tour length before/after validation.

Cluster Scenario I Scenario II

C1 31 21
C2 75 50
C3 26 23
C4 51 35
C5 50 35
C6 96 61
C7 88 68
C8 40 27
C9 80 57
C10 32 22
C11 53 32
C12 19 17
C13 8 8

Total (km) 648 456
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5. Discussion and Conclusions

From the operational viewpoint of bike sharing systems, one of the challenges is to keep the
balance of bikes which are scattered in an unbalanced way over the stations due to the users’ one-way
daily trips. In order to keep providing service to users, operators try to rebalance bikes either once a
day (i.e., static rebalancing) or many times a day (i.e., dynamic rebalancing). Finding a rebalancing
strategy with the least possible cost (including operation, maintenance and environmental cost) is
pivotal in the success of bike sharing systems.

In the literature, most of the studies deal with the static rebalancing problem [1,4,5,10,11,14,15,17].
The reason is three-fold. First, the dynamic rebalancing is expensive and as a result, most companies
perform the static rebalancing in real cases. Second, the density of morning peak trips is usually more
than the evening peak in most weekdays which reinforces the rationale to keep the network balance
for the morning peak (static operations). Third, the dynamic rebalancing is the complex form of the
static problem where the demand is varying and eventually can be converted into sub static problems
for different time slots. For these reasons, it could be argued that static rebalancing still has its own
currency both in literature and for operating companies.

Studies focusing on the static rebalancing problem, approach the optimization problem itself
mathematically and consider it as a Pickup and Delivery Traveling Salesman problem [18] with
different objective functions (from minimizing the general costs to maximizing the user satisfaction).
Despite the rich optimization solutions in recent work, from a transportation point of view, there is less
effort in considering the users’ behavior in the network and determining the user-based rebalancing
itself. This could be effectively carried out today with the availability of data.

To overcome the state of the art, this paper proposes a bottom-up clustering model to solve the
static rebalancing problem. The aim of clustering is turning the problem into small size sub-problems.
This has two advantages. First, it is easier to perform rebalancing on a small scale rather than the whole
network. Second, the computational cost of optimizing hundreds of stations (the case of Chicago with
582 stations for example) would be significantly large [11,17] and clustering lightens the computational
process. In the first step, the spatial analysis is done by the hierarchical agglomerative clustering
method and a similarity measure based on OD trips. Then, stations are divided into separated clusters.
In the second step, two rebalancing levels namely inter-cluster and intra-cluster are defined, where
trips and rebalancing take place inside and outside the clusters.

Our method is quite different from typical clustering approaches. Unlike geographically clustered
stations in previous studies, by clustering stations based on the OD trips, each cluster contains high
intra-cluster trips. This gives a holistic perspective of how trips are concentrated between stations in
the network and enables a new approach of rebalancing scheme. It is worth mentioning that with
this method, no correlation has been found between the clusters and city functions. The reason is that
clusters are defined by all day transactions as the static rebalancing occurs at the end of the day. The
spatio-temporal analysis may reveal the inter-correlation between trips, activities and land use. This
type of analysis is useful for dynamic rebalancing problems [8].

Finally, the rebalancing problem is modeled into tour finding problems using a single objective
genetic algorithm at two different levels (inter and intra-cluster). The primary aim of the operators is
to satisfy the demand and minimize the rebalancing costs (in terms of vehicle traveled distance) which
both are addressed in this paper by balancing the number of bikes at each station to a predefined target
value (enough vacant docks and bikes for the next morning demand) and setting the objective function
to minimize the total tour length.

The proposed model is implemented in the Chicago bike sharing network. It is possible to
enhance the efficiency of rebalancing by means of a clustering method. This conclusion is supported
by Table 5 where the rebalancing of the network for one day has positive effects on a subsequent day.
Results show a decrease in the length of tours for almost all clusters and the total tour length drops
approximately by 30%. This illustrates the capability of the model to eliminate the extra tours and to
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reduce the length of the rebalancing tours significantly, which is ultimately a direct cost to the operator
and indirect cost to the sustainable bike sharing systems.

Furthermore, in a large scale system, the rebalancing operation is difficult, expensive and needs
an appropriate strategy. It has been observed that only a portion of stations (ranges from 64 to 70%
in Table 3) needs rebalancing and roughly 33% of stations do not attend in the rebalancing process
(which shows the users’ role in rebalancing). In order to cope with the rebalancing problem in a large
scale, using our proposed model would have two suggestions for the practitioners: (1) Inter-cluster
rebalancing is not necessary due to the small number of deficiency outside the clusters. (2) Incentives
could be arranged to encourage riders returning bikes to certain stations that would help with
decreasing the intra-cluster rebalancing costs.

In the end, considering the network topology and available data of the case study, it would be
possible to reduce the rebalancing tours, providing the operators with beneficial interventions on the
system such as giving incentives or limiting the inter-cluster rebalancing. The future research may
focus on optimization models with more details to solve the rebalancing problem in terms of one
visit per station, the number of vehicles and rebalancing staff. Also, the effects of different clustering
algorithms, considering both spatial and temporal dimensions [29], should be investigated on the
outcome of the proposed model.
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Abstract: Free-floating bicycle-sharing systems are an important component of sustainable transport.
China’s bicycle-sharing schemes have experienced ups and downs in the past three years, and there
are a lot of related studies, but there are relatively few studies on the causes of disorderly parking of
shared bikes. In this study, an open questionnaire is used to widely collect the causes of the disorderly
parking of shared bicycles from users. Through factor analysis, six factors and 32 criteria for the
causes of disorderly parking are constructed. Factor 1 ‘supervision and management of enterprises’;
factor 2 ‘supervision and management of users’; factor 3 ‘parking space’; factor 4 ‘guidance of parking
shared bikes’; factor 5 ‘user self-discipline’; factor 6 ‘operation and maintenance’. It requires the
cooperation of multiple parties to solve the problem of disorderly parking of shared bicycles.

Keywords: Free-Floating Bike-sharing Systems; causes of disorderly parking; factor analysis

1. Introduction

As global warming intensifies, countries around the world have begun to save energy and
reduce emissions to slow down global warming. At the Copenhagen Summit (2009 United Nations
Climate Change Conference), the Chinese government made commitment to reduce carbon emissions
and then opened the curtain for sustainable development. Alonso et al. [1] stated that in urban
areas, where pollutants and consequently the impacts generated by unsustainable transport structure
exist in a concentrated way, the sustainable mobility is a prerequisite of achieving sustainable cities.
Transport systems are key elements of urban areas. Therefore, their sustainability has a pivotal role in
achieving complex urban sustainability [2–4]. In China, where the population base is large, the amount
of carbon dioxide produced by people in the daily transportation demand process should not be
underestimated. Therefore, encouraging people to use public transport and develop a sustainable
transportation system can effectively reduce carbon emissions.

Since the 1960s, Western countries have gradually realized the adverse factors such as traffic
congestion, air pollution, and noise pollution caused by excessive motor vehicles, and they gradually
began to realize the importance of bicycles in the transportation system. In the 1970s, the Dutch
government improved bicycle transportation facilities in order to create a good bicycle traffic
environment and return bicycles to people’s lives. In the 1980s, the Federal Ministry of Transport
and the Federal Ministry of Regional Planning, Building and Urban Development jointly promoted
environmentally friendly traffic management strategies, including the integration of bicycles and
public transportation systems [5]. In 2010, a National Cycling Plan has been drawn out with a vision of
developing a cyclist-friendly, well-connected network, providing safe and healthy cycling for all [6].
Bicycle-sharing schemes are also called “Public-Use Bicycles” (PUBs), “Bicycle Transit”, “Bikesharing”
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or “Smart Bikes”, bicycle-sharing schemes comprise short-term urban bicycle rental schemes that enable
bicycles to be picked up at any self-serve bicycle station and returned to any other bicycle station, which
makes bicycle-sharing ideal for point-to-point trips [7,8]. China used to be named the “Kingdom of
Bicycles” due to the nation’s heavy reliance on cycling for mobility given the relatively low income of its
citizens, compact urban development, and short trip distances in the 1970s [9]. However, China’s bicycle
ownership has declined year by year with its economic growth, popularity of motor vehicles, the longer
distance of travel and the deterioration of the riding environment. For instance, average bicycle
ownership in Chinese cities declined from 197 bikes/hundred households in 1993 to 113 bikes/hundred
households in 2007 [10]. In light of growing traffic congestion and environmental concerns, the Chinese
Ministry of Housing and Urban-Rural Development opposed bicycle use restrictions and supported
tackling cycling barriers since 2007 [9]. The development of bicycle-sharing schemes in China has gone
through three generations. The first-generation bicycle-sharing schemes were provided and managed
by various local governments. It is required to apply for the designated IC card, and all fleets should
be picked up and return to fixed stations. Most of the second-generation bicycle-sharing schemes
were public-private partnership projects, the bicycle was used in a similar way to the first generation
and the representative was Yonganxing. The third-generation bicycle-sharing schemes started since
2015. In addition to the advantages of flexible mobility, emission reductions, physical activity benefits,
reduced congestion and fuel use, individual financial savings and support for multimodal transport
connections [11], it also has the convenience features of digital registration, mobile payment, low cost
and refundable deposit at any time. It provided a better solution to the problem of first/last mile of
people’s travel and became a popular travel mode in a short time (Figure 1 [12]).

 

 

Figure 1. Amount of sharing-bicycle users in China [12].

In the past few decades, bicycle-sharing schemes around the world have been constantly evolving,
but researches relative to bicycle-sharing schemes began roughly after 2000. The development of
bicycle-sharing schemes is divided into four generations, their study sums the characteristics, problems
and development process of the first three generations of shared bikes [11,13,14]. Then they point out the
characteristics that the fourth generation shared bikes should have. DeMaio believes that the problems
encountered by the first three generations of shared bikes include theft, inappropriate private use and
anonymity. So the fourth generation bicycle-sharing schemes can put more effort into distribution
of bikes, installation, powering of stations, tracking, offering pedalec (pedal assistance) bikes and
new business models to improve efficiency, sustainability and usability [13]. Shasheen says that new
bicycle-sharing schemes must pay attention to theft and vandalism, bicycle redistribution, information
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systems, insurance and liability consideration, and prelaunch consideration. The future bicycle-sharing
schemes should focus more on: (a) flexible, clean docking stations; (b) bicycle redistribution innovations;
(c) smartcard integration with other transportation modes, such as public transit and carsharing; and
(d) technological advances including Global Positioning System (GPS) tracking, touch screen kiosks,
and electric bikes [11]. Both of the seniors’ researches gave suggestions on the macro direction and the
detailed procedure as a development reference for the future bicycle-sharing schemes.

DeMaio [13] and Bührmann [15] divide bicycle-sharing schemes into different models depending on
the business entity. The six business entities are: government, transport agency (quasi-governmental),
university, non-profit organizations (e.g., foundation or advocacy group), advertising company,
for-profit organizations. These business models can be divided into two orientations: public orientation
and private orientation, the for-profit model is the most private one (Figure 2). In this model, service
provided by private companies is should have limited or no government involvement. But if the
private company used a fixed, versus flexible, system, it would need to have the local government’s
support to use the public space. This model is widely adopted by Chinese bicycle-sharing companies.

 

 

 

 

 

Figure 2. Different business models of bicycle-sharing schemes [13].

With the experience of previous bicycle-sharing schemes, China’s bicycle-sharing schemes should
be planned according to the standards of the fourth generation shared bicycles. However, the market
results showed that China’s shared bicycle-sharing schemes still encountered various problems in
previous schemes. Due to social media’s frequent exposure of disorderly parking, vandalism, theft, and
wasting resources, the bicycle-sharing industry was pushed to the forefront and aroused the attention
of all sectors of society. Among these problems, some of the problems have been analyzed by previous
researchers and the corresponding countermeasures and suggestions are given. However, the problem
of disorderly parking is rarely mentioned by scholars. Due to the failure of ‘White Bikes’ in Holland in
1965, most of the bicycle-sharing systems developed in early Europe and North America had parking
stations, so they seldom encountered the problem of disorderly parking. In China, where free-floating
bike-sharing systems are a big part of recent bicycle-sharing schemes, the problem of disorderly parking
is particularly acute. In this research, the disorderly parking can be understood as users park the
shared bikes out of the designated parking space. Therefore, the purposes of this study are as follows:

1. To widely collect the reasons for disorderly parking of shared bikes through the questionnaire
survey of users, the results of the questionnaires are collated and analyzed as a basis for the
subsequent research;

2. To construct the structure and factors of disorderly parking of shared bikes through factor analysis,
and propose suggestions for improvement according to the results.

2. Methods

The first phase of the study focused on collecting the reasons for the disorderly parking of shared
bikes as much as possible. Since the disorderly parking situation of shared bikes has appeared in
China in recent years, and there are no foreign cases for reference, so the related research we can find
is very limited. Therefore, this study used an open-ended questionnaire to ask respondents to fill
in five reasons they thought would cause the disorderly parking of shared bikes in the first phase.
During the period from December 20, 2018 to January 8, 2019, the users with experience of using shared
bikes were invited to fill in an online questionnaire. The second online questionnaire was conducted
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between 8 May 2019 and 11 May 2019. The questionnaire design includes two parts: the reasons for
disorderly parking of shared bikes and basic information of respondents. There are a total of 42 items
of reasons, which are obtained from result of the first-phase questionnaire. Basic information of
respondents includes gender, age, education level, city, area of use (downtown, outside the downtown
but within the suburbs, the suburbs), frequency of using shared bikes [16], motivation of using
shared bikes (commuting, leisure and social activities “outing, group travel, etc,.”, exercise, personal
affairs “shopping, eating, etc.,” and others) [17], time of using shared bikes (weekdays or weekends),
whether have the experience of disorderly parking, the frequency of disorderly parking. The 5-point
scale was used in the questionnaire, with 1 being strongly disapproving and 5 being strongly approving.
The respondents of both questionnaires are users who have the experience of using shared bikes in
China. The respondents in this study are invited by the authors and their classmates. Respondents
filled in the answers through the hyperlink of the online questionnaire. The basic variables of the
questionnaire also investigated the frequency of using shared bikes, and the results showed that all
respondents had experience in using shared bikes.

3. Results and Discussion

3.1. Descriptive Analysis of the First-Phase Questionnaire

A total of 240 questionnaires were collected, and 235 of them were valid questionnaires, the effective
rate is 97.9%. The questionnaires with too many missing values and obvious deviation from the topic
were considered as invalid. A total of 1004 valid items were obtained after collecting all the responses
of respondents, 118 initial items were obtained after merging the similar-expression items. In the
discussion part, all the items will be shown in the format of ‘item description (frequency)’. All the
items are sorted directly from the original content of the respondents’ questionnaires.

After sorting out respondents’ answers, we found that although some respondents’ answers were
different in expressions, they essentially described the same problem, so it is necessary to further
combine such items. For better analysis of the items, we classified the items according to the main
content discussed by the items after the semantic judgment of the items. All items were divided into
six categories, including ‘user-related problems’, ‘rules and regulations’, ‘rewards and punishment for
users’, ‘supervision and management issues’, ‘parking facilities’ and ‘social advocacy’, and the rest
were discussed separately. The detailed process is as follows.

The first category is about users, including: for users’ own convenience (75 times), users tended
to follow the trend and crowd (45 times), users’ didn’t have time to find parking area(79 times),
user quality problem(128 times), users don’t care (6 times), personal habits (11 times), users are not
conscious (12 times), no awareness of parking or no public awareness (29 times), users put shared bikes
down stairs (once), laziness (15 times), bikes aren’t their owns, so users don’t care (8 times), users were
not responsible (12 times), users forgot to park bikes in order (once), high user arbitrariness (twice),
users were not familiar with the rules of parking (12 times), moral deficiency (13 times), users(who
parked bikes out of order) were not punished (twice), user deliberate (16 times), users were not satisfied
with the service of the bicycle-sharing companies, so they deliberately retaliated (once), parking bikes
was inconvenient (twice), users didn’t obey the regulations (once), without damaging the bikes, it
was users’ right and freedom to decide where and how to park the bike (once), users thought it was
unnecessary to park bikes in order (twice), park nearby (once), and users were worried about shared
bikes will be taken away by others, so they hid shared bikes for their own use (five times).

a. For users’ own convenience is a statement covered a lot, so a lot of other items can be incorporated
into it. In this study, ‘parking bikes was inconvenient’, ‘park nearby’, ‘put shared bikes down
stairs’, and ‘users were worried about shared bikes will be taken away by others, so they hid
shared bikes for their own use’ are all incorporated into for users’ own convenience.
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b. Users’ didn’t have time to find parking area. In addition to the situation that the users are really
in a hurry, it may also because the user is unwilling to find a parking area or users can’t find the
parking area in a short time.

c. Users tended to follow the trend and crowd. This is one of the important factors that respondents
believe to cause disorderly parking of shared bikes. Lots of users saw or felt that other users didn’t
park their shared bikes according to the regulations, so they imitated them, which eventually led
to a large range of disorderly parking of shared bikes.

d. Shared bicycle users also need to bear certain responsibilities while enjoying the convenience
brought by shared bicycles. The responsibilities can be divided into legal responsibility and
moral responsibility. Bicycle-sharing schemes are newly developed things, and the development
of corresponding laws and regulations is impossible to keep up with the development of the
industry in a short time, which means the self-discipline of enterprises and users is required.
‘Bikes don’t belong to users’, ‘so users don’t care’, ‘users were not responsible’, and ‘users
thought it was unnecessary to park bikes in order’ indicate that users subjectively believe that
the shared bikes are no longer their business after use, and they don’t need to bear corresponding
responsibility. ‘High user arbitrariness’ and ‘users forgot to park bikes in order’ also reflect that
users didn’t pay enough attention to parking shared bikes in order after use. This study merges
the above items into ‘users don’t attach enough importance to parking shared bikes in order’.

e. User quality problem. Bicycle-sharing schemes have been described by the media as the mirror
for the quality of the civil, a large number of disorderly parking does reflect the national quality
need to be improved.

f. Personal habits indicate that users may not change the old parking habits and they won’t follow
the current parking specifications of shared bikes. The habit of parking in order didn’t fully
spread indicates that the normative parking behavior of shared bicycles is not yet widespread,
and users need some time to adapt to the new parking specifications. These two items are
integrated into ‘users need time to get rid of the old parking habits’.

g. No awareness of parking, no public awareness. Users themselves do not have the awareness to
park shared bikes in order, nor have they been trained to do so, leading to a weak awareness of
parking shared bikes in order.

h. Laziness. In many cases, users are not willing to park shared bikes in order just because they
are lazy.

i. Users were not familiar with the rules of parking. On the one hand, it reflects that users, as the
subject, didn’t not take the initiative to understand the relevant rules of parking shared bikes;
on the other hand, the bicycle-sharing companies didn’t effectively promote the rules of parking
shared bikes to users, or the rules of parking shared bikes were not perfect. This study focuses
on the former here, and the latter will be discussed in a later section. So, this item is changed to
‘users didn’t take the initiative to understand the relevant rules of parking shared bikes’.

j. Users who parked bikes out of order were not punished. This item indicates that the punishment
for users’ illegal parking behavior was not completely implemented, and also reflects that
users have some fluke mind. In this section, we focus on the latter, so this item is modified to
‘users were not punished, so they had fluke mind’.

k. Without damaging the bikes, it was users’ right and freedom to decide where and how to park
the bike. Users of shared bikes must take corresponding responsibilities when obtaining the
right to use shared bikes, so users should use and park shared bikes according to the regulations.
Therefore, this item won’t be discussed separately in this study.

l. Users couldn’t find parking area. The reasons why users can’t find the parking area can be
roughly divided into the following categories. Firstly, there is no parking area near users’
destination; secondly, the guidance system of parking area is not clear, which will be discussed
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in the latter section; thirdly, users own reasons such as: lack of time, laziness or some other
reasons. Therefore, this item is divided to discuss in other items.

After discussion, the first category reasons for disorderly parking are shown in Table 1.

Table 1. First category reasons for disorderly parking.

No. Items

a For users’ own convenience
b Users tended to follow the trend and crowd
c Users’ didn’t have time to find parking area
d User quality problem
e Users need time to get rid of the old parking habits
f No awareness of parking, no public awareness
g Laziness
h Users don’t attach enough importance to parking shared bikes in order
i Users didn’t take the initiative to understand the relevant rules of parking shared bikes
j Users were not punished, so they had fluke mind

The second category is about rules and regulations. Due to the rapid development of the
bicycle-sharing industry, many local governments were unable to develop management regulations,
and there were also no related regulations of parking shared bikes provided by bicycle-sharing
companies. Items of second category are as follows: no relevant constraints (once), integrity system
was not established completely (three times), lack of government management practice (three times),
there was no corresponding management mechanism (13 times), insufficient regulations binding (once),
there were no clear parking specifications (12 times), incomplete laws (8 times).

a. ‘Lack of government management practice’ was included in ‘there was no corresponding
management mechanism’, so they were discussed together. To solve the problem of disorderly
parking of shared bikes, the government needs to guide both bicycle-sharing companies and
users of shared bikes, and bicycle-sharing companies also need to restrain users [18]. Therefore,
these two items are divided into ‘the government lacks enterprises management regulations’
and ‘bicycle-sharing companies lacks user management regulations’.

b. Same as above, ‘insufficient regulations binding’ can be divided into ‘government’s management
regulations for enterprises has insufficient binding force’ and ‘bicycle-sharing companies’
management regulations for users has insufficient binding force’.

After discussion, the second category reasons for disorderly parking are shown in Table 2.

Table 2. Second category reasons for disorderly parking.

No. Items

a There were no relevant constraints on parking shared bikes
b Integrity system was not established completely
c The government lacks enterprises management regulations
d Bicycle-sharing companies lacks user management regulations
e Government’s management regulations for enterprises has insufficient binding force
f Bicycle-sharing companies’ management regulations for users has insufficient binding force
g There were no clear parking specifications
h Incomplete laws

The third category is about rewards and punishment for users, including the following: violation
cost was low (twice), no punishment (39 times), the accountability of users was not well investigated
and affixed (once).
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a. ‘No punishment’ is a representation of ‘violation cost was low’. These two items are combined
into ‘The penalty for users’ violation of parking is not enough’.

After discussion, the third category reasons for disorderly parking are shown in Table 3.

Table 3. Third category reasons for disorderly parking.

No. Items

a The penalties for users’ violation of parking is not enough
b The accountability of users was not well investigated and affixed

The fourth category is supervision and management issues, including: No supervision and
management (50 times), inadequate participation of managers (11 times), the government didn’t pay
enough attention (3 times), carrier management problem (10 times), the city administration is not in
place (7 times), little follow-up guarantee was invested in bicycle-sharing schemes (3 times), no specific
management staff (4 times), city management (once), governments’ and bicycle-sharing companies’
administration was not in place (12 times), disordered management (once), insufficient municipal
management (twice), there were none staffmanaging parking area (4 times), lack of forward-looking
for new things (once), immature management system (manual management and system management)
(once), poor planning by providers (once), there were too many shared bikes (18 times), bicycle-sharing
companies were not good at vehicle management (repair of damaged vehicle) (9 times), concentrated
parking in certain periods (especially at noon and night near the school) (once), intense industry
competition (4 times).

a. The expression of ‘No supervision and management’ is too succinct. The government has the
responsibility to supervise and manage the bike-sharing companies, bike-sharing companies have
the responsibility to supervise and manage users of shared bikes, and the government has a duty of
supervision over the users of shared bikes. Insufficient municipal management, the government
didn’t pay enough attention, the city administration is not in place, city management, insufficient
municipal management, carrier management problem, governments’ and bicycle-sharing
companies’ administration was not in place, all these items are about government and business
management and supervision. Three new items derived from the above items are as follows:
The government has no supervision and management of bike-sharing companies, bike-sharing
companies have no supervision and management of users of shared bikes, the government has
no supervision of users of shared bikes.

b. ‘Inadequate participation of managers’ can be understood as there are not enough managers and
managers in ‘inadequate participation of managers’ can be divided into managers in government
and managers in enterprises. In addition, ‘there were none staff managing parking area’
also shows the problem of insufficient number of managers in government or bicycle-sharing
companies. Therefore, this study will discuss this problem from the perspective of insufficient
number of managers, which can be divided into ‘insufficient number of government managers’
and ‘insufficient number of bicycle-sharing company managers’.

c. The meaning of ‘little follow-up guarantee was invested in bicycle-sharing schemes’ is the
maintenance and management of shared bikes is not in place, which is consistent with the content
of ‘bicycle-sharing companies were not good at vehicle management (repair of damaged vehicle)’
and ‘concentrated parking in certain periods (especially at noon and night near the school)’.
Therefore, the above items are sorted as follows: ‘The bicycle-sharing companies can’t maintain
the damaged bikes in time’ and ‘the vehicle distribution policy of bicycle-sharing companies is
unreasonable’.

d. ‘Disordered management’ and ‘immature management system (manual management and system
management)’ not only point out the management of government and bicycle-sharing companies
isn’t in place, but also vaguely reveal that the division of responsibility for management of shared
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bikes within the government is not clear. ‘No specific management staff’ is catered to the content
of previous items. Therefore, these two parts are sorted into ‘the division of responsibility for
management of shared bikes within the government is not clear’.

e. The providers in ‘poor planning by providers’ can be the government or bicycle-sharing
companies. If the provider referred to the government, it can be understood that the government’s
control measures for the scale of the bicycle-sharing market are not in time, which is consistent
with ‘lack of forward-looking for new things’. If the provider referred to bicycle-sharing
companies, it can be understood combined with ‘there were too many shared bikes’ and
‘intense industry competition’ that bicycle-sharing companies put excessive amount of shared
bikes in order to gain more market share. In this study, the items above are summarized as
‘the government’s control measures for the scale of the bicycle-sharing market are not in time’
and ‘bicycle-sharing companies put excessive amount of shared bikes’.

After discussion, the fourth category reasons for disorderly parking are shown in Table 4.

Table 4. Fourth category reasons for disorderly parking.

No. Items

a The government has no supervision and management of bike-sharing companies
b Bike-sharing companies have no supervision and management of users of shared bikes
c The government has no supervision of users of shared bikes
d Insufficient number of government managers
e Insufficient number of bicycle-sharing companies managers
f The bicycle-sharing companies can’t maintain the damaged bikes in time
g The vehicle distribution policy of bicycle-sharing companies is unreasonable
h The division of responsibility for management of shared bikes within the government is not clear
i The government’s control measures for the scale of the bicycle-sharing market are not in time
j Bicycle-sharing companies put excessive amount of shared bikes

The fifth category of reasons center on parking facilities, including: no dedicated parking area
(82 times), parking area was full (12 times), the bicycle-sharing companies didn’t provide parking
space (twice), there was little parking area (33 times), the parking area is far away (17 times), there were
no more reasonable parking areas allocated (5 times), unreasonable setting of parking area (9 times),
the parking space was occupied (once), street vendors occupied the parking area (once), poor design of
bicycle parking (3 times), lack of fixed parking area (twice), the parking area was not clearly defined
(5 times), the parking area was narrow (5 times), there were no suitable places for parking bikes (once),
the parking area was too concentrated (3 times), the place was inappropriate for parking bikes (once),
there was no specific position for parking bikes (once), urban planning problem (twice), the place
was remote (twice), the sidewalk was narrow (once), the signs of parking area were not eye-catching
(5 times), irregular parking area arrangement (once), the parking area is not big enough (twice), there
was no electronic fence (once), the parking space was little (twice), parking facility (once), limitation
of road conditions (once). In China, most cities take bicycle parking space into consideration at the
beginning of planning. A small number of bicycles would be parked on the sidewalk when there
is no bicycle parking space. Although it would not cause too much trouble when the amount of
shared bikes is small, the original bicycle parking space in the city cannot meet the parking demand
of users of shared bicycles after the rapid growth of bicycle-sharing industry, so a large number of
Shared bicycles are parked out of order. Shared bicycle is actually a kind of private goods with
public properties, whose ownership belongs to the for-profit bicycle-sharing company. However,
shared bicycles play an active role in the public transportation system, especially in the slow traffic
transportation system, which makes it have certain public attributes. Therefore, the government and
bicycle-sharing companies should work together to solve the problems of facilities and parking area of
shared bikes instead of either of them taking all the responsibilities.
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a. ‘No dedicated parking area’, ‘the bicycle-sharing companies didn’t provide parking space’,
‘lack of fixed parking area’, ‘there were no suitable places for parking bikes’, and ‘there was
no specific position for parking bikes’ all show that ‘there was no dedicated parking space for
shared bikes’.

b. ‘Parking area was full’, ‘there was little parking area’, ‘there were no more reasonable parking
areas allocated’, ‘the parking area was narrow’, ‘the parking area is not big enough’, and
‘the parking space was little’ all indicate that ‘the capacity of shared bikes parking space is
insufficient’.

c. ‘The parking area is far away’, ‘poor design of bicycle parking’, ‘the parking area was too
concentrated’, ‘the place was inappropriate for parking bikes’, ‘urban planning problem’,
‘the place was remote’, and ‘irregular parking area arrangement’ all show that ‘the setting of
shared bikes parking area is unreasonable’.

d. ‘Street vendors occupied the parking area’ and ‘the parking space was occupied’ are telling the
same truth.

e. ‘The sidewalk was narrow’ and ‘limitation of road conditions’: In those areas without designated
parking space, it is customary for users to park shared bikes on sidewalks. These two items
contains two aspects: on the one hand, the parking area has not been set up, on the other hand,
the capacity of parking space is in sufficient.

f. The parking space of shared bikes should not only have clear mark of margin on the ground,
but also have eye-catching guiding signs for users to find it. ‘The signs of parking area were
not eye-catching’ is modified to ‘the guiding signs of parking space is not eye-catching’ for
better understanding.

g. The meaning of ‘parking facility’ is vague, which is limited to the parking facilities of shared
bikes in this study. Parking facilities of shared bicycle mainly include shared bicycle parking
space, guiding signs of parking space, etc., which are similar to the above items. Therefore,
this item will not be repeated in the follow-up study.

After discussion, the fifth category reasons for disorderly parking are shown in Table 5.

Table 5. Fifth category reasons for disorderly parking.

No. Items

a There was no dedicated parking space for shared bikes
b The capacity of shared bikes parking space is insufficient
c The setting of shared bikes parking area is unreasonable
d The parking space was occupied
e The parking area was not clearly defined
f The guiding signs of parking space is not eye-catching
g There was no electronic fence

The sixth category is about social advocacy, including: social atmosphere (3 times), influence of
users’ surrounding environment (twice), users are affected by people who have previously parked
bikes out of order (twice), influence of the disorderly parking of bicycles and motorcycles (4 times),
the habit of parking in order hasn’t fully spread (twice), ineffective social supervision (once), the whole
society doesn’t care (once), the user wasn’t discouraged by others (once), people turn a blind eye
to the phenomenon of disorderly parking (twice), insufficient government and media promotion
(26 times), insufficient education of parking in order (twice), bicycle-sharing schemes firstly promoted
as ‘shared bikes can be picked up and parked anywhere and anytime’ (5 times), the bicycle-sharing
companies didn’t explicitly remind users to park in order (3 times), lack of reporting platform for easy
reporting (once).

a. Wikipedia defines social atmosphere as the sum of the customs, cultural traditions, behavioral
patterns, moral values, and fashion elements of a given society. In the past period of time,
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the phenomenon of disorderly parking of shared bikes can be seen everywhere, which is indeed
a kind of behavior jointly presented by the whole society. ‘Influence of users’ surrounding
environment’, ‘users are affected by people who have previously parked bikes out of order’
and ‘influence of the disorderly parking of bicycles and motorcycles’ are incorporated into
‘social atmosphere’ due to similar meaning.

b. ‘The whole city didn’t care’ is consistent with ‘people turn a blind eye to the phenomenon
of disorderly parking’, which reflects the ‘lack of social supervision’. Also, ‘lack of reporting
platform for easy reporting’ is one of the causes of lack of social supervision.

c. After using shared bikes, users tend to park shared bikes in the place according to their old
habits. They would park shared bikes in the place they thought right, they would also park the
shared bikes nearby for their convenience. However, the users of shared bicycles do not have the
ownership of the bicycles. Instead, they have obtained the right to use the shared bicycles within
a certain period of time from the bicycle-sharing companies according to the rules of use, so they
shall comply with the corresponding rules. The government, social media and bicycle-sharing
companies should work together to carry out propaganda on parking shared bikes in order to
help regulate users parking behavior. Therefore, ‘insufficient government and media promotion’
is modified to ‘government’s, social media’s and bicycle-sharing companies’ propaganda on
parking shared bikes in order is not in place’.

d. “Bicycle-sharing schemes firstly promoted as ‘shared bikes can be picked up and parked
anywhere and anytime’” reflects the advantages of shared bikes for short trips, but there
are limits to ‘park anywhere and anytime’, so there is misleading in initial propaganda of
bicycle-sharing companies.

After discussion, the sixth category reasons for disorderly parking are shown in Table 6.

Table 6. Sixth category reasons for disorderly parking.

No. Items

a Influence of social atmosphere
b Lack of social supervision
c Lack of reporting platform for easy reporting

d Government’s, social media’s and bicycle-sharing companies’ propaganda on
parking regulations is not in place

e The bicycle-sharing companies didn’t explicitly remind users to park in order
f There is misleading in initial propaganda of bicycle-sharing companies

‘Bikes were moved away by others’ (4 times), ‘there was something wrong with bicycle positioning’
(once), ‘the bicycle-sharing market was not optimistic’ (once), ‘weather problems such as strong winds’
(4 times), ‘users didn’t put shared bikes back in place’ (once), ‘the bike was not parked in order at the
beginning’ (twice), accidental situation (once), ‘the bike fleet was broken’ (12 times), ‘the bike was not
comfortable to ride’ (once), ‘the bike is hard to ride and need to be changed’ (twice), ‘shared bikes are
easy to get’ (once), ‘no cohesion’ (once), “users’ destinations were diverse” (once), ‘the allocation of
road rights of shared bikes was not clear’ (once), ‘limitation of road conditions’ (once), ‘the security
guard was not responsible enough, so users could park the shared bikes in the community’ (once),
‘temporary parking’ (once), ‘poor traffic condition’ (once), ‘the bike was not parked steadily, then it
toppled’ (once), ‘the market was not mature and perfect in all aspects’ (once), ‘the bikes should set
reminders for users’ (once) are difficult to be classified into one of the above categories, so they are
discussed separately.

a. ‘Weather problems such as strong winds’ do cause trouble for users to use and park shared
bikes. In addition to strong winds, heavy rains and snow weather will cause the same problem.
Therefore, this item is adjusted to ‘weather condition, which makes it impossible for users to use
the shared bike as usual’.
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b. ‘The bike fleet was broken’, ‘there was something wrong with bicycle positioning’, ‘users didn’t
put shared bikes back in place’, and ‘the bike is hard to ride and need to be changed’ can be
summarized as ‘the shared bike is damaged, so users can’t park it in order’.

c. ‘Temporary parking’ is a common scenario when users using shared bikes.
d. The remaining items of this category will not be discussed in this study due to their trivial

content and low relevance to the content of this paper.

After discussion, the seventh category reasons for disorderly parking are shown in Table 7.

Table 7. Seventh category reasons for disorderly parking.

No. Items

a Weather condition, which makes it impossible for users to use the shared bike as usual
b The shared bike is damaged, so users can’t park it in order
c Temporary parking

In addition to the internal reasons for users cause the disorderly parking of shared bikes, the above
part also discusses the external factors that lead to disorderly parking of shared bikes. In the special case
of disorderly parking of shared bikes in China, Qin Zheng and Wang Qin [18] put forward the model
of collaborative governance of government, market and society. They propose that the government
should guide the market and society, and the market should restrain society, among which the market
society respectively refer to bicycle-sharing companies and users. Therefore, this study firstly integrates
and classifies the questions based on the content of the questions, and then reintegrates the answers
of the interviewees through the relationship of the government, enterprises and users to remove the
repeated content in the repeated questions, so as to construct the next questionnaire.

a. Considering that the bicycle-sharing industry is a recent development industry, ‘insufficient
number of government managers’ can be recognized as the result of ‘the division of responsibility
for management of shared bikes within the government is not clear’. Therefore, these two
items are merged into ‘the division of responsibility for management of shared bikes within the
government is not clear’.

b. ‘The bicycle-sharing companies can’t maintain the damaged bikes in time’ are modified
to ‘the bicycle-sharing companies can’t maintain the damaged vehicle properly’ for
better understanding.

c. Laws can be understood as stricter regulations. Thus, the meaning of ‘incomplete laws’ is
included in ‘the government lacks enterprises management regulations’. ‘The government
has no supervision and management of bike-sharing companies’ has two scenarios. Firstly,
the government has no rules to follow. Secondly, the government has rules to follow, but the
enforcement is weak. Therefore, it is modified to ‘the government’s enforcement of business
regulations is weak’.

d. ‘The government has no supervision of users of shared bikes’, ‘incomplete laws’, ‘the government
has no supervision of users of shared bikes’ can be included in ‘there were no relevant constraints
on parking shared bikes’, which is too vague for respondents to understand. So, ‘there were no
relevant constraints on parking shared bikes’ is replaced by the three more specific items.

e. ‘Bike-sharing companies have no supervision and management of users of shared bikes’ was
removed from this study because the content of this item is a summary of other items, such as
‘bicycle-sharing companies lacks user management regulations’, ‘the bicycle-sharing companies
didn’t explicitly remind users to park in order’ and so on.

All reasons for disorderly parking of shared bikes are shown in Table 8.
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Table 8. All reasons for disorderly parking of shared bikes.

No. Items

VAR1 For users’ own convenience
VAR2 Users tended to follow the trend and crowd
VAR3 Users’ didn’t have time to find parking area
VAR4 User quality problem
VAR5 Users need time to get rid of the old parking habits
VAR6 No awareness of parking, no public awareness
VAR7 Laziness
VAR8 Users don’t attach enough importance to parking shared bikes in order
VAR9 Users didn’t take the initiative to understand the relevant rules of parking shared bikes
VAR10 Users were not punished, so they had fluke mind
VAR11 The division of responsibility for management of shared bikes within the government is not clear
VAR12 The government’s control measures for the scale of the bicycle-sharing market are not in time
VAR13 The government lacks enterprises management regulations
VAR14 Government’s management regulations for enterprises has insufficient binding force
VAR15 The government’s enforcement of business regulations is weak
VAR16 Incomplete laws
VAR17 The government has no supervision of users of shared bikes
VAR18 The government’s propaganda on parking shared bikes in order is not in place
VAR19 Insufficient number of bicycle-sharing companies managers
VAR20 The bicycle-sharing companies can’t maintain the damaged vehicle properly
VAR21 The vehicle distribution policy of bicycle-sharing companies is unreasonable
VAR22 Bicycle-sharing companies put excessive number of shared bikes
VAR23 Bicycle-sharing companies lacks user management regulations
VAR24 There were no clear parking specifications
VAR25 The penalties for users’ violation of parking is not enough
VAR26 The accountability of users was not well investigated and affixed
VAR27 The bicycle-sharing companies didn’t explicitly remind users to park in order
VAR28 There is misleading in initial propaganda of bicycle-sharing companies
VAR29 There was no dedicated parking space for shared bikes
VAR30 The capacity of shared bikes parking space is insufficient
VAR31 The setting of shared bikes parking area is unreasonable
VAR32 The parking space was occupied
VAR33 The parking area was not clearly defined
VAR34 The guiding signs of parking space is not eye-catching
VAR35 There was no electronic fence
VAR36 Influence of social atmosphere
VAR37 Lack of social supervision
VAR38 Lack of reporting platform for easy reporting
VAR39 Social media’s propaganda on parking regulations is not in place
VAR40 Weather condition, which makes it impossible for users to use the shared bike as usual
VAR41 The shared bike is damaged, so users can’t park it in order
VAR42 Temporary parking

3.2. Results and Discussion of the Second-Phase Questionnaires

3.2.1. Descriptive Analysis of the Second-Phase Questionnaire

A total of 254 questionnaires were collected in the second phase, 245 of which are valid after
screening, the effective rate was 96.5%. The questionnaires with too many missing values were
considered as invalid. The sample size has met the requirement of factor analysis [19,20]. The Cronbach’s
α value is 0.951, 42 items have high internal consistency. Commuting (32.1%), personal affairs (27.7%)
and leisure and social activities (24.2%) are the most common use scenarios, and the percentage of total
cases showed that the respondents use shared bikes in various situations. Among the respondents,
156 of them are in the downtown area, accounting for 63.7%. 76 of them are in the suburbs outside the
downtown area, accounting for 31%; 13 of them are in the suburbs, accounting for 5.3%. There are
209 users whose frequency of use is 5 times or less per week, accounting for 85.3%. 26 users’ frequency
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of use between 6 to 10 per week, accounting for 10.6%; 10 users’ frequency of use is 11 or more per week,
accounting for 4.1%. Among the respondents, 96 have experience of disorderly parking, accounting
for 39.2%, 149 of them don’t, accounting for 60.8%.

3.2.2. Item Analysis of the Second-Phase Questionnaire

Since the items in this study are derived from the results of the previous questionnaire survey,
it is necessary to judge whether the questions are relevant by item analysis before conducting factor
analysis. The principal component analysis method is used to extract a factor. Using the common
identity of ‘composition matrix’ less than 0.3 as standard, VAR1, VAR2, VAR3, VAR4, VAR5, VAR6,
VAR22, VAR36, VAR38, and VAR41, a total of 10 questions are deleted. The remaining 32 items are
used for factor analysis.

3.2.3. Factor Analysis of the Second-Phase Questionnaire

In this study, principal component analysis (PCA) and maximum axis method are used to extract
and name the causes of disordered parking of Shared bicycles. Six factors are extracted from 32 items
by factor analysis, factor 1 has 7 items, factor 2 has 8 items, factor 3 has 5 items, factor 4 has 5 items,
factor 5 has 4 items, and factor 6 has 3 items. After the maximum rotation axis method, the eigenvalue
of factor 1 is 4.409, factor 2 is 4.19, factor 3 is 3.572, factor 4 is 3.05, factor 5 is 2.877, and factor 6 is 2.459.
Six factors explain the variable variation of 13.778%, 13.095%, 11.162%, 9.532%, 8.99% and 7.684%
respectively, and the total explained variable is 64.241%. As can be seen from the table, the integrality
of the factors after the rotation axis increases and the proportion of the factors that can be explained
changes: factor 1 (39.375% 13.778%), factor 2 (6.727% 13.095%), factor 3 (6.282% 11.162%), factor 4
(4.605% 9.532%), factor 5 (3.801% 8.99%), factor 6 (3.451% 7.684%). The explainable specific gravity
of factor 1 decreases, while the explainable specific gravity of factor 2, factor 3, factor 4, factor 5 and
factor 6 increase. The commonality and relative positions of the six factors remain unchanged, and the
synthesis of the characteristic values and the overall cumulative total variation remain unchanged,
remaining at 64.241%. The Barrett sphericity test, KMO value, and the result of factor analysis is shown
in Tables 9 and 10.

Table 9. Barrett sphericity test and KMO value.

Barrett Sphericity Test and KMO Value

KMO sampling fitness measure 0.921
Bartlett sphericity test The approximate chi-square 4795.757

Degrees of freedom 496
Significance 0

After extraction, the criteria of factor 1 include: ‘the government lacks enterprises management
regulations’, ‘government’s management regulations for enterprises has insufficient binding force’,
‘the government’s enforcement of business regulations is weak’, ‘the government’s control measures for
the scale of the bicycle-sharing market are not in time’, ‘the division of responsibility for management
of shared bikes within the government is not clear’, ‘the government’s propaganda on parking shared
bikes in order is not in place’, ‘there is misleading in initial propaganda of bicycle-sharing companies’.
VAR13, VAR14, VAR15, VAR12, VAR11, VAR18, VAR28 are about the government’s supervision and
management of bicycle-sharing companies. In terms of solving the problem of disorderly parking of
shared bikes, the government’s management and supervision of companies are indeed an important
link. Bicycle-sharing companies’ misleading propaganda in the early stage can also be considered
as the result of government’s poor management. Therefore, factor 1 is named as ‘supervision and
management of enterprises’.
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Table 10. Result of factor analysis.

No. Factor 1 Factor 2 Factor 3 Factor 4 Factor 5 Factor 6

VAR13 0.804
VAR14 0.757
VAR15 0.75
VAR12 0.737
VAR11 0.562
VAR18 0.508 0.494
VAR28 0.415 0.412
VAR37 0.765
VAR39 0.657
VAR26 0.598 0.458
VAR25 0.572 0.475
VAR23 0.571
VAR16 0.549
VAR17 0.49 0.542
VAR24 0.479
VAR31 0.779
VAR30 0.777
VAR29 0.648
VAR32 0.546 0.511
VAR27 0.41
VAR33 0.69
VAR42 0.681
VAR34 0.64
VAR40 0.549 0.508
VAR35 0.489
VAR7 0.76
VAR8 0.695
VAR10 0.684
VAR9 0.559
VAR19 0.785
VAR20 0.716
VAR21 0.451 0.599

Eigenvalue 4.409 4.19 3.572 3.05 2.877 2.459
Extraction sums of
squared loadings % 39.375 6.727 6.282 4.605 3.801 3.451

Rotation Sums of
Squared Loadings % 13.778 13.095 11.162 9.532 8.99 7.684

Total explanatory
variance % 64.241

The overall-scale
Cronbach’s α 0.949

Subscale Cronbach’s α 0.883 0.887 0.830 0.808 0.797 0.815

The criteria of factor 2 include: ‘lack of social supervision’, ‘social media’s propaganda on
parking regulations is not in place’, ‘the accountability of users was not well investigated and affixed’,
‘the penalties for users’ violation of parking is not enough’, ‘bicycle-sharing companies lacks user
management regulations’, ‘Incomplete laws’, ‘the government has no supervision of users of shared
bikes’, and ‘there were no clear parking specifications’. VAR37 and VAR39 are about social supervision
of users. After large quantities of exposure of disorderly parking of shared bikes, users began to realize
the importance of parking shared bikes in order, showing the power of social supervision. VAR26,
VAR25, VAR23 and VAR24 are about bicycle-sharing companies’ supervision and management of
users. VAR16 and VAR17 are about the government’s supervision and management of users. Taking
all three aspects of supervision and management into consideration, factor 2 is named as ‘supervision
and management of users’.
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The criteria of factor 3 include: ‘the setting of shared bikes parking area is unreasonable’,
‘the capacity of shared bikes parking space is insufficient’, ‘there was no dedicated parking space for
shared bikes’, ‘the parking space was occupied’, and ‘the bicycle-sharing companies didn’t explicitly
remind users to park in order’. VAR31, VAR30, VAR29, VAR32 are about parking space. VAR27 are
about bicycle-sharing companies’ management of users. VAR27 is not strongly related to the previous
criteria. Therefore, the naming of factor 3 is mainly based on the first four criteria, and factor 3 is
named as ‘parking space’.

The criteria of factor 4 include: ‘the parking area was not clearly defined’, ‘temporary parking’,
‘the guiding signs of parking space is not eye-catching’, ‘weather condition, which makes it impossible
for users to use the shared bike as usual’, and ‘there was no electronic fence’. VAR33 and VAR34 are
about physical guiding system of parking shared bikes. The ‘electronic fence’ of VAR35 interacts with
users through the mobile APP interface to guide users to park shared bikes. Electronic fence can be
recognized as a kind of digital guiding system of parking shared bikes. VAR40 and VAR42 are all very
special cases, and their content are very different from the previous criteria. Taking VAR33, VAR34 and
VAR35 as the reference, and the study named factor 4 as ‘guidance of parking shared bikes’.

The criteria of factor 5 include: ‘laziness’, ‘users don’t attach enough importance to parking shared
bikes in order’, ‘users were not punished, so they had fluke mind’, ‘users didn’t take the initiative to
understand the relevant rules of parking shared bikes’. All criteria are about users’ control of their
own behavior and intention. Factor is named as ‘user self-discipline’.

The criteria of factor 6 include: ‘insufficient number of bicycle-sharing companies managers’,
‘the bicycle-sharing companies can’t maintain the damaged vehicle properly’, ‘the vehicle distribution
policy of bicycle-sharing companies is unreasonable’. All criteria are about bicycle-sharing companies’
operation and maintenance of shared bikes. Factor 6 is named as ‘operation and maintenance’.

3.2.4. Influence of Users’ Basic Information on the Factors of Disorderly Parking of Shared Bikes

In this study, independent sample t test and one-way ANOVA are used to examine the influence
of users’ basic variables on the factors of disorderly parking of shared bikes. Users in different areas
have no significant differences in factor 1, factor 2, factor 3, factor 4, and factor 5. Shared bike users on
weekdays and weekends have no significant differences in factor 1, factor 2, factor 3, factor 4, factor 5,
and factor 6. Users with or without experience of disorderly parking have no significant differences in
factor 1, factor 2, factor 3, factor 4, factor 5, and factor 6.

But users in different areas have significant differences in factor 6. After post-event comparison,
it was found that the users in the downtown area and users outside downtown but within the suburbs
have much higher recognition of factor 6 than the users in the suburbs, indicating that bicycle-sharing
companies should strengthen the operation and maintenance within the suburbs.

4. Conclusions and Suggestions

In the context of reducing emissions to achieve sustainable development, the development of a
complete low-carbon transport system is crucial. As an important part of low-carbon transportation
system, the development trend of bicycle-sharing industry has been stable. At this stage, solving
the problem of disorderly parking of shared bicycles becomes the key to ensure the long-term
development of the industry. This study collected the causes of disorderly parking of shared bicycles
as comprehensively as possible through two-phase questionnaire survey, and constructed the factors
of the causes of disorderly parking of shared bicycles through factor analysis, so as to facilitate the
decision-making of the government and enterprises for reference. The conclusions of this study are as
follows:

1. This study has extensively collected the causes of disorderly parking of shared bicycles. Combined
with literature discussion, it is found that the three main objects involved in disorderly parking of
shared bicycles are users, bicycle-sharing companies and the government. In addition, six factors
and 32 criteria for the causes of disorderly parking of Shared bicycles are obtained, which are
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as follows: factor 1 ‘supervision and management of enterprises’; factor 2 ‘supervision and
management of users’; factor 3 ‘parking space’; factor 4 ‘guidance of parking shared bikes’; factor
5 ‘user self-discipline’; factor 6 ‘operation and maintenance’.

2. Users lack self-discipline; the supervision and management of users by bicycle-sharing companies,
government and society is not in place; the government’s management and supervision of
enterprises are not in place, and bicycle-sharing companies’ operation and maintenance of shared
bikes are not in place; the failure of enterprises and governments to cooperate to provide sufficient
parking space and to equip them with good parking guidance system, all show that the solution
of disorderly parking requires multi-party cooperation. Therefore, in the formulation of solutions,
we should take multiple factors into account in order to properly solve the problem of disorderly
parking of shared bicycles.

3. Based on the tripartite cooperation mechanism and six factors, we propose the following
suggestions: 1. The government needs to strengthen the supervision and management of
bicycle-sharing companies. The government needs to formulate a complete, feasible and binding
regulation for bicycle-sharing companies. Besides, the management responsibilities within the
government should be clarified and management norms should be implemented effectively.
2. The government, enterprises and society should strengthen the supervision and management
of users. The government and society should strengthen the publicity of parking shared bikes in
order. The government and enterprises shall formulate clear parking standards or regulations of
parking shared bikes, and violators shall be dealt with in strict accordance with the provisions.
3. The sharing-bicycle companies shall provide reasonable and sufficient parking space for users
and shall clearly remind users to park shared bikes in accordance with parking regulations.
The sharing-bicycle companies may cooperate with the government to provide parking space
or adopt technical means to meet users’ parking needs. 4. When setting up parking spaces,
sharing-bicycle companies and governments should set up some guidance signs to facilitate
users to find parking spaces. At the same time, the whole parking space and the single parking
unit should be clearly demarcated to help users park shared bikes in order. 5. Users also need
to correct their attitude, observe the usage and parking rules of Shared bikes to create a good
environment for sharing bikes. 6. The sharing-bicycle companies should increase the investment
in operation and maintenance and provide sufficient operation and maintenance personnel to
ensure the good condition of vehicles. They should also constantly optimize the strategy of
vehicle distribution according to users’ demand to create a good experience for users.
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Abstract: In this paper, we explore users’ intentions to use bike-sharing systems (BSS) compared to
traditional competitive transport modes—private car, bus and walking. Fueled by the increasingly
rampant growth of shared economy and Information and Communication Technology (ICT),
shared mobility is gaining increasing traction. The numbers of shared mobility schemes are rapidly
growing worldwide and are accompanied by changes in the traditional vehicle ownership model.
In order to pinpoint the factors that strongly affect the willingness to use BSS, a stated preference
survey among car and bus users as well as pedestrians was designed and conducted. Binary logit
models of the choice between the currently preferred transportation modes and BSSs were developed,
for short and long-duration trips, respectively. The results highlight a distinctive set of factors
and patterns affecting the willingness to adopt bike-sharing: choice is most sensitive to travel time
and cost of the competitive travel options. In general, users are more willing to make the switch
to a BSS, especially for short trip durations, when their typical mode of transport becomes more
expensive. Bike-sharing also seems to be a more attractive option for certain user socio-demographic
groups per mode and trip duration (age, education level, employment status, household income).
Trip characteristics such as trip purpose and frequency were also found to affect the willingness to
choose BSS. In general, BSS seem to mainly attract bus users and pedestrians, while car users may use
BSS more sparingly, mainly for commuting purposes.

Keywords: sharing economy; bike-sharing; stated preference; discrete choice models

1. Introduction

In the last decade, a tremendously intense transition from an “ownership” model to a “shareship”
status has occurred in all aspects of global economy. This adaptation is primarily observed in
one of the economy’s main pillars, that of transport and mobility. Cohen and Shaheen [1] defined
shared mobility as “an innovative transportation strategy that enables users to have short-term access
to a mode of transportation (vehicle, bicycle, or other low-speed travel mode) on an as-needed
basis”. In a broader context, shared mobility is an umbrella term that encompasses several service
models, including bike-sharing, car-sharing, ride-sharing (carpooling, vanpooling), ride-hailing,
scooter-sharing, shared parking, public transit services, courier network services (shared trucks,
electric vehicles, electric cargo bikes), etc. [1,2]. Shared mobility services are constantly expanding and
improving, often by integrating new innovative technologies like autonomous vehicles [3].

Within this framework, over the last two decades, the bike-sharing concept has gradually
turned into a mainstream form of urban mobility in numerous cities around the world, providing a
viable alternative mode of transport for short or medium urban distances [4,5]. To describe
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bike-sharing, several definitions have already been provided in the literature [4,6,7]. In this context,
Mátrai and Tóth [8] reviewed the already existing definitions of the bike-sharing concept, all of
which include some of its core characteristics: bike rental schemes, shared mobility, short-term
access, point-to-point urban trips. The anticipated benefits and positive effects of bike-sharing
include, traffic congestion alleviation, reduced fuel consumption, emissions reduction and air quality
improvement, road safety improvement, physical activity increase and public health improvement,
accessibility and multi-modality enhancement, reduced individual mobility costs and quality of urban
life, to name a few [9–13]. Considering its expected contribution to a set of key objectives, bike-sharing
is broadly believed to be a significant component of sustainable urban mobility [1,5,8,14]. Some studies
recognized that bike-sharing, along with an effective public transport system and a demand management
policy formulation, may be an important driver for achieving sustainability goals [3,14].

Although bike-sharing systems have existed for about sixty years, the last two decades have
witnessed a significant growth and spread of such schemes in many cities across the globe [9].
During their historical evolution, bike-sharing schemes have passed through different stages,
having undergone several changes regarding their core characteristics. The evolution of bike-sharing
systems could be categorized into four stages, also called “generations” [3,8,15]. The first generation of
bike-sharing, also known as “white bikes”, emerged in 1965 in the Netherlands. A few regular bikes
were painted white, randomly distributed across the city and provided for public use, free of charge.
In the absence of any security measure to prevent bicycles from being stolen or vandalized, the general
failure of these systems was inevitable [9,16]. The problems experienced by the first generation
bike-sharing systems, stressed the need for a more structured and secure approach, adopted by
the second generation systems. The latter, broadly known as “coin-deposit systems”, were initially
developed in Denmark in the early 1990s. Although the incorporation of specially designed bikes and
coin-deposit docking stations made second generation systems more reliable, bike theft remained a
major problem, resulting from low deposit fees and user anonymity [9,16].

The transition to the third-generation bike-sharing, is inseparably linked with the rapid
development of Information and Communication Technology—ICT. Third generation systems
became increasingly popular, incorporating advanced technologies, such as RFID (Radio-Frequency
Identification) and GPS (Global Positioning System), that enabled bicycle and user information
tracking. The utilization of such technologies not only helped systems deter bike theft, but also
made them capable of monitoring and controlling bike usage. The substantial contribution of ICT
to the evolution of the third bike-sharing generation, is reflected in the term “IT-based systems”,
which is broadly used to describe such programs. The first typical example of this type of bike-sharing
system, was developed in France [5,9,16]. The knowledge gained so far, has already set the scene
for an emerging fourth generation bike-sharing model. Such a concept was initially introduced by
Shaheen et al. [9], referring to demand-responsive, multi-modal systems with innovative characteristics:
electric bicycles, enhanced user interface, integration with public transport, bicycle redistribution
innovations, GPS tracking, smartphone applications for real-time information, etc. [4,9,17].

During recent years, a consistently increasing trend towards sustainability and reduced energy
consumption has been pursued by existing and developing urban transport policy regulations [18].
Multiple, competing or cooperating solutions have been examining regarding this problem in lieu of
car usage, that has been dominating the urban transport landscape for decades with repercussions
for environmental, social and economic sustainability. Bike sharing is considered one of the most
promising solutions to this problem.

While bike-sharing thrives around the world, its low usage gives a definitive cause for concern
and further analysis. For the development of smarter and viable bike-sharing systems, so as to be
consolidated as convincing mode choice options, it is important to recognize those factors affecting
their usage. Since future demand and long-term sustainability of such systems are in doubt [9], a better
understanding of those factors could provide valuable insights for the improvement of their efficiency
and promotion of their usage [19].
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Literature Review

Several studies have already attempted to identify the factors influencing bike-sharing usage,
mainly using revealed preference data, including system-use data and data from specifically designed
user surveys. Within this context, various factors broadly considered to affect bike-sharing usage
were examined, such as individual socio-demographic characteristics (gender, age, occupation,
education level, monthly income, household bicycle ownership, etc.), individual travel patterns
(trip mode, travel time, trip purpose, etc.), transportation infrastructure, land-use and built environment
characteristics, bike-sharing facilities, as well as environmental conditions.

Largely based on system-use data, a certain number of studies sought to recognize the effect of
individual socio-demographic characteristics and travel patterns on bike-sharing usage. Major examples
of such papers are presented next.

Shaheen et al. [20] conducted a survey in Hangzhou, China, with the overall aim of capturing the
determinants of bike-sharing usage and adoption. Having developed two different questionnaires
addressed to bike-sharing members and non-members, the authors examined the potential influence of
several factors on bike-sharing usage, which could be grouped into four main categories: travel behavior
(travel patterns), sociodemographics, psychographics (attitudes towards cycling conditions and
environmental issues), and bike-sharing perception and satisfaction degree. The results suggested that
bike-sharing members were likely to be less than 45 years old and have a moderate household income,
indicating the potential influence of these two variables on bike-sharing usage. Moreover, bike-sharing
membership was found not to be negatively affected by high car ownership rates, while bicycle
ownership was found to be positively related to greater interest in bike-sharing.

Fuller et al. [21] used data collected by a random-digit dialing telephone survey, seeking to detect
correlations between several factors and BIXI (a bike-sharing scheme in Montreal, Canada) usage.
A multi-variate logistic regression analysis was conducted, which led to the identification of significant
positive correlations between bike-sharing usage and (a) the closer proximity of home addresses to
docking stations, (b) the 18–24 age group, (c) higher levels of education (university educated), (d) the
return from work trip purpose and (e) the use of bicycle as the primary mode of transport to work.

Ogilvie and Goodman [22] used system-registration data, seeking to detect inequalities in Barclays
Cycle Hire usage, in London UK. The authors examined the relationship between bike-sharing usage
levels and various explanatory variables, including gender, income deprivation, etc. To that end, a GIS
(Geographic Information System)-based, linear regression as well as a logistic regression analysis were
performed, leading to the following outcomes: compared to the general population, system members
were more likely to be male and live in relatively wealthy areas or in areas of high cycling prevalence.
Considering the lower docking station density found in the deprived areas and the trip frequency of
users living there, the lower rates of bike-sharing adoption among these areas were attributed to the
docking station location. The demographics of system members were also found to be different to
those of the general population, in another study concerning Capital Bikeshare system in Washington,
DC, USA [23]. The report came up with significant findings, recognizing that when compared to all
commuters in the region, bike-sharing members were more likely to be noticeably younger, male, highly
educated and slightly less affluent than regional population. Furthermore, bike-sharing members were
more likely to live and work within urban areas.

Based on data coming from a pre-existing household travel survey and CaBi (Capital Bikeshare)
system-use data, Buck et al. [24] found that, in regard to demographics, socio-economics and
travel patterns, significant differences do exist not only between bike-sharing users and the general
population, but also between bike-sharing users and traditional cyclists. The analysis concluded that,
when compared to traditional cyclists, bike-sharing users were more likely to be younger and female,
belong to lower income groups, own fewer cars and bicycles and cycle for personal and work trips.
Moreover, the analysis recognized that bike-sharing users mainly shifted from public transport and
walking trips.
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Guo et al. [19] applied a bivariate ordered probit modelling approach to explore factors affecting
bike-sharing usage and satisfaction among the bike-sharing user population in Ningbo, China.
A questionnaire survey was used to collect bike-sharing usage and satisfaction data as well as other
variables that include socio-economic characteristics and travel patterns. The survey was carried
out among bike-sharing members. The statistical analysis of the results indicated that the usage of
bike-sharing was affected by gender, household bicycle/ebike ownership, trip mode, travel time,
bike-sharing stations location and users’ perception of bike-sharing. Additionally, the degree of
satisfaction with bike-sharing was affected by household income, bike-sharing station location and
users’ perception of bike-sharing.

Analyzing system-usage data collected by a survey of users, Yang et al. [25] compared the
bike-sharing systems of Beijing, Shanghai and Hangzhou in China, aiming to explore potential
differences between trip purpose frequencies. The study did not find a specific trip purpose to be
related to increased bike-sharing usage; on the contrary, significant differences in trip purpose were
identified across the three cities examined. In Beijing, nearly 45% of users reported bike-sharing
usage for journeys to work, compared to 18% for both Shanghai and Hangzhou. On the other hand,
in Shanghai, almost 50% of the respondents reported bike-sharing usage for the return from work trip,
compared to 29% for Beijing and 23% for Hangzhou. Furthermore, convenience and integration with
public transit (metro), were found to be significant factors positively related to bike-sharing usage.

Jensen et al. [26] used bike-sharing ridership data provided by the operator of Lyon’s system,
in an attempt to understand cyclists’ average speed and travel characteristics. The authors identified
that trip distances between the system’s stations appeared to be shorter compared to the distances that
a car user would need to cover in order to travel between these two points. Furthermore, bike-sharing
ridership data revealed that the average cyclists’ speed ranged between 10 km/h and 14.5 km/h,
which made bicycle travel faster than car travel in inner city areas. The study concluded that travel
time was a significant factor influencing bike-sharing usage and consequently, the desired modal shift
to bike-sharing is heavily dependent on creating conditions favourable to bike-sharing route choice.

Martin and Shaheen [27] used data from a survey conducted in collaboration with Nice Ride
Minnesota and Capital Bikeshare schemes, to explore the shift towards public transit as a consequence
of bike-sharing. Data collected were analyzed in conjunction with geospatial data and the respondents
were mapped depending on their modal shift towards or away from bus and rail. The study also analyzed
respondents’ socio-demographic characteristics related to modal shift (age, gender, household income,
education level, etc.), performing cross-tabulation and ordinal regression analysis. A number of
different factors were found to be associated with shifting towards public transit, including increased
age, being male, living in lower density areas and longer commute distances.

In their review paper, Fishman et al. [28] critically examined previous studies related to
bike-sharing, in order to identify knowledge gaps and provide an outline of the global research
on bike-sharing. Through an extended literature review, the authors recognized that convenience and
value for money were the most significant components in members’ motivation to use bike-sharing
schemes. Additionally, private bicycle ownership was identified to be positively related to bike-sharing
membership. Lastly, this paper reported that bike-sharing was far from substituting car usage
and highlighted a literature gap regarding the perceptions and attitudes of bike-share non-users
(especially car users) towards bike-sharing.

Mostly using system-use data, several studies focused on exploring the effect of transport
infrastructure, bike-sharing facilities and operations, land use characteristics and weather conditions
on bike-sharing usage.

Conducting focus groups with members and non-members and carrying out a thematic analysis for
the collected data interpretation, Fishman et al. [29] sought to identify the major barriers and facilitators
towards using CityCycle, a bike-sharing system in Brisbane, Australia. The study recognized several
factors leading to low bike-sharing usage, including the lack of accessibility/spontaneity, overnight cease
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of operations of the system, sign-up procedure complexity and safety issues that stemmed from the
perceived lack of car driver awareness towards cyclists and poor bicycle infrastructure.

Analyzing system-use data provided by the operator, Buck and Buehler [30] explored determinants
of bike-sharing usage regarding the Capital Bikeshare system in Washington, DC, USA. A GIS-based,
bivariate correlation as well as a multiple regression analysis were performed, resulting in the
identification of a significant correlation between the existence of bicycle lanes and bike-sharing usage.
In addition, research findings suggested that population density and mixed land uses were major
factors towards encouraging bike-sharing usage.

Cervero and Duncan [31] used factor analysis to take into consideration the urban design
and land-use diversity dimensions of the built environment and estimated discrete choice models
for bicycles. Data were obtained from the 2000 Bay Area Travel Survey (BATS) and contained
information regarding socio-economic characteristics of all household members, as well as their
everyday activities, including travel and out-of-home activities. Data on built-environment, density and
land-use composition were collected for the year 2000 to match up with BATS travel records. The results
from the discrete choice models indicated that weekend and shopping trips were weakly related to
bicycling. It was also found that rainfall did not dissuade people from bicycling, while nightfall was
more of a barrier. Furthermore, the likelihood of bicycling was found to be increased with the number
of bicycles in a person’s household. Finally, mixed land use and balances of residences, jobs and retail
services seemed to work in favor of bicycling.

Zhao et al. [32] indicated that bike-sharing ridership and turnover rate tended to increase with
urban population, government expenditure and the number of bike-sharing members and docking
stations. Rixey [33] also suggested that bike-sharing network-based factors, including access to a
comprehensive network of stations, bikeways and proximity to bike stations, were highly important to
bike-sharing ridership levels, with the other demographic and built environment variables controlled
for. Population and retail employment density, as well as middle income levels, were also critical
factors in assessing bike-sharing demand.

The proximity of homes to docking stations and the increase in the number of docking stations
in residential neighborhoods, appeared also to have the greatest effect on the likelihood of using a
bike-sharing system, based on the study of Bachand-Marleau et al. [34]. Similarly, Wang et al. [35]
reported that the number of trips made with bike-sharing systems was associated with the proximity
to the central business district, accessibility to trails and distance to other bike-share stations.
In line with the aforementioned findings, Faghih-Imani et al. [36] concluded that transportation
infrastructure, bike-sharing facilities and weather conditions were all significant factors affecting
bike-sharing ridership.

The literature review indicated that previous research on factors influencing bike-sharing usage
was largely based on revealed preference data, namely, system-use data. On the contrary, little research
evidence exists on the identification of the major factors affecting bike-sharing usage, by using stated
preference data.

Campbell et al. [37] employed a stated preference survey to model those factors influencing the
choice to switch from an existing transportation mode to bike-share or e-bike-share in Beijing. To that
end, a mode choice survey was conducted and the collected data were used to develop a multinomial
logit model. The study examined trip characteristics and attributes, as well as environmental and
weather conditions in order to answer questions about bike-sharing adoption in Beijing. The results
of the multinomial logit model indicated that demand was mainly influenced by measures of effort
and comfort (trip distance, temperature, precipitation, poor air quality), whereas user demographics
were not found to strongly affect the mode choice of the respondents. Research also concluded that the
bike-sharing market in Beijing would mostly attract users from other sustainable modes of transport
(walking and public transport), rather than private car.

Using data collected by a combined revealed preference and stated preference survey,
Shengchuan and Yuchuan [38] developed structural equation models to explore the major factors
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affecting mode choice and bike-sharing user satisfaction. The overall aim was to identify potential
differences of behavior between bike-sharing users and non-users. The study identified the environment
of bike-sharing stations and their proximity to home or metro stations as major factors affecting peoples’
choice to use bike-sharing schemes. On the contrary, bike-sharing usage was found not to be affected
by trip purpose, occupation, income and car ownership. Moreover, the discrete selection model
developed showed that when compared to environment and distance, cost was found to play a much
less important role in peoples’ choice.

Table 1 summarizes the findings of the literature review by grouping factors into six categories;
sociodemographic, spatial or infrastructure characteristics, BSS (Bike-Sharing System) characteristics,
user behavioral attributes, trip and mobility characteristics and weather/environment characteristics.
It also includes a short description of the methods of analysis that were used in each study and the
study area.

From the above-mentioned Table, it can be seen that a large part of the literature has exhaustively
gone over factors that affect bicycle choice and the characteristics of existing BSS users. On the other
hand, much less has been done to examine the incentives that would be necessary for users of
other modes of transport to shift to BSS; this examination poses a different question that might be
crucial towards shaping a more sustainable urban mobility future. This research gap has also been
identified by the pertinent literature. Are users who belong to certain sociodemographic groups or
have certain predispositions more prone towards using a BSS? What levels of cost and time gains
would persuade users of different modes of transport to switch to a BSS? Several of the studies have
found, or hypothesized, that users that shift towards BSS are mainly pedestrians or public transport
users and not car users. Are those values different for car or public transport users? Do they change
based on the duration of the trip? This paper aims to answer the above in the shape of three research
questions:

1. How likely are users with an existing mode choice behavior to shift to a BSS? Does this differentiate
among the users with different mode choice?

2. Does and to what extent trip duration affect the probability of choosing a BSS? Should urban
transport planning policy be reformulated/adapted to the new challenges?

3. Which individual factors affect the willingness to choose the BSS in favor of currently preferred
(and competitive) modes of transport and in what way?
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Table 1. Review of studies on factors affecting willingness to use Bike Sharing Systems.

Authors Year Study Area Sociodemographic
Spatial/

Infrastructure
System

Characteristics
Behavioral

Mobility
and Trip

Characteristics

Weather/
Environmental

Method of Analysis

Cervero & Duncan 2003 Bay Area, USA X X X X
• Discrete choice model that used
data from the Bay Area Travel
Survey and spatial data

Jensen et al. 2010 Lyon, France X
• Analysis of BSS users’ average
speed and trip characteristics using
BSS ridership data

Shaheen et al. 2011 Hangzhou, China X X • Questionnaires that compared BSS
members to non-members

Fuller et al. 2011 Montreal, Canada X X X X
•Multi-Variate Logistic Regression
using random-digit dialing
telephone surveys

Yang et al. 2011 Beijing, Shanghai &
Hangzhou, China X X

• Comparison between different
cities using system-usage data
collected via user surveys

Ogilvie & Goodman 2012 London, UK X X • Linear and logistic regression
using system-registration data

LDA consulting 2012 Washington DC, USA X X • Comparison between BSS
members and general population

Fishman et al. 2012 Brisbane, Australia X X X X
• Thematic groups of focus groups
data with members and
non-members

Buck & Buehler 2012 Washington DC, USA X

• GIS-based, bivariate correlation
and a multiple regression analysis
using system-use data provided by
the operator

Bachand-Marleau et al. 2012 Montreal, Canada X X
• Binary logistic model and linear
regression model using data from an
online survey

Buck et al. 2013 Washington DC, USA X X

• Differences between BSS members,
general population and traditional
cyclists using pre-existing household
travel surveys and CaBi
system-use data

Fishman et al. 2013 X X X • Literature Review
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Table 1. Cont.

Authors Year Study Area Sociodemographic
Spatial/

Infrastructure
System

Characteristics
Behavioral

Mobility
and Trip

Characteristics

Weather/
Environmental

Method of Analysis

Rixey 2013
Washington DC,

Minneapolis–St. Paul
and Denver, USA

X X X X

• Regression analysis that includes
demographic and infrastructure
characteristics and compares data
from three BSS

Shengchuan & Yuchuan 2013 Shanghai, China X X X X
• Structural equation models using
combined revealed and stated
preference data

Zhao et al. 2014 China X X • Regression and comparison of data
from 69 BSS

Faghih-Imani et al. 2014 Montreal, Canada X X X
• Linear mixed models using
minute-by-minute availability data
from BSS stations

Wang et al. 2015 Minneapolis–St. Paul,
USA X X

• Log-linear and negative binomial
regression using data from the BSS
operator and the 2010 U.S. Census,
regional planning agencies and
local government

Campbell et al. 2016 Beijing, China X X X •Multinomial choice model using
stated preference data

Guo et al. 2017 Ningbo, China X X X X
• Bivariate ordered probit model
using survey among BSS
members data
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2. Materials and Methods

2.1. Case Study Area

Located in Northern Greece, Thessaloniki is the second largest city of Greece and one of the major
cities in Balkans and the Mediterranean. The Metropolitan area of Thessaloniki covers a geographic
area of 1455 km2 and its population exceeds the 1,000,000 inhabitants [39,40]. The only available
mass transit option is the bus, while at the same time bicycle usage is very low (less than 5%) and the
bicycle infrastructure is limited (almost 12 km of cycleways). Over the last decades, the modal share of
private vehicles has increased from 58% to 68% (+10%), while the modal share of public transport has
decreased from 40% to 28% (−12%) [41].

The BSS in Thessaloniki began its operation in 2013. To date, it remains private and includes
200 bikes and eight stations, mainly located along the city’s waterfront. The system provides access
to its users with an electronic subscriber card and the charge for renting a bicycle includes a cost for
accessing the system and a cost for using a bicycle, depending on the usage period. The minimum
charge for renting a bicycle is 1€ (for non-registered users) and the maximum permissible duration of
each rental is 24 h. The BSS has so far recorded more than 20,000 subscribers. However, in recent years,
there has been a reduction in the number of subscribers (−5%) as well as in the average journey time of
bicycle trips (−25%) [42,43].

In 2018, a pilot run of a dockless BSS was launched in Thessaloniki. The bicycle fleet is entirely
composed of electric bikes which do not require a docking station and can be locked/unlocked using a
smartphone app [44]. The promotion of bike-sharing networks has emerged as a priority action for the
city of Thessaloniki, as emphasized in the recently published action guide of the “100 Resilient Cities”
network entitled “Resilient Thessaloniki: A strategy to 2030” [39].

2.2. Methodology

2.2.1. Data Collection

In order to collect the necessary data to quantify the identified research questions, a stated
preference survey was designed and created in the limesurvey platform [45]. The survey’s structure
is shown in Figure 1 and targeted the users of the two dominant modes of transport in Thessaloniki,
the private car and the public bus as well as the pedestrians, which account for the vast majority of
trips in the city. The design of the study focuses separately on the 3 main travel choices of the city,
since they reflect completely different mobility needs, purposes, flexibility levels, safety and security
demands, etc. Multimodal trips were not taken into consideration, since scarcely any multimodal
activity takes place in the city (the multimodal transfer rate is equal to 1.0). Users of privately owned
bikes were also not included in the survey as they account for an extremely small percentage of the trips
in the city [46]. In the first section, respondents were asked about their personal sociodemographic
characteristics and whether they own a private bicycle or not. In the second, they were asked about the
trip characteristics of their most recent frequently repeated trip, including their estimated or perceived
total duration, In Vehicle Time (IVT), Out of Vehicle Time (OVT) and cost. As those terms might have
been confusing for many of the respondents, the terms were explained to them in detail in the relevant
questions’ descriptions. Afterwards, they are provided with a thorough but concise description of the
dockless BSS. Finally, they were presented with a stated preference game, in the form of conjoint tasks
and were asked to choose between the BSS and their revealed, currently primary mode of transport
(car, public bus or walking) for their most recent frequently repeated trip.
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Figure 1. Survey Structure.

As can be seen in Figure 1, the survey’s stated preference game was adaptively designed and
incorporated different scenarios based on the respondent’s answers in the second section of the survey.
Depending on their preferred mode of transport and their total trip duration, the stated preference
games that were displayed to the respondents were calculated dynamically. Differences between
expected OVT, IVT and cost values for the three dominant city transport modes and the BSS alternative
were estimated for three trip durations (short, medium and long), by taking into consideration typical
elements of a generalized trip cost such as average private car speed in the city, fuel consumption of
the average car in the city fleet, average fuel cost, parking fees, maintenance fees and depreciation rates
of private cars, average commercial speed of the city buses, average bus stop waiting time, bus fare,
average walking speed and average cycling speed. The estimation of those elements, for the specific
case of Thessaloniki, was made possible by previously performed traffic analyses, case studies and
a macroscopic traffic demand model of the city [46]. Based on those estimations, the factor levels of
the BSS trip characteristics were calculated. The BSS IVT and OVT were calculated as percentages of
the revealed IVT and OVT for the respondents’ transport mode of preference, while the flat charging
rates were used for the BSS cost. The full combination of 3 factors with 3 levels each would be
33 = 3 × 3 × 3 = 27 different choice combinations. In order to reduce the amount of presented choice
scenarios, a fractional factorial design with orthogonality and dominance criteria was applied and
resulted in 9 games (choice sets). The factor levels used in the stated preference game are shown in
Table 2. The respondents were asked to choose between repeating the same trip with their current mode
of preference (with the IVT, OVT and Cost they had already revealed) or the alternative option of the
dockless BSS choice (with IVT, OVT and cost that change with each game). The differing factor levels of
the BSS IVT and OVT, as well as the different pricing of the BSS, based on duration, were mainly used
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to adjust BSS characteristics and have a much smaller effect on the outcome than different available
choices based on previous answers would have. An example of the stated preference game questions
can be seen in Figure 2 (The choice the respondents were put up to in the stated preference game,
referred to their most recent frequently repeated trip, for which the respondents have already chosen
their currently primarily selected mode of transport. So, it is a choice between an option they have
already made and a not-yet-implemented mode of transport that would have been soon added to the
city’s mobility ecosystem. Only the BSS characteristics changed between the different scenarios of
the games). The same type of illustration was chosen for competitive modes, in order to avoid bias.
The respondents could see values of the mode characteristics, in terms of time and cost.

Table 2. Factor Levels of the Stated Preference Game.

Car Bus Walk

≤15
min

15–25
min

25<
min

≤25
min

25–35
min

35<
min

≤10
min

10–20
min

20<
min

IVT (% of
revealed In

Vehicle Time)

Level 1 70 100 110 90 80 70 80 80 70
Level 2 50 80 90 80 70 50 70 70 60
Level 3 30 60 70 70 60 40 60 60 50

OVT (% of
revealed Out of
Vehicle Time)

Level 1 100 100 100 80 80 80 N/A N/A N/A
Level 2 80 80 80 60 60 60 N/A N/A N/A
Level 3 60 60 60 40 40 40 N/A N/A N/A

Cost (€)

Level 1 1.5 2 2.5 1.5 2 2.5 1.5 1.5 1.5
Level 2 1 1,5 2 1 1,5 2 1 1 1
Level 3 0.5 1 1.5 0.5 1 1.5 0.5 0.5 0.5

≤
≤ ≤

 

                                                 
1 The choice the respondents were put up to in the stated preference game, referred to their most 
recent frequently repeated trip, for which the respondents have already chosen their currently primarily 
selected mode of transport. So, it is a choice between an option they have already made and a not-yet-
implemented mode of transport that would have been soon added to the city’s mobility ecosystem. Only the 
BSS characteristics changed between the different scenarios of the games. 

Figure 2. Example of the stated preference games questions as they were presented to the respondents.

Due to the demanding nature of the survey—as it included both terms that many respondents
might have been unfamiliar with and a stated preference game—it was decided that data collection
should take place on field. Passers-by were randomly approached by interviewers at the city’s main
intersections and poles of attraction. The interviewers were carefully trained and were equipped with
tablets that loaded the online survey. After the interviews, answers were immediately submitted
and stored. In order to avoid early morning peak hour, when the vast majority of the respondents
would be too busy on their way to and from work, the interviews took place from 10:00 to 20:00.
The interviews took place from April to May 2019 and 500 questionnaires were considered as valid for
further analysis. Table 3 shows a comparison between sociodemographic characteristics of the collected
sample (gender and age group) and the population of the Thessaloniki regional unit. The ages of the
respondents are shifted towards the younger age groups as older age groups were more unwilling to
answer the survey.
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Table 3. Sociodemographic sample and population comparison.

Variable Factor Levels Sample Count Sample Percentage Population Percentage

Gender Male 245 49% 47.8%
Female 255 51% 52.2%

Age Group 18–24 139 28% 10.9%
25–34 154 31% 17.8%
35–44 88 18% 18.8%
45–54 66 13% 17.1%
55–64 36 7% 13.8%
>64 17 3% 21.7%

2.2.2. Data Manipulation Based on Trip Duration

For the purposes of this paper the “short” and “medium” trip durations, as they can be seen
in Table 2, were unified into one category. This was done in order to achieve a more concise and
immediate interpretation of the results and because the “short” and “medium” trip duration categories
were found to have more coherent mode choice behaviors, compared to the “long” trip category.
The thresholds for the short and long trip durations for each mode of transport were decided based on
data from a revealed preference survey from the city of Thessaloniki [46]. A duration threshold that
split the number of trips with a 2:1 short to long duration ratio was chosen for each mode of transport.
Figure 3 shows the distribution of trips by trip duration, while Table 4 shows the relevant ratios.
A slightly larger ratio was eventually chosen for the pedestrian trips due to the higher concentration of
trips in shorter durations.

 

Figure 3. Trip Distribution based on Trip Duration.

Table 4. Ratio of short duration to long duration trips.

Car Trips
(25 min Threshold)

Bus Trips
(35 min Threshold)

Pedestrian Trips
(20 min Threshold)

Short to Long Duration Ratio 1.84 1.94 2.59

2.2.3. Sample Sizes and Analysis Tools

Out of the 500 responses, 4500 observations/choices were derived and 4167 were eligible to be
included in the choice models, as they were the only ones that made a definitive choice of either the
BSS or the previously preferred transport mode. Observations that either answered “I don’t know” or
“probably” for either one of the choices were not used (representing less than 8% of the total responses).
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Table 5 shows the respondents and the observations that were included in each mode- and
duration-based sub-sample. Each sub-sample’s size, as can be seen in the table, was considered
adequate for model fitting.

Table 5. Sub-sample sizes.

Sub-Sample Respondents Observations/Choices

Car User Short Duration 113 923
Car User Long Duration 101 853
Bus User Short Duration 71 586
Bus User Long Duration 70 574

Pedestrians Short Duration 91 774
Pedestrians Long Duration 54 457

Binomial choice modeling techniques and, more specifically, a binary logit model [47], were utilized
to explore the data. The binary nature of the choice has already mentioned in this section;
since responders were asked to choose between their current mode of transport (without any
alterations at the trip characteristics) and a BSS alternative, there is no possibility to have shift
choices among the available/current modes of transport in the city. The analysis was performed with
the use of the R programming language [48]. The data handling, manipulation and the subsequent
analysis were performed with the following R packages: Dplyr [49], Plyr [50], Stringr [51], Pscl [52],
generalhoslem [53], ROCR [54], epiR [55] and ResourceSelection [56].

3. Results

This section presents the results of the binary logit choice models that have been developed
within the framework of the study for each for the three discrete population segments: car users,
bus users and pedestrians. Additionally, the above three population segments were further divided
into short and long segments based on the trip’s travel time, as stated by the respondents. So, overall,
six discrete datasets were examined and a separate binary logit model was developed for each one.
Three types of factors were examined; mode specific (cost, time), trip characteristics and socioeconomic.
In Tables 6–8, the six binary logit choice models are presented, for car users, bus users and pedestrians,
respectively. The statistically significant variables in the Tables (those with p-value less than 0.05)
are highlighted with bold font. For nominal and ordinal factors, the reference category was set as
follows: For Sex, the reference was set as the “Male” category; for Age, the reference category was the
interval “18–24 years old”; for Trip Frequency, the reference category was the “Daily” trips; for Trip
Purpose, the reference category was the “Work” purpose; and for Household Income, the reference was
the interval “0–400 euros”. Finally, two dummy variables were also considered; the first to examine
the preferences of higher educated responders (Bsc, Msc and Phd awarded) against those who had
primary and secondary education. The second one to examine differences between those who may
be considered as having a stable daily trip schedule (university student, employee, business owner)
against those who may not (freelancers, pensioner, unemployed, etc.).
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Table 6. Binary Logit Model of Mode Choice between private car and BSS for short and long trip durations for car users.

Short Trips (≤25 min) Long Trips (>25 min)

Estimate Std. Error z Value Pr(>|z|) OR Estimate Std. Error z Value Pr(>|z|) OR

(Intercept) −0.903 0.604 −1.497 0.134 0.405 6.536 1.082 6.043 <0.001 689.300
IVT.BSS (min) −0.258 0.031 −8.402 <0.001 0.772 −0.080 0.018 −4.447 <0.001 0.923
OVT.BSS (min) −0.099 0.130 −0.759 0.448 0.906 0.065 0.027 2.457 0.014 1.068

Cost.BSS (€) −1.463 0.196 −7.457 <0.001 0.232 −0.854 0.259 −3.303 0.001 0.426
IVT.Car (min) 0.173 0.028 6.289 <0.001 1.189 0.045 0.016 2.787 0.005 1.046
OVT.Car (min) 0.118 0.105 1.127 0.260 1.126 −0.041 0.021 −1.989 0.047 0.960

Cost.Car (€) 0.221 0.064 3.444 0.001 1.247 0.065 0.020 3.246 0.001 1.067

Frequency
2–3 Times a Day 0.413 0.308 1.341 0.180 1.512 −1.134 0.385 −2.946 0.003 0.322

3–5 Times a Week −0.470 0.223 −2.105 0.035 0.625 −0.132 0.280 −0.473 0.636 0.876
3–5 Times a Month 0.702 0.290 2.424 0.015 2.018 −0.556 0.354 −1.569 0.117 0.574

Purpose
Other Reasons −0.074 0.481 −0.153 0.878 0.929 −2.539 0.831 −3.055 0.002 0.079

Education −0.197 0.328 −0.599 0.549 0.821 −18.665 905.897 −0.021 0.984 0.000
Entertainment −0.861 0.288 −2.986 0.003 0.423 −2.304 0.482 −4.777 <0.001 0.100

Sex −0.436 0.187 −2.330 0.020 0.646 −0.467 0.233 −2.009 0.045 0.627

Age Group

25–34 0.139 0.258 0.537 0.591 1.149 −3.183 0.507 −6.278 <0.001 0.041
35–44 −0.056 0.284 −0.197 0.843 0.945 −2.942 0.521 −5.643 <0.001 0.053
45–54 0.359 0.293 1.227 0.220 1.432 −2.444 0.517 −4.724 <0.001 0.087
55–64 −0.458 0.455 −1.006 0.315 0.633 −5.510 1.142 −4.823 <0.001 0.004
>64 −15.027 458.368 −0.033 0.974 0.000 −18.076 601.093 −0.030 0.976 0.000

Higher Education 1.043 0.468 2.226 0.026 2.837 −1.964 0.648 −3.030 0.002 0.140
Stable Schedule 0.520 0.214 2.435 0.015 1.682 −0.818 0.245 −3.332 0.001 0.441

Goodness of Fit Metrics

Null deviance: 1209.31 on 922 degrees of freedom;
Residual deviance: 927.22 on 902 degrees of freedom;
AIC: 969,22; Number of Fisher Scoring iterations: 14;

McFadden R2: 0.230;
Hosmer and Lemeshow goodness of fit (GOF) test;

X-squared = 7.063, df = 8, p-value = 0.530

Null deviance: 793.36 on 852 degrees of freedom;
Residual deviance: 587.51 on 832 degrees of freedom;
AIC: 629.51; Number of Fisher Scoring iterations: 16;

McFadden R2: 0.259;
Hosmer and Lemeshow goodness of fit (GOF) test;

X-squared = 9.134, df = 8, p-value = 0.331
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Table 7. Binary Logit Model of Mode Choice between bus and BSS for short and long trip durations for bus users.

Short Trip (≤35 min) Long Trip (>35 min)

Estimate Std. Error z Value Pr(>|z|) OR Estimate Std. Error z Value Pr(>|z|) OR

(Intercept) 0.991 0.851 1.165 0.244 2.695 4.587 1.381 3.323 0.001 98.216
IVT.BSS (min) −0.325 0.067 −4.840 <0.001 0.722 −0.099 0.023 −4.321 <0.001 0.906
OVT.BSS (min) −0.208 0.054 −3.841 <0.001 0.812 −0.043 0.026 −1.672 0.094 0.958

Cost.BSS (€) −3.045 0.304 −10.021 <0.001 0.048 −2.122 0.303 −7.006 <0.001 0.120
IVT.Bus (min) 0.213 0.047 4.479 <0.001 1.237 0.036 0.016 2.277 0.023 1.036
Cost.Bus (€) 1.409 0.426 3.304 0.001 4.091 0.240 0.070 3.418 0.001 1.271

Frequency
2–3 Times a Day −0.505 0.387 −1.304 0.192 0.604 0.412 0.417 0.988 0.323 1.510

3–5 Times a Week −1.703 0.446 −3.817 <0.001 0.182 −0.754 0.365 −2.064 0.039 0.470
3–5 Times a Month −1.622 0.532 −3.049 0.002 0.198 −0.110 0.434 −0.253 0.800 0.896

Purpose
Other Reasons 0.286 0.506 0.566 0.572 1.331 0.500 0.809 0.618 0.537 1.649

Education 0.291 0.372 0.782 0.434 1.338 0.387 0.377 1.026 0.305 1.473
Entertainment 1.008 0.459 2.197 0.028 2.740 −0.765 0.453 −1.688 0.091 0.465

Sex 0.973 0.312 3.117 0.002 2.647 −0.148 0.284 −0.520 0.603 0.863

Age Group

25–34 −0.598 0.325 −1.841 0.066 0.550 0.369 0.325 1.136 0.256 1.446
35–44 −0.394 0.465 −0.849 0.396 0.674 0.375 0.466 0.805 0.421 1.455
45–54 −1.235 0.626 −1.973 0.048 0.291 −14.892 737.153 −0.020 0.984 0.000
55–64 −0.246 0.615 −0.400 0.689 0.782 −2.764 0.759 −3.640 <0.001 0.063
>64 −15.625 793.954 −0.020 0.984 0.000 - - - - -

Higher Education 2.586 0.500 5.167 <0.001 13.279 2.248 0.810 2.773 0.006 9.466
Stable Schedule −0.423 0.304 −1.389 0.165 0.655 −2.261 0.370 −6.108 <0.001 0.104

Household
Income

401–800 € 0.661 0.414 1.597 0.110 1.936 −0.898 0.439 −2.048 0.041 0.407
801–1200 € 0.439 0.461 0.954 0.340 1.552 −0.651 0.462 −1.409 0.159 0.521

1201–1600 € 0.899 0.466 1.930 0.054 2.457 −1.808 0.516 −3.506 <0.001 0.164
1601–2000 € 1.425 0.582 2.447 0.014 4.160 1.398 0.778 1.797 0.072 4.046
2001–2400 € 0.812 0.601 1.350 0.177 2.251 −2.089 0.695 −3.006 0.003 0.124

More than 2400 € 0.838 0.845 0.992 0.321 2.312 −1.016 0.537 −1.890 0.059 0.362

Goodness of Fit Metrics

Null deviance: 794.52 on 585 degrees of freedom;
Residual deviance: 509.28 on 560 degrees of freedom;
AIC: 561.28; Number of Fisher Scoring iterations: 15;

McFadden R2: 0.359;
Hosmer and Lemeshow goodness of fit (GOF) test;

X-squared = 4.900, df = 8, p-value = 0.768

Null deviance: 657.37 on 573 degrees of freedom;
Residual deviance: 494.46 on 549 degrees of freedom;
AIC: 544.46; Number of Fisher Scoring iterations: 15;

McFadden R2: 0.248;
Hosmer and Lemeshow goodness of fit (GOF) test;

X-squared = 16.693, df = 8, p-value = 0.033

Denotes that no responders were allocated at that segment.
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Table 8. Binary Logit Model of Mode Choice between walking and BSS for short and long trip durations for pedestrians.

Short Trip (≤20 min) Long Trip (>20 min)

Estimate Std. Error z Value Pr(>|z|) OR Estimate Std. Error z Value Pr(>|z|) OR

(Intercept) −2.227 0.902 −2.469 0.014 0.108 6.678 1.589 4.201 <0.001 794.572
T.BSS (min) −0.404 0.086 −4.699 <0.001 0.668 −0.178 0.053 −3.328 0.001 0.837

T.Walk (min) 0.517 0.069 7.507 <0.001 1.678 0.051 0.037 1.401 0.161 1.053
Cost.BSS (€) −3.138 0.342 −9.181 <0.001 0.043 −4.206 0.491 −8.560 <0.001 0.015

Frequency
2–3 Times a Day 0.433 0.367 1.178 0.239 1.541 0.976 0.894 1.092 0.275 2.654

3–5 Times a Week 0.278 0.376 0.738 0.460 1.320 2.048 0.620 3.303 0.001 7.752
3–5 Times a Month −0.384 0.440 −0.873 0.383 0.681 2.017 0.930 2.170 0.030 7.514

Purpose
Other Reasons 1.903 0.447 4.254 <0.001 6.708 −0.005 1.149 −0.004 0.997 0.995

Education 1.464 0.446 3.284 0.001 4.322 1.754 0.819 2.142 0.032 5.778
Entertainment 0.631 0.379 1.665 0.096 1.879 −1.612 0.774 −2.082 0.037 0.200

Sex −0.074 0.262 −0.281 0.779 0.929 1.585 0.503 3.154 0.002 4.880

Age Group

25–34 0.874 0.364 2.402 0.016 2.397 0.196 0.672 0.292 0.771 1.216
35–44 1.356 0.452 3.003 0.003 3.881 −0.552 0.911 −0.606 0.545 0.576
45–54 −1.240 0.538 −2.304 0.021 0.289 2.252 1.394 1.616 0.106 9.508
55–64 −1.743 0.686 −2.539 0.011 0.175 −3.790 1.232 −3.076 0.002 0.023
>64 −1.377 0.728 −1.892 0.058 0.252 0.408 0.907 0.449 0.653 1.503

Higher Education −0.770 0.371 −2.075 0.038 0.463 0.842 0.521 1.617 0.106 2.321
Stable Schedule −0.860 0.375 −2.296 0.022 0.423 −3.217 0.587 −5.476 <0.001 0.040

Household
Income

401–800 € −0.177 0.425 −0.416 0.677 0.838 −2.847 0.837 −3.400 0.001 0.058
801–1200 € −0.105 0.421 −0.250 0.803 0.900 −2.842 0.797 −3.564 <0.001 0.058
1201–1600 € 0.253 0.455 0.555 0.579 1.287 −3.267 0.993 −3.289 0.001 0.038
1601–2000 € −0.473 0.534 −0.887 0.375 0.623 −2.843 0.899 −3.164 0.002 0.058
2001–2400 € −0.143 0.614 −0.233 0.816 0.867 −0.584 1.105 −0.528 0.597 0.558

More than 2400 € 1.943 0.648 2.999 0.003 6.978 −6.939 1.534 −4.522 <0.001 0.001

Goodness of Fit Metrics

Null deviance: 758.27 on 773 degrees of freedom;
Residual deviance: 495.71 on 750 degrees of freedom;
AIC: 543.71; Number of Fisher Scoring iterations: 6;

McFadden R2: 0.346;
Hosmer and Lemeshow goodness of fit (GOF) test;

X-squared = 5.215, df = 8, p-value = 0.734

Null deviance: 530.31 on 456 degrees of freedom;
Residual deviance: 276.40 on 433 degrees of freedom;

AIC: 324.4; Number of Fisher Scoring iterations: 7; McFadden R2: 0.479;
Hosmer and Lemeshow goodness of fit (GOF) test;

X-squared = 6.209, df = 8, p-value = 0.624
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3.1. Car Users Datasets

All the mode-specific variables were found to be statistically significant for the long-duration
model, while only OVT of the car and BSS trips were not found to be statistically significant for the
short-duration model. Increased BSS cost harshly reduces the probability of preferring the BSS for both
trip durations (0.2 and 0.4 of the odds of preferring a car per increased Euro of BSS cost, respectively).
Increased car cost makes it more likely to prefer the BSS, which is more profound for the short-duration
model (1.19 and 1.07 of the odds of preferring the car per increased Euro of car cost, respectively).
Increased IVTs of the BSS decrease the probability of preferring the BSS (0.77 and 0.92 of the odds of
preferring a car per increased minute of BSS IVT for the short and long duration model, respectively).
Increased IVT of the car increases the probability of preferring the BSS (1.19 and 1.05 of the odds of
preferring a car per increased minute of car IVT for the short and long duration model, respectively).
On the other hand, increased OVT of the BSS slightly seems to increase the probability of preferring
the BSS for the long duration model (1.068 of the odds of preferring the car per increased minute of
BSS OVT) and increased OVT of the car seems to decrease the probability of preferring the BSS for the
long duration model (0.96 of the odds of preferring a car per increased minute of car OVT).

Regarding trip characteristic variables, both trip frequency and trip purpose were found to be
statistically significant for both trip durations. For short-duration trips, car users that repeat the trip
3–5 times a week were less likely to prefer the BSS compared to users that repeat the trip daily. On the
other hand, users that repeat the trip less frequently (3–5 times a month) are more likely to prefer the
BSS for that trip duration. For long-duration trips, car users that repeat the trip multiple time a day
are less likely to prefer the BSS compared to users that repeat the trip daily. For both trip durations,
car users are less likely to choose the BSS for trips with entertainment as the trip purpose, compared to
commuters. For long-duration trips, trips with “other reasons” as a purpose are also less likely to be
done with the BSS rather than the car.

Out of the variables describing the socioeconomic characteristics of the car users, the variables for
sex, education level and occupation were statistically significant for both the short and long-duration
model, while the users’ age group was statistically significant for the long-duration model. Female users
are less likely to prefer the BSS for both trip durations. Having a higher level of education and a stable
form of occupation was found to increase the probability of choosing the BSS for short-duration trips
but decrease it for long-duration ones. For long-duration trips, all age groups were much less likely to
prefer the BSS compared to the reference age group “18–24” (odds ratios ranging from 0.004 to 0.087).

3.2. Bus Users Datasets

IVTs and cost of the BSS and the bus were found to be statistically significant for both trip durations,
while only the OVT of the BSS was found to be statistically significant for short-duration trips. Increased
BSS cost intensely reduces the probability of preferring the BSS for both trip durations (0.05 and
0.12 of the odds of preferring the bus per increased Euro of BSS cost, respectively). Increased bus
cost increases the probability of preferring the BSS for both durations, but to a greater degree for
short-duration trips (4.09 and 1.27 of the odds of preferring the bus per increased Euro of bus cost,
respectively). Increased IVT of the BSS acts as a deterrent towards bus users preferring it, both for
short and long duration trips (0.72 and 0.91 of the odds of preferring the bus per increased minute of
BSS IVT, respectively). Increased OVT of the BSS seems to reduce the probability of preferring the
BSS for short duration trips (0.81 of the odds of preferring the bus per increased minute of BSS OVT).
Increased IVT of the bus increases the probability of the BSS being preferred for both trip durations but
more intensely for short duration trips (1.24 and 1.04 of the odds of preferring the bus per increased
minute of bus IVT, respectively).

Trip frequency was included in both trip-duration models, while trip purpose was found to be
statistically significant only for short-duration trips. Bus users that repeat the trip 3–5 times a week are
less likely to prefer the BSS for both short and long-duration trips, compared to users that repeat the
trip daily. Bus users that repeat the trip 3–5 times a month were found to be less likely to prefer the
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BSS just for the short-duration model. Bus users are more likely to prefer the BSS for short-duration
trips and for trips with entertainment as the purpose.

Regarding the variables describing the socioeconomic characteristics of the bus users, the variables
for the users’ age group, education level and household income were found to be statistically significant
for both the short and long-duration models, while the variables of the users’ sex and occupation
schedule stability were only statistically significant for the short and long-duration models, respectively.
Female bus users have a higher probability of preferring the BSS for short-duration trips. For both trip
lengths, certain older age groups of users are less likely to choose the BSS compared to the reference age
group “18–24”. More specifically, for short duration trips, the age group “45–54” has 0.29 of the odds
of the reference age group “18–24” regarding preferring the BSS. For long duration models, the age
group “55–64” has 0.06 of the odds of the age group “18–24” regarding preferring the bus. Having a
higher education level makes it more likely to prefer the BSS. Having an occupation with a stable
schedule seems to decrease the probability of preferring the BSS for long-duration trips. Users with a
higher household income seem more likely to prefer the BSS for short-duration tips and less likely for
long-duration trips. For the short duration trips, the household income groups “1201–1600 €” and
“1601–2000 €” have 2.46 and 4.16 of the odds of the group “0–400 €”, respectively, regarding preferring
the BSS. For longer duration trips, the household income groups “401–800 €” and “1201–1600 €” have
0.41 and 0.16 of the odds of the group “0–400 €”, respectively, regarding preferring the BSS.

3.3. Pedestrian Datasets

Regarding mode-specific variables, the cost and the duration of the BSS trip were found to be
statistically important for both the short and long-duration models, while the duration of the trip by
foot was only found to be statistically significant for the short-duration model. Increased BSS cost
harshly reduces the probability of pedestrians preferring the BSS both for short and long duration
trips (0.04 and 0.015 of the odds of preferring to walk per increased Euro of BSS cost, respectively).
The increased duration of the BSS trip reduces the probability of being preferred, especially for the
short-duration model (0.67 and 0.84 of the odds of preferring to walk per increased minute of BSS time
for short and long duration trips, respectively). Increased duration of the trip by foot increased the
probability of the BSS being chosen for the short-duration model (1.68 of the odds of preferring to walk
per increased minute of walking time).

Trip frequency was only found to be statistically significant for long-duration trips, while trip
purpose was found to be statistically significant for both short and long trip duration models.
Pedestrians that repeat the trip less frequently (3–5 times a week or 3–5 times a month) are much
more likely to prefer the BSS for long-distance trips compared to pedestrians that repeat the trip
daily. Pedestrians with education as a trip purpose are more likely to prefer the BSS compared to
pedestrians with work as a trip purpose for both trip durations, something that is also observed for
pedestrians with “other reasons” as a trip purpose for short-duration trips. For long-duration trips,
pedestrians with entertainment as a trip purpose are less like to prefer the BSS.

Regarding the variables describing the socioeconomic characteristics of the pedestrians,
the variables for the pedestrians’ age group, occupation schedule stability and household income
were statistically significant for both trip length models, while the variables for the users’ level of
education and sex were only found to be statistically significant for the short- and long-duration
models, respectively. For the short-duration model, pedestrians within the age group of 25–44 have
increased probability of preferring the BSS compared to the reference age group of “18–24” (2.4 and
3.89 of the odds of preferring to walk for the age groups “25–34” and “35–44”, respectively, compared
to the age group “18–24”), while pedestrians in the age group “45–64” have decreased probability in
comparison (0.29 and 0.18 of the odds of preferring to walk for the age groups “45–54” and “55–64”,
respectively, compared to the age group “18–24”). For long duration trips, only the age group “55–64”
has decreased probability of preferring the BSS compared to the age group “18–24” (0.023 of the odds
of preferring to walk). For short duration trips, household incomes of more than 2400 € appear to
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have increased probabilities of choosing the BSS compared to the reference household income group
“0–400 €” (6.98 of the odds of preferring to walk). For longer duration trips, all household income
categories except the “2001–2400 €” have increased probabilities of preferring the BSS compared to
the reference group (0.001 to 0.058 of the odds of preferring to walk). Female pedestrians are more
likely to prefer the BSS for long-duration trips, while the pedestrian’s gender did not seem to affect
short-duration trips. Having a stable occupation schedule decreases the chance of preferring the BSS
for both trip durations but more intensely so for long-duration trips. In addition, pedestrians with a
higher education were less likely to prefer the BSS for short-duration trips but education was found to
have no statistically significant effect for long-duration trips.

The variables found to affect the probability of preferring the BSS over each competitive
transportation mode, for short and long duration trips, respectively, is visualized in the Venn diagrams
of Figures 4 and 5.

 

Figure 4. Short distance models’ significant factors per current transport mode.

 

Figure 5. Long distance models’ significant factors per current transport mode.
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3.4. Models’ Goodness of Fit Tests

The statistical tests undertaken show a good fit of the proposed models. The Hosmer and
Lemeshow Goodness of Fit test failed for the long-distance bus users model but literature has shown
that the test’s results can be inaccurate for data sets with a number of covariate patterns less than the
number of subjects, as is the case for the data of the long-duration model [57].

Figure 6 shows the Receiver Operating Characteristic (ROC) curves that have been plotted for
all six models and consist of the true positive rate plotted against the false positive rate. The closer
the plotted curves are to the left and top borders of the plot and the bigger the Area Under the Curve
(AUC) is, the better the predictive capabilities of the model. The models’ AUCs are displayed in Table 9
and show that all of the models are very predictively efficient.

Figure 6. Receiver Operating Characteristic (ROC) curves of the models.
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Table 9. Model Area Under the Curve (AUC) values.

Model AUC

Short-Duration Car 80.7%
Long- Duration Car 82.4%
Short- Duration Bus 87.5%
Long- Duration Bus 82%

Short- Duration Pedestrian 87.9%
Long- Duration Pedestrian 92.3%

4. Discussion and Conclusions

4.1. Main Findings

This paper attempts to identify the crucial factors that contribute towards BSS choice, by setting
trip duration as a vital stratification parameter for analysis. Through that, various outcomes have been
derived that demonstrate BSSs’ potential to substantially become a part of the larger urban ecosystem
and replace or supplement traditionally dominant transport modes, both for shorter and longer trips.

The cost of the BSS was found to be statistically significant across all six datasets. While increased
BSS cost radically decreases the probability of choosing the BSS across all three modes of transport,
the decrease is much more intense for the pedestrian models and the short-duration bus users model,
while it is less for the long-duration car users model. For car users, car cost was included in both
short and long duration models but was more of a deterrent in the short-duration model. The same
can be observed for the bus users’ models but its effect on the short-duration model is larger in
magnitude. An increase in bus cost heavily increases the probability of choosing the BSS for short trips.
While increased car cost for short trips also increases the probability of choosing the BSS, the increase
is much more moderate compared to the bus, showing that car users are more hesitant to make the
switch to the BSS due to increased costs compared to bus users and it also indicates that users are more
willing to make the switch to an alternative mode of transport for short-duration trips when their
typical mode of transport becomes more expensive.

IVT or total time of the BSS trips are included in all models and its increase is a meaningful
deterrent to choose the BSS, especially for short-duration trips. At the same time, increased IVT and
OVT of car and bus, respectively, increases the probability of choosing the BSS to a smaller degree,
more prominently for short duration trips.

Regarding socioeconomic characteristics, older users seem to be more reluctant towards choosing
the BSS across modes, while higher household income does not seem to affect different groups of
users in the same way. Women car users are less likely to make the switch to the BSS compared to
women that use the bus or travel on foot. Having an occupation with a stable schedule increases the
probability of preferring the BSS only for short-duration car trips and decreases the probability for
all other modes and durations except for short-duration trips by foot, where it was not found to be
statistically significant. Bus users and pedestrians, with higher household income, are both more
likely to prefer the BSS for short-duration trips and less likely to prefer it for long duration trips,
possibly showing that, despite income, the BSS is a more attractive alternative for shorter trips.

Car users are more willing to switch to bike-sharing for commuting, while pedestrians are more
willing choose it for entertainment, especially for short-duration trips. Pedestrians are very likely to
choose the BSS for trips with education as a purpose.

If bike-sharing is to play an increasingly enhanced role towards a more sustainable urban
transportation landscape, it is essential to understand what makes choosing it an attractive alternative.
Different and discrete groups of users need to be identified and their separate needs and views of the
mode evaluated and taken into consideration. The current paper manages to offer a deeper look into
the profile of potential BSS users and the mechanisms behind their decision-making. The potential BSS
user is more likely to choose the BSS for short duration trips but is very conscious of the BSS’s cost,
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especially when walking is a zero-cost alternative. Given enough incentives, including competitive
cost and improved level of service—something that requires investments in dedicated bicycle lane
infrastructure—they would be more willing to make the switch, and substitute their current mode
of preference for a wide range of trip purposes, including both commuting and less frequently
repetitive trips.

BSSs’ contribution to increased sustainability or urban mobility is two-fold; it is an active mode of
transport, and it is a shared one. The external benefits of bicycle use have been consistently found to
be heavily increased compared to the private car and they extend to health benefits, noise reduction,
increased safety and environmental pollutants [58]. This difference becomes even more prominent
by taking into consideration the heavy usage of cars for short trips in the urban environment.
More specifically, a recent traffic study of Thessaloniki showed that approximately 45% of all trips
done by car were shorter than 2.5 km [46]. This is an even more pronounced concentration of car
trips on the shorter end of the distance spectrum than has been observed elsewhere [59]. Following a
quantified approach that highlights the necessary incentives that would convince short trip car users
to switch to a more sustainable alternative, provides the necessary insights towards formulating
appropriate tools and mechanisms that would convert a good amount of those car trips to bicycle
trips. These outcomes can be very productively utilized by policy makers and transportation planners
towards formulating new regulations and incentives and setting up an integrated transport and mobility
plan. Pricing BSS competitively and providing the necessary infrastructure makes them a time-saving
option especially in the most time-sensitive short trips in the dense urban center, will increase usage
and make them an even more approachable mobility option, through economies of scale. Municipality
or corporation-supported actions that support or even partially fund regular use for commuting for
their workers will promote frequent trips during peak-hours, when the increased congestion will make
them even more competitive compared to heavily mechanized traffic.

Without a clear and concise image of the way potential users view bike-sharing—which factors affect
their willingness to regularly use it and which make it a more daunting alternative—effectively planning
for a future that promotes it and strives for its optimal utilization becomes challenging and uncertain.
This challenge is getting even greater where a number of new players (e.g., bikes, scooters, etc.)
are directly competing with each other without strict and structured regulations.

4.2. Limitations of the Study and Future Research Directions

This study is prone to limitations, such as the longitudinal limited area of the study and the focus
on trip and sociodemographic characteristics. This does not take into consideration the behavioral
predispositions that make BSS various levels of appealing or even a non-option, all other things
considered equal, or practical challenges, such as unpredictable weather conditions and the want or
need (depending on trip purpose and health) to abstain from physical exercise. In addition, the collected
sample is shifted towards younger age groups compared to the city’s population, due to the relative
unwillingness of older age groups to take part in the survey. The difference is more pronounced in the
“55–64” and especially in the “>64” age groups, also because Greece is a country with a high average
population age. The representativeness of the age group “35–44” is satisfactory as the percentage
of the sample is close to that of the population. The younger age groups “18–24” and “25–34” are
overrepresented in the sample, possibly because it was easier for younger respondents to take part
in the online survey. The stated survey data collection that was used is less reliable than revealed
preference alternatives, due to the hypothetical nature of the games in it. The data was collected by
trained interviewers and while that method of collection offers some benefits, like better guidance of
the respondents through the questions, it is also accompanied by threats, such as social desirability
bias that could methodically affect the results, if the respondents felt they were put in a position where
they were positively predisposed towards one choice. Furthermore, only the observations that made a
non-neutral (“Definitely the Private Car” and “Definitely the BSS”) choice were utilized in the current
study. While the observations with a neutral choice (“Probably the Private Car”, “I Don’t Know”,
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“Probably the BSS”) were a low percentage of the overall sample (less than 8%), it is a limitation of the
current study that they were not included. Lastly, some endogeneity bias might have been introduced
in the model due to the adaptive nature of the survey and merged the short and medium trip durations
into one [60].

It would be beneficial for future research to focus, in greater detail, on the disincentives and
deterrents or practical challenges that would make BSS services less appealing for car users, especially for
short urban trips. That would allow for potential hurdles on the way to be removed and even alternative
business and operating plans to be developed, which are more closely fitted to the users’ needs.
Towards that, a multinomial model could be utilized, which makes full use of the possible choices
available to the respondents. Moreover, as the city’s mobility ecosystem becomes richer, the interactions
between currently dominant modes of transport and the BSS with new modes, like shared ridehailing
or shared e-scooters, is very promising.
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Abstract: Setting up a bikeway network has been recognized as one of the most effective measures
to motivate cycling. In fact, a highly connected, exclusive bikeway network that covers all demand
sources can be an attractive and time-saving measure, but it requires very high setup costs. The
planner often needs to have a trade-off between demand coverage and travel time under a given
construction cost. This paper introduces a novel bikeway design problem which determines an
optimal bikeway network that covers all potential cycling demand sources with minimal total travel
time and under budget constraints. In the context of designing a bike sharing system, the resultant
node set of the bikeway network can be interpreted as the locations of the shared bike stations which
can cover all cycling demands. A two-stage solution method, by combining the genetic algorithm
and a novel elimination heuristic, is proposed to solve the problem by firstly determining the subset
of nodes (selected nodes) that can cover all the demand sources and then designing the bikeway
network that connects all selected nodes within a given budget. Numerical studies illustrate the
advantages of elimination heuristics in solving the proposed problem and the effect of the budget
towards the solution fitness with or without a solution. Case studies of two proposed new towns in
Hong Kong are provided to illustrate the applicability and effectiveness of the method in bikeway
design. This optimization model can be applied to bike-sharing system design problems which aims
to cover all demand sources by providing bike stations that are also well connected with exclusive
bikeways subject to budget constraints.

Keywords: bikeway network design; selective nodes; elimination heuristic; demand coverage

1. Introduction

Cycling has been receiving attention in the past decade due to its associated benefits, including
improving public health, reducing greenhouse gas emissions, alleviating traffic congestion, and
increasing the catchment area of public transportation [1]. It is competitive with cars for short trips
in urban regions, as it has a lower total travel cost and sometimes a shorter travel time as well [2].
These benefits have motivated a worldwide development of bicycle networks and public bike-sharing
systems (PBSs) [3]. At present, there are more than 1,500 PBSs with more than 17 million bicycles in
operation [4].

The provision of a connected bikeway network has been proven to be one of the main measures
to motivate cycling because it greatly improves cyclists’ safety (e.g., references [1,5]). Buehler and
Pucher [6] revealed three critical elements that a bikeway network can use to increase cycling levels,
including (1) separation with the roadway traffic, (2) high continuity and connectivity, and (3) high
bikeway density. These elements can also be internalized in other complex measures such as a bicycle
level of service (BLOS), bicycle compatibility index, or level of traffic stress. In other words, a bikeway
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network that can motivate cycling should be a dense network of exclusive and continuous bikeways, in
which the cyclists can ride safely and encounter fewer detours. It is noted that these elements are also
implicitly covered in the existing bikeway network design models. The bikeways (and the intersections)
are required to meet a predefined level of service, and the trip lengths for the origin-destination pairs
should be minimized or below a predefined upper bound ([2,7]). Though the setup of exclusive
bikeways offers a safer cycling environment, its adverse impacts on the existing traffic (e.g., reducing
the roadway capacity or on-street parking spaces) should be addressed in order to achieve a balance
between the performance of the bikeway and the roadway networks. This introduces bikeway network
design problems involving a co-existing roadway network (e.g., references [8,9]).

In addition to these elements, the bikeway network design needs to consider the trade-off between
the travel time between every origin-destination (O-D) pair and the bikeway construction costs. By
increasing the bikeway density, the travel times between the O-D pairs can be reduced, and more
cycling activities can thus be motivated ([2,10]). However, higher bikeway density incurs a higher
bikeway setup cost. Since the setup costs for a bikeway network are often limited, there is a question
on how a bikeway design that minimizes total travel times for all cyclists can be achieved under the
budget constraint. However, previous bikeway design studies have not addressed this question and
only focus on either cost minimization or travel time minimization (e.g., references [2,7,9]). On the
other hand, a bikeway network needs to handle its service coverage. A common approach is to assume
an aggregated demand at each potential bike station, while the objective of the bikeway network
design is to connect all potential stations with minimal costs in order to cover all demands. However,
this approach neglects the fact that the demand points (e.g., transport interchanges, tourist spots, and
schools) are not located exactly at but instead close to all potential nodes: as long as there is one station
proximate to a demand point, the bikeway network can cover that demand point. In other words, it is
sufficient to cover all demands by selecting a set of nodes among all potential nodes (this set of nodes
can be named as a selected node set), and the bikeway layout that connects these selected nodes must
have a lower construction cost than that connects all potential nodes. This concept of demand coverage
is modeled in bike station location design (e.g., reference [11]) but never in bikeway network design,
which is used to determine the selected node set and connect these nodes by using bikeways. This
study, therefore, proposes a new bikeway design problem that minimizes the total system travel time
between the selected nodes under both the budget and demand coverage constraints.

As the above novel problem involves two types of discrete decisions (i.e., locations of the selected
nodes and built bikeways), this study prefers to develop a two-stage heuristic to solve the proposed
problem. The first stage node selection is solved by the classic Genetic Algorithm, which has proved to
be powerful in solving many combinatorial problems (e.g., reference [12]). Meanwhile, this stage can
also be solved by other meta-heuristics (e.g., a tabu search and large neighborhood search). Nevertheless,
no existing heuristic is applicable to solve the second-stage bikeway construction. As a congestion-free
transport mode, the travel time of the bikeway is always assumed to be flow-independent and constant
(e.g., reference [7]), and therefore the optimal route for all cyclists of each O-D pair is equivalent to the
lowest cost route. Nevertheless, this problem is not equivalent to the shortest path problem because of
the budget constraint. The overall bikeway construction cost is limited and sometimes needs to be
minimized, which is similar to the minimum spanning tree problem or Steiner tree problem. Table 1
compares the common shortest path problems and minimum spanning tree problems with respect
to the number of origins and destinations considered in these problems and lists out their design
objectives, and the common heuristics used to solve these problems (i.e., references [13–18]). Regarding
the problem type, “1”, “all”, and “some” represent the number of nodes chosen to be the origins/
destinations, in which “some” indicates that a subset of nodes among all nodes are selected to be the
origins/ destinations (which cannot be “one” or “all”). It is noted that unselected nodes can be included
in the “selective” case if they can reduce the total cost and maintain the connectivity of the selected
nodes. The design objectives can be classified into two classes, cost (weight) minimization, and travel
time minimization. The former aims to determine a network that connects the nodes with minimal
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weight, and the latter aims for a set of minimal cost routes between the origin(s) and the destination(s).
In other words, the former guarantees a minimal overall construction cost while the latter provides
minimal travel costs between the O-D pairs, but none of them can provide an intermediate solution,
which is a network with minimal total travel time under a given budget, especially in the case with a
selected set of nodes. In addition, the studied problem should be distinguished from the Generalized
Minimum Spanning Tree (G-MST) problem [19] which aims to connect part of the nodes in the network
with minimum construction cost. In G-MST, each node has been firstly allocated to a group, and the
resultant network requires that all groups should be connected, which implies that at least one node
in each group is required to be connected. However, this study does not have any predefined group
as not all nodes are selected, so the requirement that at least one element in each group cannot be
held. As the studied problem differs from the above-discussed problems significantly, the heuristics
used in those problems cannot be applied directly and thus a novel heuristic, namely the elimination
heuristic, is constructed to solve the second stage problem. Moreover, as shown in Table 1, both our
proposed problem and solution method are novel to the literature while it can be applied in other
network design problems.

Table 1. Comparisons of existing shortest path and minimum spanning tree problems.

Problem Type
Design Objective Examples of Existing Heuristics

Source Sink

1 1 Minimize travel time between a node pair Dijkstra’s algorithm [13]

1 All Minimize total edge cost that connects a single
source to all other nodes

Prim’s algorithm [14]
Kruskal’s algorithm [15]

All All Minimize total travel time between all node
pairs Floyd-Warshall algorithm [16,17]

1 Some Minimize total edge cost from a single source to
a subset of nodes

Kou, Markowsky, and Berman
algorithm [18]

Some Some Minimize total travel time between all node
pairs within a subset of nodes This study

To summarize, the main contributions of this study include:

1. We propose a novel bikeway network design problem that covers all demand sources and
minimizes the total travel times of all cyclists under a budget constraint;

2. We propose a two-stage solution method based on the genetic algorithm and an elimination
heuristic which determines the selected node set that covers all demand sources and the bikeway
layout respectively;

3. We investigate the effect of weights of the elimination factor, budget, and size of the selected node
set on the final design. Two case studies in Hong Kong are provided to illustrate the effectiveness
and applicability of the model.

The outline of this paper is listed below. Section 2 presents the problem descriptions and Section 3
describes the solution method. Section 4 provides the numerical results and Section 5 provides a real
case example. A conclusion is given in Section 6.

2. Problem Descriptions

The design problem is described below. We firstly consider a potential bikeway network G(V, E)
with potential bike station location (i.e., node) set V, potential bikeway set E, and demand point set D.
The total demand traveling from point k to point l is denoted as dkl, where k, l ∈ D, and each bikeway
that directly connects stations i and j, i.e., ei j ∈ E, has the setup cost ci j where i, j ∈ V. The travel time ti j

between the nodes can be different with respect to the travel direction to consider the case that the
bikeway is built on a slope. In other words, the downhill travel time can be greatly reduced compared
to the uphill travel time. Each demand point k ∈ D is considered as “covered” when there is at least
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one proximate bike station for convenient bicycle pick up/ drop off (which should be less than 500 m,
as revealed by reference [20]). This defines Mk as the set of potential bike stations which are proximate
to demand point k, where Mk ⊂ V. It is also assumed that every demand point is covered by at least
one potential bike station (i.e., ∄Mk = ∅,∀k ∈ D). The budget for the total bikeway construction is set
to be B. For simplicity, all potential bike stations are assumed to have unlimited capacity.

This design problem involves two types of design decisions. The first type is to determine whether
a node is picked as a selected node, denoted by a binary decision variable Xi which equals 1 if node i

becomes a selected node and 0 otherwise. A selected node is defined as a node that covers at least
one demand source and is connected by at least one bikeway. To separate the selected nodes from
the unselected nodes, all selected nodes are put into a new set S, where S ⊂ V. The second type is
the binary decision variable for opening a bikeway Yi j, which equals 1 if the bikeway that connects
nodes i and j is constructed and 0 otherwise. An additional note is that we have assumed that every
built bikeway has sufficient capacity to accommodate all bike flows and thus the travel time can be a
flow-independent constant. In other words, if the bikeway travel time is flow-dependent, a possible
extension is to include the third type of decision variables, flow on each bikeway, in the design problem.

This problem involves determining the bikeway layout under four following conditions: (a) the
total travel times of all cyclists is minimized, (b) all demand points are covered, (c) all selected node
pairs are connected by bikeways, and (d) the total bikeway setup cost does not exceed the budget.

The design objective based on condition (a) can be expressed as

min
∑

i∈S

∑

j∈S

di jTi j. (1)

where Ti j denotes the lowest travel time between stations i and j based on the constructed bikeways,
where i, j ∈ S. For the demand between points k and l, dkl, the shortest path is determined among a
maximum of |Mk|·|Ml| possible paths formed by the potential bike stations close to these two points.
Among these paths, the shortest path is the one that has the minimum travel time and the origin
and destination of the path are selected nodes. When both points share the same selected node, the
travel time between the nodes becomes 0. When there are multiple shortest paths with respect to time
between a pair of selected nodes, all demands are assigned to the path with the lowest setup cost. As a
result, all demands of a pair of selected nodes are only assigned to a single shortest path.

Proposition 1. For every feasible solution to the problem, there exists at least one path between every pair of

demand sources.

Proof. Condition (b) implies that at least one bike station proximate to a demand source is a selected
node to cover all demand points. Thus, both the origin and the destination of every pair of demand
sources have been covered by the selected node. From condition (c), every pair of selected nodes must
be connected by at least one path. Therefore, there must be at least one path between every pair of
demand sources and this completes the proof. �

Condition (b) (i.e., demand coverage constraint) is satisfied when all demand points are covered
by at least one selected node, which can be expressed as

∑

i∈Mk
Xi ≥ 1,∀k ∈ D. (2)

Constraint (2) ensures that at least one potential bike station proximate to each demand point is a
selected node. The connectivity between the selected nodes (i.e., conditions (c)) is hard to be expressed
solely by Xi and Yi j as the paths between the selected nodes can involve links that consist of unselected
nodes. Unlike the minimum spanning tree, we can neither exclude cycles nor set exact bounds to the
number of links because the final network layout is unlikely to be tree-like. The connectivity condition
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can, therefore, be described by the following set of necessary but not sufficient conditions: first, each
selected node is connected by at least, but not exactly, one bikeway; and second, the two ends of an
opened bikeway can be both unselected nodes.

Finally, condition (d) can be formulated as the total bikeway setup cost cannot exceed a given
budget B, which can be expressed as

∑

i∈V

∑

j∈V
ci jYi j ≤ B. (3)

As the problem contains the complicated connectivity constraint which cannot be expressed
mathematically, metaheuristics should be adopted to solve the problem.

3. The Two-Stage Solution Method

This section presents a two-stage solution method to solve the proposed problem. A genetic
algorithm (GA) is adopted firstly to determine the optimal selected node set, and a proposed elimination
heuristic (EH) determines the optimal bikeway layout that minimizes the total travel cost without
violating the budgetary constraint based on the selected node set.

3.1. The Genetic Algorithm

Figure 1 illustrates the general scheme of the GA for determining the optimal node set. At first, a
population of solutions is initialized randomly, in which each individual (solution) in GA is represented
by a chain of binary digits with length |V| (number of potential stations). The number of ‘1’s on each
chain can be interpreted as the selected nodes of that solution. After evaluating the fitness of all
initial solutions, the truncation selection method is adopted to select the x% of the fittest parents in
the population and duplicate 1/x% times to replace the less fit parents. For example, when the fittest
50% of parents are selected from a population of 100 individuals, the selected parents are duplicated 2
times so that a population of 100 individuals can be maintained. Then the parents would have a certain
probability of undergoing crossover and mutation for generating new offspring. In the crossover, a
crossover point along the chain is randomly selected, and all digits beyond that point are swapped
between the two parents. In mutation, a random position in the solution is picked for flipping the bit
at that position (as each position can be either 0 or 1). After the crossover and mutation processes, the
solutions are compared to remove replicated solutions. Meanwhile, an elitist selection is carried out in
GA by storing the best solution from the current generation to be carried over to the next iteration
without alteration. The above process is repeated until the maximum number of iterations is reached.

∑ ∑ 𝑐 𝑌∈∈ 𝐵

1 𝑥%⁄

 

Figure 1. General scheme of the genetic algorithm.
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Every generated solution needs to undergo a three-stage solution fitness evaluation. The first
stage is a demand coverage check that verifies whether the selected nodes can cover all demand sources.
The solution is regarded as infeasible if the selected nodes cannot cover all demand points: its fitness is
not further evaluated and a large penalty is imposed. In contrast, a selected station set that can cover
all demand points is regarded as feasible and its fitness is then evaluated by the elimination heuristic.
The second stage is used to evaluate if the cost of the bikeway network falls below the budget. The
elimination heuristic (introduced in Section 3.2) aims to determine a feasible bikeway layout for a given
selected node set (from stage 1) which connects all selected nodes and does not exceed the budget. If
all selected nodes cannot be completely connected under the given budget, the selected node set is also
classified as infeasible, and a smaller penalty (compared with the penalty for demand coverage) is
imposed on that infeasible node set. After screening out the infeasible solutions, the third stage is to
determine the objective values (total system travel times) of the remaining feasible solutions, and the
solution fitness can be calculated as the reciprocal of the objective value.

3.2. Elimination Heuristic

The EH is applied to every selected station set which covers all demand points (determined by
GA) in order to determine a feasible bikeway layout that does not violate the budget constraint. The
steps of the EH are as follows:

Step 1 Obtain the network GF with the shortest paths between all pairs of selected nodes EF. Terminate
if budget B is not exceeded.

Step 2 Assign an elimination factor fi j to each link ei j in GF according to its path count pi j and cost ci j.
List and sort the links in descending order fi j.

Step 3 Remove the link with the largest fi j in the list and evaluate the network connectivity. Undo
the link removal if the selected nodes become disconnected.

Step 4 Remove the evaluated link from the list.
Step 5 Repeat Step 3 until the cost is equal to or lower than B. If the cost is still higher than B

after removing all possible links, a penalty is given to the selected node set to denote the
solution infeasibility.

Step 1 is to construct a network GF(VF, EF) which consists of the node set VF and path set EF,
in which VF and EF correspond to the selected node set S and the set of shortest paths between the
selected node pairs respectively. To determine EF based on the original network G(V, E) and S, this
study applies the minimum spanning tree algorithm (with respect to travel time) for |S| times. The
information of all shortest paths between all pairs of selected nodes (e.g., total cost, total travel time,
and links included in the path) is then determined and stored. In other words, all selected nodes can
reach other selected nodes with the lowest travel times. At this stage, the resultant bikeway network
at this step has the lowest total system travel time and the highest total construction cost as most
bikeways are constructed.

Step 2 is to determine the order of elimination of the built bikeways given in Step 1 by using the
elimination factor fi j to meet the budget constraint. The link-based factor is composed of two parts,
the construction cost ci j, and the path count pi j, and expressed as fi j = a·ci j + b/pi j, where a and b

are the non-negative weights for the cost and reciprocal of the path count, respectively. Path count
describes the number of shortest paths using the link which can be determined based on the stored
path information in Step 1. In other words, links that have higher costs or fewer shortest paths have a
larger elimination factor, which implies higher chances to be eliminated. Using this factor is better
than simply removing links with respect to cost because it avoids removing high-cost links used by a
large number of shortest paths. For simplicity, the elimination factors of all links remain unchanged
throughout the evaluation of each solution. In addition, the bikeways which perform as the only link
that connects the selected node with other nodes are automatically removed from the list despite a low
path count or a high construction cost.
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Step 3 evaluates the connectivity between the selected nodes to determine whether any selected
node pairs have been permanently disconnected after each bikeway removal. Instead of reconstructing
all paths EF, this step focuses on checking those paths that include the removed link. The heuristic
determines whether the two ends of the removed link can be connected by a new path using other
built bikeways. If they cannot be connected, the removed link is restored; if they can be connected, the
travel times of those affected paths are updated.

The calculation of the updated travel time is not equivalent to the simple addition of the difference
in travel time between the new path and the removed link, which can be explained by an example
shown in Figure 2a,b. In these figures, nodes 1, 3, 4, and 6 are the selected nodes while nodes 2 and 5
are not. The solid lines denote the built bikeways, the black dotted lines with arrow denote the shortest
paths between the selected nodes, and the italic numbers denote the link number. Figure 2a,b show that
the initial shortest paths between the selected nodes and the case after link 4 is removed, respectively.
When link 4 is removed (in Figure 2b), two shortest paths (between nodes 3-6 and nodes 1- 6) need
to be re-routed and the updated shortest path between nodes 3 and 6 becomes 2-3-6. Meanwhile, if
this updated shortest path sequence between nodes 3 and 6 is directly substituted into the original
shortest path between nodes 1 and 6 (i.e., 1-2-4), the shortest path becomes 1-2-2-3-6 that link 2 is
visited twice consecutively which shows a redundant visit on link 2. Therefore, the updated shortest
path between nodes 1 and 6 should completely remove the duplicated links and thus becomes a path
with link sequence 1-3-6.

 
Figure 2. (a) Initial shortest routes between selected noes before link removal; (b) Updated shortest
routes between selected nodes after link removal.

Based on these two cases, the network connectivity evaluation and path updates follow the
following steps:

Step 3.1 Determine the new shortest path W that joins the two ends of the removed link V and store its
link sequence.

Step 3.2 Update the shortest paths in EF that contain V by directly substituting I with W.
Step 3.3 Determine the updated travel time T’ and link sequence of each shortest path following the

below rules:

(a) If it has no duplicated link, then T’ is the sum of the original travel time and the travel
time difference between V and W, and the updated link sequence is obtained by simply
substituting V with W.

(b) If there are duplicated links, T’ is calculated by firstly following Step 3.3(a) and
then subtracting two times the sum of the duplicated links along the route, and the
duplicated links are removed from the link sequence of the updated shortest path
formed in Step 3.2.

After removing a link, the path counts of all built bikeways are updated and the built bikeways
with zero path count are then immediately removed from the list.
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Finally, Step 5 is the termination criteria of the EH in which the heuristic stops only if the total
setup cost is lower than the given budget. To distinguish the infeasible solutions with the feasible ones,
a large penalty is imposed when the network connectivity is not conserved. This gives preferences to
the all-connected networks instead of disjoint networks.

4. Numerical Results

The numerical studies aim to (1) investigate the effect of the weights for elimination factor, (2)
analyze the effect of the budget on the total system travel time and the solution fitness, and (3) examine
the effect of the number of demand points on the construction cost. The proposed solution method
was coded with Dev-C++ and ran on a computer with 3.40 GHz and 6.00 GB of RAM. The GA has a
population size of 30 with a 50% truncation rate, a 40% crossover rate, and a 60% mutation rate.

4.1. Effect of the Weights in the Elimination Factor

The solution quality relies strongly on the elimination factor fij. The weights for the elimination
factor, a (for the cost) and b (for the path count), should be calibrated to avoid overemphasizing
either attribute. In the experiments, the genetic algorithm was run with the Sioux-Falls network (see
Figure 3). To fit our test problem, nine demand sources are added to the network. The weight for the
cost a was kept at 1, while the weight for the path count b varied from 0 to 10. Figure 4 shows the
effect of the weight of path count on the solution fitness. The solution fitness improves significantly
when b increases from 0 to 0.25, improves slightly from 0.25 to 3, and remains steady with negligible
fluctuations when b is greater than 3. The values of a and b are thus set to 1 and 3, respectively, in the
following sections.

 

Figure 3. Sioux-Falls network with demand points.
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Figure 4. Effects of weight for path count b.

Figure 5 shows that the solution fitness changes with the value of b because the weights for the
elimination factor change the order of link elimination and thereby affect the network layout. To
study the sole effect of the value of b on the solution fitness, the two networks in Figure 5 use the
same selected node set with different values of b (i.e., 0 and 3). The results show that the network in
Figure 5b has a lower total system travel time than that in Figure 5a, given that both networks do not
exceed the budget constraint, mainly because of the differences in the order of link elimination. For
example, the high-cost link 4-11 is eliminated immediately when path count is not considered (i.e., b =

0). Nevertheless, it is kept when the path count is considered because its high path count lowers its
order of link elimination. When this link is kept, the shortest paths which use link 4-11 do not have
re-routing and thus a lower total system travel time can be achieved. This shows that the elimination
factor can be a better approach than cost-based elimination in lowering the total travel time.

 

 

Figure 5. Bikeway layout (a) when b = 0; (b) when b = 3.

The difference in the value of b can result in different selected node set and thus the network
layout. Table 2 lists the details of the optimal network layouts with different values of b. While all
networks have 7 selected nodes, there are two different selected node sets and three different network
layouts. For b = 0, its selected node set of b = 0 is identical to the sets of b = 2 and 3 but the resultant
network layout has a higher total system travel time. The eliminated links when b = 0 are different
from those when b = 2 and b = 3 due to the difference in the elimination factor of the links and thus
due to the order of elimination. For b = 1, the network layout is different from the layouts when b = 2
and 3 due to the difference in the selected node set, so as the eliminated links. When b = 2 and 3, the
selected node set and the network layout are identical and the total system travel time is the lowest
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possible. This shows that the path count can also influence the selected node set and thus the total
system travel time.

Table 2. Solution fitness under different values of b.

Value of b 0 1 2 3

Size of selected node set 7 7 7 7
Solution fitness 0.04371 0.04664 0.04771 0.04771

Total travel time (hr) 22.88 21.44 20.96 20.96

4.2. Effect of the Budget on the Solution Fitness

This section demonstrates the trade-off between the budget and the solution fitness (as well as
the total system travel time) via two cases. The first case adopts a fixed selected node-set consisting
of 17 selected nodes from the network illustrated in Figure 3, and it is assumed that the selected
node-set covers all the demands. With a defined selected node set, the elimination heuristic was solely
used to evaluate the network layout and the total system travel time with different budgets. Figure 6
illustrates that the solution fitness increases when the budget increases, which is consistent with the
intuition that a higher budget can construct more bikeways and thus reduces the total system travel
time. When the budget is lower than 64, no infeasible solutions can be obtained as at least one pair of
selected nodes is unconnected. When the budget equals 64, the bikeway layout is indifferent from the
Steiner tree network in which the selected nodes are connected with minimal construction cost. This
network has the highest total system travel time because most bikeways that contribute to some of
the shortest paths are eliminated to minimize the cost, and therefore those selected node pairs have a
longer travel time. On the other hand, the bikeway network has the lowest total system travel time
when the budget is at or above 139. At this budget level, all shortest paths between all selected node
pairs can be constructed. The minimal total travel time is achieved because all cyclists can travel on
the corresponding shortest paths. Furthermore, when the budget increases from 64 to 139, there exist
network layouts other than the Steiner tree and all shortest paths’ network (as shown in Figure 7).
While the budget is in between the upper and lower bounds, these networks have a lower total travel
time than the Steiner Tree but a higher travel time than the all-to-all shortest path network. This shows
the capability of the elimination heuristic in determining the budget-constrained solutions under the
objective of travel time minimization. The existence of intermediate solutions between the solutions of
the Steiner tree problem and the Floyd-Warshall algorithm also implies that the design of the bicycle
network is sensitive to the budget. As the elimination heuristic can find these intermediate solutions,
it allows the planners to use the budget as a parameter to design the bicycle network. The bicycle
network obtained by the elimination heuristic can always meet the budget while minimizing the total
system travel time.

Figure 6. Effect of the budget on solution fitness with fixed selected node set.
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Figure 7. Bikeway network layout and total system travel time under different budgets.

In the second case, the selected node set is not predefined, but it needs to satisfy the demand
coverage constraint. Unlike the first case, the budget level can alter the sets of selected nodes. Figure 8
shows that the solution fitness increases with the budget, which is consistent with the previous results.
When the budget is lower than 42, all obtained solutions are infeasible because the built bikeways are
insufficient to cover all the demand points. Figure 9 displays the network layout with a budget of
35. Some demand points are uncovered because the budget is not sufficient for building bikeways to
connect all of their proximate stations. These results show that this model can determine whether the
budget is enough for a feasible design and provide different designs according to the given budget.

Figure 8. Effects of the budget on solution fitness without fixed selected node set.
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Figure 9. Bikeway layout when budget=35.

4.3. Effect of Number of Demand Points on Construction Cost

This section investigates the effect of the number of demand points on the construction cost.
Different numbers of demand points were inputted into the model, and the minimum cost for covering
all demand points was then obtained. The example network is identical to that in Figure 3. Figure 10
shows the relationships between the number of demand points and construction cost.
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Number of demand pointsFigure 10. Effects of number of demand points on construction cost.

Figure 10 shows that the construction cost increases with the number of demand points. In
general, more demand points require more selected nodes to cover all demands. As a result, more
bikeways are constructed to connect these selected nodes, and the construction cost increases. Figure 11
illustrates how the number of demand points affects the number of selected nodes and thereby the
construction cost. This figure also indicates that the budget amount affects the maximum number of
covered demand points. When the budget is tight, only a few demand points can be covered. In this
case, we should carefully investigate the relative importance of the demand points so that we can
decide which demand points are worth to cover. In contrast, when the budget is higher, more demand
points can be covered so as to increase the coverage of the bikeway network.
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Figure 11. Effects of number of demand points on the number of selected nodes and construction cost.

5. Application in Hong Kong

This section aims to show the application of our model in Hong Kong. Two case studies were
carried out in Kwu Tung North and Kam Tin (i.e., two proposed new towns in Hong Kong) to illustrate
how our model can be applied to develop a new bicycle network and improve the existing network in
Hong Kong. Developing a bikeway network coincides with the aim of the Hong Kong government in
promoting cycling in new towns and development areas for short-distance commuting [21], in which
the government has launched several projects that connect scattered cycle tracks in the New Territories
and creates new bicycle networks in tourist spots [22]. Our proposed model can be useful to design the
bikeway network in Hong Kong due to three reasons. First, it ensures popular destinations (e.g., public
transport interchanges or tourist spots) to be covered by bikeways and interconnected. This is unlike
the existing networks where the bikeways connect unpopular locations and thus many of them go
unused [23]. Second, this model focuses on a network design with continuous and exclusive bikeways,
which is favorable to the vast majority of inexperienced cyclists in Hong Kong who only cycle in a safe
cycling environment. Thirdly, this model aims to minimize total travel time under the given budget,
which is useful for the government that often has a fixed budget for bikeway construction.

5.1. Design Parameters

The unit cost of all bikeways is assumed to be the same, which is taken as c = HK$630 per meter,
despite the construction materials, foundation, and technology applied [23]. The cost of building a
bikeway between nodes i and j would be Ci j = c× li j, where lij is the distance between nodes i and
j. The distance lij would also be used for calculating the travel time between the bike stations. It is
assumed that the cyclists travel at v = 20 km/h by bike [20]. The travel time between nodes i and j

would be ti j = li j/v.

5.2. Case Study in Kwu Tung North

Kwu Tung North (KTN) is one of the new development areas in the North East New Territories. It
is planned to be 447 ha and to be developed as a mixed development node [24]. As the government
aims to provide a quality living environment, a bicycle network will promote cycling within the
area. Since there are no existing cycle tracks in KTN, we can demonstrate how our model designs a
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completely new bicycle network in this area. All the maps were obtained from OpenStreetMap [25],
while the potential links and demand points have been identified from the Statutory Planning Portal
of the Town Planning Board, Hong Kong [26]. We selected the residential area, the public transport
interchange, and the business and technology park to be the demand points, as shown in Figure 12.

Time: 8.5 min Time: 10.3 min 

Figure 12. Demand points, potential nodes, and potential links in Kwu Tung North (KTN).

Figure 13a,b show the bikeway layouts under different budget levels. With a higher budget
level (i.e., Figure 13b), the bikeways are denser and the total system travel time is reduced, which is
consistent with the numerical results in Section 4. As shown in Figure 13a,b, a higher budget results in a
larger number of selected nodes that are located closer to the demand sources and a longer continuous
bikeway. From these results, we can conclude that our model can be applied to design a bikeway
network in new development areas. The model is particularly useful when the government has a fixed
budget, as it can guarantee a below budget design that minimizes the cyclists’ total travel time.

  
                     (a)                                          (b) 

Time: 8.5 min Time: 10.3 min 

Figure 13. Bikeway layout in KTN with a budget of (a) HK$1.08M; (b) HK$1.78M.

5.3. Case Study in Kam Tin

The government has planned a new residential development in Kam Tin (KT) South to increase
the local housing supply [27]. The existing bicycle network should be expanded so that the new
residential area can be connected to the Kam Sheung Road Station (KSRS). Meanwhile, there are only a
small number of cycle tracks and parking sites in KT as shown in Figure 14. To facilitate cycling in
KT, more cycle tracks and parking sites should be built. Figure 14 shows the demand points and the
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network. It is noted that some roads are not chosen as the potential bikeway locations because they are
either too narrow or are owned by private owners.

 

 

Time: 1.39 hr 

Figure 14. Demand points, potential nodes, and potential links in Kam Tin.

Figure 15a,b display the final bikeway network layouts under different budget levels. In this case,
provided that there are existing bikeways and parking sites, the model was modified to ensure that
these existing facilities are not removed in the elimination heuristics. The results of the bikeway designs
are consistent with other sections that the total system travel time decreases when more budget is
provided. Also, the travel time between the existing bike stations/ parking sites can be reduced because
the stations can be connected by a shorter path when more budget is provided. These results show
that our model handles the case of system expansion in which the new design can improve the system
performance while taking the existing bicycle network and given budget level into consideration.

  
(a)                                          (b)       

 

Time: 1.39 hr 

Figure 15. Bikeway layout in KT with a budget (a) HK$0.61M; (b) HK$2.30M.
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6. Conclusions and Future Directions

In spite of the significant role of bikeway in motivating cycling, there are very few existing bikeway
network design models, and some design objectives and constraints have not been simultaneously
taken into consideration. This study proposes a new bikeway network design problem that minimizes
the total system travel time between a set of selected nodes under a budget constraint, in which all
potential demands must be covered by the selected nodes and all selected nodes must be interconnected.
An efficient two-step solution method is proposed to determine the selected node set and the bikeway
layout separately. The genetic algorithm is employed to determine the selected node set that covers
all demand points, while a novel elimination heuristic is employed to remove the bikeways between
the shortest paths of the selected nodes (constructed by the shortest path algorithm) according to the
elimination factor (which is a weighted sum of the setup cost and path count). Numerical studies
showed that (1) the weights for elimination factors can significantly change the network layout and
thus the solution quality; (2) a higher budget can change the network topology and improve the
solution fitness whenever the selected node set is fixed or flexible; and (3) the construction cost increases
with the number of demand points. The case studies in two Hong Kong new towns showed that the
model can handle design problems with or without existing bikeways under various budget levels.
This model can, therefore, be adapted to similar bike-sharing system designs because (1) it ensures
that the resultant bike station locations have complete demand coverage, (2) all bike stations can be
well-connected by the bikeway network, and (3) the designed network can satisfy the budget constraint.
Furthermore, the model is not only applicable to new system designs but can also capture the existence
of built bikeways and bike stations for system expansion.

Future research could be done in the following directions. First, other design constraints or
measures, such as BLOS, could be included in the model. Second, the model assumes that the demand
between every demand point pair is identical, while it can be relaxed in future studies by considering
varying demand levels of all demand sources, elastic travel demand with respect to travel time, or
uncertainties between the selected nodes. Third, the bikeway setup cost is assumed to be proportional
to the length of links only, but it can also be influenced by other factors, such as the type of bikeway
(e.g., exclusive bikeway, shared bikeway with vehicle roadway) and pavement type. Future studies
can be extended to multi-type bikeway design problems. Fourth, the generalized travel cost of each
bikeway can include other attributes in addition to travel time, including the number of turns and
intersections, the percentage of greening, and the provision of cycling facilities along with a candidate
link. Moreover, the route choice behavior of the cyclists can be remodeled by including other route
choice attributes (such as traffic flow of automobile on the edges) or using other mathematical forms
such as the bi-objective model [28]. Finally, the Genetic Algorithm used in the two-stage solution
method can be replaced by other new meta-heuristics or hybrid meta-heuristics, such as the Artificial
Bee Colony algorithm, Tabu Search, or Large Neighborhood Search. Comparative studies can be
carried out to determine which of the solution methods has a higher computation efficiency.
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Abstract: In recent years, bike sharing has increasingly spread across the world. Compared with
personal bikes, shared bikes are uniform and have bright surfaces to help the public to find them
easily. At the same time, unfamiliarity is still a problem for some users of shared bikes. Therefore,
these features should be understood to improve the night visibility of cyclists and improve traffic
safety. Our study tested and compared differences in night visibility using five types of visibility aids.
The results showed two cognitive differences between cyclists and drivers. First, cyclists believed
that using flashing lights or static lights would provide better visibility than other visibility aids.
However, using a static light and reflectors showed better results in our research. Secondly, compared
to private bikes, cyclists showed more confidence in the nighttime visibility of shared bikes, especially
with retroreflective strips. But the behavior of drivers in our study did not support such differences.
A post-experiment survey was conducted to explore such cognitive differences, and showed that
unfamiliarity with these strips was a possible reason for driver unawareness. This study will aid
policy makers in incorporating suitable visibility aids within bike-sharing programs. Further, this
study includes helpful advice for cyclists in terms of improving their night visibility.

Keywords: bike share; cycling safety; night-time visibility; cognitive difference between cyclists
and drivers

1. Introduction

In recent years, bike sharing has increasingly spread across the world, with approximately
800 bike-sharing programs available in 2015 [1]. According to 2017 data from the local government in
Nanjing (China), the annual growth rate of bicycle-vehicle collisions (BVCs) reached 1.5%. At the same
time, there is emerging research on improving cycling safety, mostly focused on helmet use [2] and
operational cycling speeds [3]. Compared with private bikes, shared bike users have lower operational
speeds and are more reluctant to wear helmets [4]. While the former is likely to improve cycling safety,
the latter reduces cycling safety. The safety influence of using shared bikes needs further research.

One of the explanations provided for vulnerable road user accidents is their poor visibility to
other drivers [5–7]. Shared bike features show a possible difference in night visibility. Shared bikes
commonly use a uniform and bright surface, so that the public can find them easily [8,9]. In China,
the most popular shared bikes are Mobike and Hellobike. The former uses bright orange and the latter
is blue and white. In Canada, Bike Share Toronto is green and black. Further, Bixi in Britain is green
and gray. However, studies on the difference in visibility between shared bikes and private bikes
are scarce.

On the other hand, using visibility aids to increase visibility is equally important, especially
when cycling in low-light conditions [10,11]. Visibility aids can increase the distance at which car
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drivers detect cyclists at night [12,13]. Currently, front reflectors, static lights, and flashing lights are
widely used to improve cyclist visibility at night [14–16]. Further, some countries and regions have
started placing legal requirements on shared bikes to improve cycling visibility at night. For example,
in Mainland China, night-time reflectors need to be added but there is no requirement for helmets
and headlights. In the United States, Singapore, Australia [17], and some other locations, headlights
are provided with shared bikes as mandatory requirement. Other promising visibility aids include
retroreflective markers. Due to drivers’ visual sensitivity to human motion patterns, when placing
retroreflective markers on users’ major moving joints (such as ankles, knees, wrists, etc.), drivers can
recognize the presence of users more frequently and at much longer distances [18,19]. Much research
has evaluated visibility during night cycling using different visibility aids [13,20], but there is little
research on the difference between shared bikes and private bikes when using different visibility aids.

Therefore, the main objective of this study was to evaluate the difference between shared bikes
and private bikes when using visibility aids under low light conditions. Specifically, the aim of this
paper was to:

1. Evaluate the difference in visibility between shared bikes and private bikes with five types of
visibility aids.

2. Explore the difference in behavior when using visibility aids. Cyclists’ estimation of their own
visibility is among the key influencing variables.

This study can contribute to achieving a better understanding of the visibility of shared bikes.
Our results could help policy makers and cyclists to equip shared bikes with suitable visibility aids.
Further, we can provide more reasonable advice on night cycling for cyclists.

2. Methodology

The experimental methods employed in this research are introduced in this section, including
each step of this experiment and its related information.

2.1. Participants

In total, 50 participants completed the experiment, with a gender ratio of 1.27:1.00 (male: female).
Two subjects aged 25 and 40, respectively, with motor vehicle driving licenses issued by China’s

public security authority, were selected as the drivers of our test vehicle. Both of the subjects drive
regularly—every week in the past two years—and have had no accidents in the last three years.

Recruitment

Offline leaflets and online advertising were both used to recruit participants (as bike riders) for
our experiment. A total of 81 persons responded. However, due to logistics and test requirements,
53 persons initially participated, with 50 successfully completing the test.

Demographics

1. Data on gender, age, bike accidents, etc., for each participant were collected using a questionnaire
before the test, and the statistical results are shown in Table 1. All participants came from Nanjing,
China. Accidents were defined as incidents in which the participants were injured or caused an
injury to anyone else while riding a bike during the past year.
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Table 1. Sociological statistical information on participants.

Male 28

Female 22

Age

Max. 48

Mean 33.4

Min. 24

Number of accidents involved

Max. 2

Mean 0.4

Min 0

Bike preference (for typical use)
Private bike 34%

Shared bike 66%

2.2. Driving Scenario

The layout of the test driving scenario is shown in Figure 1, where the driving course was a
400 m-long (1312 ft) section of straight road. The starting point was the departure point of bike
riders and the terminal was the departure point of the test vehicle. The starting distance of these
points between bike riders and the test vehicle was 400 m (1312 ft). The road width is 8 m, which is
divided into two 4 m-wide (13.12 ft) mixed lanes for both motor vehicles and non-motorized vehicles.
The driving road section was closed during the driving tests, in order to avoid any interference caused
by other pedestrians or other motor vehicles.

edestrians or other motor vehicles. 

 

Figure 1. Test driving scenario.

Illumination of the Experimental Scene

All experiments were conducted at least one hour after sunset. A handheld light-measuring device
was used to test the illumination conditions of the road section. We ensured that the illumination
parameter for each test was not greater than 20 Lux at a height of 1.5 meters.

Weather in the Experimental Scene

All experiments were conducted in dry weather.

2.3. Test Vehicles and Bikes

A 20-inch HITO brand black bike was used as the private bike, with a net weight of 11 kg. This bike
was suitable for riders with a height of between 140 cm and 180 cm.
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Sharing-bikes from OFO company were chosen as our test shared bikes. The classical OFO 2.0
bike type was used, with the most commonly used type being a 26-inch family bike size. The color was
golden yellow (CMYK color value C3, M26, Y96, K0).

The vehicle used in our experiment was a Volkswagen (POLO 1.4 L, 2007 version), with height of
1,465 mm, width of 1,650 mm, length of 3,916 mm, and wheelbase of 2,460 mm. It was a five-door,
five-seat car, and the color was sky blue (CMYK color value C40, M0, Y0, K0).

2.4. Experiment Design

The experiments were designed to test the influence of visibility under low-light conditions using
different visibility aids. At the same time, the difference between private bikes and shared bikes was
analyzed to determine effects on night visibility.

Types of Visibility aids

The influence of the following five types of visibility aids was tested:

• Static light: an LED bike light was used with a maximum brightness of 250 LM and a direct
radiation distance at night of 80 m.

• Flashing light: The flashing light used in this study has the same lighting capability as the static
light and a flashing frequency of 0.5 times a second.

• Front reflectors: Yellow hard reflectors were mounted at the front of bikes and the front of
the pedals.

• Retro-reflective strips on the major moveable joints: Red retro-reflective strips produced by China
ONLINELOVE Company were used. The strip width was 1 cm (0.394 inches). Prism reflective
films were attached to the strips. According to the test data provided by the manufacturer,
the maximum visible reflection distance was 300 m (984.25 inch).

• No visibility factors.

Experiment Steps

The participants were asked to perform independent trials on the two kinds of bikes, which were
equipped with one of five types of visibility aids. Each participant was required to complete 10 trials
(five on shared bikes and five on private bikes), as listed in Table 2. For each participant, the order of
these ten trials was random.

Table 2. Trials and independent variables.

No. The Types of Bikes Visibility Aids

1

Shared bike

Static light
2 Flashing light
3 Front reflectors
4 Retroreflective strips
5 No aids

6

Private bike

Static light
7 Flashing light
8 Front reflectors
9 Retroreflective strips

10 No aids

The participants were asked to ride to the end of the road section at a normal speed (around
15 km/h) in each trial. One experimenter assisted the participants to select and change different bikes
and visibility aids and followed the participants to record two position coordinates of the participants:

1. The position coordinate of the bike rider at which the bike rider thought that the motor vehicle
driver could see them was recorded as bike position 1 (BP1).
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2. The position coordinate of the bike rider (participant) at which the motor vehicle driver said that
he/she could see the bike rider was recorded as bike position 2 (BP2).

The other experimenter recorded two position coordinates of the test vehicle:

1. The position coordinate of the motor vehicle at which the bike rider thought that the motor
vehicle driver could see them was recorded as vehicle position 1 (VP1).

2. The position coordinate of the motor vehicle at which the motor vehicle driver said that he/she
could see the bike rider was recorded as vehicle position 2 (VP2).

Speed measuring devices and cameras (used to record the speed and position of bikes) were
equipped on both the test vehicle and bikes for the test trials. The data recording process is shown in
Figure 2.

 The estimated recognition distance (Der), or the distance between cyclists and drivers when 
the cyclists reported that they thought they were visible to drivers. 

 The actual recognition distance (Dar), or the distance between cyclists and drivers when the 
drivers reported that they could see the cyclists.

 The distance difference (DD), which means the difference between Der and Dar. A value of 
α = 0.05 was used in all analyses to determine the significance of main effects.

Figure 2. Data recording process.

Test Trial

One staffmember introduced the test procedures without describing the test purpose to reduce
potential interference caused by participants. The participants were asked to repeat the instructions to
sure that they fully understand the experiment. A written description of the detailed procedures was
provided to every participant before the test. We also required each participant to complete a random
training trial to become familiar with the test procedure.

In addition, the following two criteria were used to evaluate the validity of a recorded result:

1. Speed requirement: with an average speed of 15 km/h, the speed variation of a bike rider should
not be greater than 5 km/h. The speed variation of the motor vehicle should not be greater than
10 km/h, given the required driving speed of 40 km/h.

2. Track requirement: the cyclist is required to ride the bike in the right lane and the distance to the
central line of the road should not be less than 2 m (6.56 feet). The driver should also drive the
motor vehicle in the appropriate lane and not cross the central line.

If tests failed to meet one or all criteria, the tests were required to be performed again. If four
consecutive tests completed by a participant did not qualify, this participant was removed from
the study.

3. Results

Data analysis was performed using three dependent variables:

• The estimated recognition distance (Der), or the distance between cyclists and drivers when the
cyclists reported that they thought they were visible to drivers.
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• The actual recognition distance (Dar), or the distance between cyclists and drivers when the drivers
reported that they could see the cyclists.

• The distance difference (DD), which means the difference between Der and Dar. A value of α = 0.05
was used in all analyses to determine the significance of main effects.

The multiple-factor repetitive measurement and the analysis of variance were conducted on the
estimated recognition distances, actual recognition distances, and distance differences as functions of
the kind of bikes (2 levels: level 0 = private bikes and level 1 = shared bikes), visibility aids (5 levels:
level 1 = static light; level 2 = flashing light; level 3 = reflector; level 4 = retro-reflective strips on the
major moveable joints; level 5 = no visibility aids). Table 3 shows the least squares means of Der, Dar,
and DD for private bikes and shared bikes across all visibility aids.

Table 3. Least squares means of estimated recognition distance, actual recognition distance, and distance
difference in private bikes and shared bikes.

Types of Bikes Der Dar DD

Shared bikes 78.9722(±3.0916) a 28.3100(±0.8167) 50.6622(±2.7873)
Private bikes 74.5960(±3.0916) 26.8667(±0.8167) 47.7293(±2.7873)

a Least squares means (standard error).

3.1. Estimated Recognition Distance (Der)

It can be seen from Table 4 that, across all kinds of visibility aids, the estimated recognition distance
of shared bikes was significantly higher than that of private bikes, with p = 0.0071 and F(1,49) = 8.39.

Table 4. Differences of Least Squares Means in Pairwise Comparison of estimated recognition distance
(shared bikes versus private bikes).

Group 1 Group 2 Estimate Differences Standard Error DF t Value Pr > |t|

shared bikes private bikes 4.3762 1.5104 49 2.9 0.0071

For comparison of private bikes and shared bikes, as shown in Table 5, both static and flashing
lights provide significantly higher Der values than the use of reflectors, retro-reflective strips, and no
aids. No aids were the least visible scenario based on the shortest distance of detection for all tested
visibility aids. There was no significant difference in Der between static light and flashing light, or
between reflector and retro-reflective strips. Table 5 shows the differences of Least Squares Means in
pairwise comparison.

Table 5. The Differences of Least Squares Means in Pairwise Comparison of estimated recognition
distance (visibility aids).

Visibility Aids 1 Visibility Aids 2
Estimate

Differences
Standard

Error
DF t Value Pr > |t|

static light reflector 14.6 2.3882 196 6.11 <0.001
static light retroreflective strips 15.2658 2.3882 196 6.39 <0.001
static light flashing light 3.6942 2.3882 196 1.55 0.1246
static light no aids 24.5612 2.3882 196 10.28 <0.001
reflector retroreflective strips 0.6658 2.3882 196 0.28 0.7809
reflector flashing light −10.9058 2.3882 196 −4.57 <0.001
reflector no aids 9.9612 2.3882 196 4.17 <0.001

retroreflective strips flashing light −11.5717 2.3882 196 −4.85 <0.001
retroreflective strips no aids 9.2954 2.3882 196 3.89 <0.001

flashing light no aids 20.8671 2.3882 196 8.74 <0.001
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The Der of shared bikes with a static light was also significantly higher than that of private
bikes, with p = 0.0111. Differently, there was no statistical difference between flashing light, reflector
retro-reflective strips, or no aids (Table 6).

Table 6. Differences of Least Squares Means in Pairwise Comparison of estimated recognition distance
(shared bikes with visibility aids versus personal bikes with visibility aids).

Shared Bikes’
Visibility Aids

Personal Bikes’
Visibility Aids

Estimate
Differences

Standard
Error

DF t Value Pr > |t|

Light lamp light lamp 8.7167 3.3774 196 2.58 0.0111
reflector reflector 0.4833 3.3774 196 0.14 0.8865

retroreflective strips retroreflective strips 3.0883 3.3774 196 0.91 0.3624
flashing light flashing light 4.165 3.3774 196 1.23 0.22

no aids no aids 5.4275 3.3774 196 1.61 0.1108

3.2. Actual Recognition Distance (Dar)

In the tests of fixed effects, as indicated in Table 7, there was no statistical difference between
private bikes and shared bikes for actual recognition distance, with F(1,49) = 3.18 and p = 0.0849 > 0.05.

Table 7. Differences of Least Squares Means in Pairwise Comparison of actual recognition distance
(shared bikes versus private bikes).

Group 1 Group 2 Estimate Differences Standard Error DF t Value Pr > |t|

Shared bikes Private bikes 1.4433 0.809 49 1.78 0.0849

As shown in Table 8, use of a bike with a reflector resulted in a higher actual distance than use
of a bike with a flashing light, retro-reflective strips, or no aids, with positive estimate differences
(6.1708 for retro-reflective strips, 7.6375 for flashing light, and 7.35 for no aids) and values of p < 0.0001.
Interestingly, use of both a static light and a reflector had a larger positive estimate difference compared
to use of a flashing light (6.0292 for static light with p = 0.005; 7.6375 for reflector with p < 0.0001),
indicating that use of a flashing light reduced actual recognition distance compared to use of a static
light and reflector.

Table 8. The Differences of Least Squares Means in Pairwise Comparison of actual recognition distance
(visibility aids).

Visibility Aids 1 Visibility Aids 2
Estimate

Differences
Standard

Error
DF t Value Pr > |t|

static light reflector −1.6083 1.2792 196 −1.26 0.2112
static light retroreflective strips 4.5625 1.2792 196 3.57 <0.001
static light flashing light 6.0292 1.2792 196 4.71 <0.001
static light no aids 5.7417 1.2792 196 4.49 <0.001
reflector retroreflective strips 6.1708 1.2792 196 4.82 <0.001
reflector flashing light 7.6375 1.2792 196 5.97 <0.001
reflector no aids 7.35 1.2792 196 5.75 <0.001

retroreflective strips flashing light 1.4667 1.2792 196 1.15 0.2539
retroreflective strips no aids 1.1792 1.2792 196 0.92 0.3585

flashing light no aids −0.2875 1.2792 196 −0.22 0.8226

For use of the same retro-reflective strips, the actual distance was statistically higher with shared
bikes than that for private bikes, with a positive estimate of differences of least squares means of 4.2417
(±1.809 standard error), p = 0.0207. This difference between shared and private bikes remained when
there was no visibility aid, with a positive estimate of 4.25 (±1.809 standard error) and p = 0.0205.
When equipped with a flashing light, private bikes were visible at a greater distance than shared bikes,

113



Sustainability 2019, 11, 7035

with an estimate of 4.1583 (±1.809 standard error) and p = 0.233. Table 5 shows the differences of Least
Squares Means in pairwise comparison. (Shown in Table 9)

Table 9. The Differences of Least Squares Means in Pairwise Comparison of actual recognition distance
(Shared bikes’ visibility aids versus Personal bikes’ visibility aids).

Shared Bikes’
Visibility Aids

Personal Bikes’
Visibility Aids

Estimate
Differences

Standard
Error

DF t Value Pr > |t|

static light static light −0.2667 1.809 196 −0.15 0.8831
Reflector reflector 3.15 1.809 196 1.74 0.0843

retroreflective strips retroreflective strips 4.2417 1.809 196 2.34 0.0207
flashing light flashing light −4.1583 1.809 196 −2.3 0.0233

no aids no aids 4.25 1.809 196 2.35 0.0205

3.3. The Distance Difference (DD) between Estimated Recognition Distance and Actual Recognition Distance

In the tests of fixed effects of DD, as shown in Table 10, there was no significant difference for
different types of bikes (F(1,49) = 3.31 and p = 0.0793 > 0.05). Given those results, we only compared
the DD under different visibility aids, as shown in Table 11.

Table 10. The Differences of Least Squares Means in Pairwise Comparison of distance differences
(Shared bikes versus Private bikes).

Group 1 Group 2 Estimate Differences Standard Error DF t Value Pr > |t|

Shared bikes Private bikes 2.9328 1.6125 29 1.82 0.0793

Table 11. The Differences of Least Squares Means in Pairwise Comparison of distance differences
(visibility aids).

Visibility Aids 1 Visibility Aids 2
Estimate

Differences
Standard

Error
DF t Value Pr > |t|

static light reflector 16.2083 2.5496 116 6.36 <0.001
static light retroreflective strips 10.7033 2.5496 116 4.2 <0.001
static light flashing light −2.335 2.5496 116 −0.92 0.3617
static light no aids 18.8196 2.5496 116 7.38 <0.001
reflector retroreflective strips −5.505 2.5496 116 −2.16 0.0329
reflector flashing light −18.5433 2.5496 116 −7.27 <0.001
reflector no aids 2.6112 2.5496 116 1.02 0.3079

retroreflective strips flashing light −13.0383 2.5496 116 −5.11 <0.001
retroreflective strips no aids 8.1162 2.5496 116 3.18 0.0019

flashing light no aids 21.1546 2.5496 116 8.3 <0.001

As shown in Table 11, the use of static light gave a positive estimate of distance differences
compared to the use of a reflector, retro-reflective strips, or no aids (16.2083 compared to a reflector,
with p < 0.001; 10.7033 compared to retro-reflective strips, with p < 0.001; and 18.8196 compared to no
aids, with p < 0.001). These results indicated that cyclists overestimate their visibility to a greater degree
when using a static light than when using a reflector, retro-reflective strips, or no aids. At the same
time, the results for night cycling without any visibility aids indicated less overestimation of cyclist
visibility, with a lower DD value using no aid compared to that using a flashing light, retro-reflective
strips, or static light.

Additionally, for both types of bikes and all kinds of visibility aids, the results showed a positive
estimate value for DD (49.1958, with a standard error of 2.6682, p < 0.001) in the solution for fixed effects,
which indicated a statistically higher estimated recognition distance relative to the actual recognition
distance. In other words, night-cyclists might overestimate their visibility in low light conditions, as
reported by Wood [18,19]. We also did a one-sample T-test for the hypothesis H0 that the ensemble

114



Sustainability 2019, 11, 7035

average of DD is zero, and the result showed that t (49) = 39.8296 and p < 0.001, which allowed the
rejection of H0.

3.4. A Post-Experiment Survey

Analysis of the experiment data in Section 3.3 revealed that although night-cyclists have greater
confidence when using a bike with a flashing light, our experiment indicated that static light and
retro-reflective strips have better night visibility. Because few bikes in China are equipped with lights,
especially flashing lights, it is necessary to assess the familiarity of drivers with flashing-light bikes.

We next did a survey to probe cyclists’ views about private bikes and shared bikes in a night-cycling
scene with different visibility aids. We then used a thirty-second video to assess drivers’ familiarity
with flashing-light bikes. The survey was completed by 187 respondents who ranged in age from 20 to
59. Of the respondents, 123 people were invited to answer questions as cyclists, and 65 people were
invited to complete this survey as drivers.

In the survey of cyclists, 27.6% interviewees said that they felt a perceptible difference between
using a shared bike or a personal bike. The rest (72.4%) reported no or only a slight difference between
using a shared bike or a personal bike. Almost all interviewees considered shared bikes to be more
visible for night cycling (93.5%). In response to a question on which type of visibility aid is the most
visible for night cycling, 91.9% interviewees selected a flashing light, and the remaining respondents
chose a static light.

The survey of drivers did not include written questions. Drivers watched a thirty-second video
that was recorded from the driver’s perspective about a bicyclist cycling at night from the opposite
direction (nearly 200 meters away) on a bike with a flashing light. As they watched this video, we
asked what they thought the flashing light was. No drivers thought it was a bike during the first 10 s
of the video and 41.5% drivers reported that it might be a bike in the middle 10 s. After watching the
whole video, 81.5% of viewers thought it was a bike, but only 61.5% were sure. This result indicated
a low ability of drivers to recognize a bike with a flashing light, which may explain the difference
between our result and that of Wood [18].

4. Discussion

We have evaluated the visibility difference between private bikes and shared bikes with five
types of visibility aids. The results showed cyclists overestimate shared bikes’ visibility in lowlight
conditions. As a visibility aid, a flashing light does not provide as much visibility to others as cyclists
expect it to. The difficulty of quick recognition one of the main the possible causes of this, as seen in
the post-experiment survey.

Firstly, one result in this research is consistent with Wood [18,19], which indicated that cyclists
overestimate their own night-time visibility. One possible explanation for this is that cyclists tend to stand
on their own shoes to estimate recognition distance. A previous study showed that cyclist-motorists
had fewer collisions with cyclists and detected them at a greater distance [5]. According to bike crashes
research in New Zealand conducted by Tin et al. [21], cyclists’ visibility may be improved if more
people cycle and fewer people drive cars. In other words, cyclists or cyclist-motorists may have a
longer recognition distance for other cyclists than motorists. So in our research, if our cyclist tends to
estimate their recognition distance as a cyclist observing another cyclist, it would be a shorter estimate
than a motorist would actually take to spot a cyclist.

One interesting result is that cyclists think shared bikes are more visible than private bikes while
there is actually no significant difference. Different proportions of sensory visibility and cognitive
visibility between cyclists and motorists are one possible reason for this. Sensory visibility shows the
extent to which an object can be distinguished from its environment, due to its physical characteristics
such as its shape, brightness, color, and angular size [22,23]. Obviously, shared bikes have a higher
sensory visibility than private visibility due to its bright and uniform appearance. Cognitive visibility
refers to the extent to which an object be noticed due to an observer’s experience, expectations,
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and objectives [24–27]. In lowlight conditions, it can assume that shared bikes and private bikes may
not have a significant cognitive difference. This means motorists may obtain the same observation
times, no matter whether they encounter a sharing bike or private bike moving in the opposite
direction. And they will extract similar information from traffic scenes based on their own expectations.
Cyclists may estimate their own bikes’ visibility mostly based on sensory visibility, while drivers
mostly use cognitive visibility. However, for now this remains a hypothesis, which targeted research
should explore further in the future.

Another cognitive difference is that flashing lights do not provide as good a visibility as cyclists
estimate. A static light and flashing light showed a higher estimated recognition distance than reflector
and retroreflective strips. But a static light and reflector had a significantly higher actual distance
than flashing light, retroreflective strips, and no aids. A flashing light still provides higher sensory
visibility, due to our visual sensitivity towards patterns of human motion [28,29]. However, it may
be hard for drivers to recognize, which means it provides bad cognitive visibility, according to the
post-experiment survey.

However, there is still a gender gap in using shared bikes. This could be a constraint for the
validity of similar experiments if these gaps are not previously addressed. The gender distribution of
cyclists and the gender distribution of drivers were not representative of the gender distribution of
these two groups in the surveyed area. The experimental sample in our research included more males
than females. It would be interesting to carry out the same experiment with a different sex ratio to
study the effect of gender on cyclists’ and drivers’ estimation differences between shared bikes and
private bikes.

We evaluated the visibility difference in shared bikes and private bikes using five types of visibility
aids. The current study can advise policy makers in providing proper visibility aids and improving the
safety of share bike programs. In addition, it suggested that there is a difference in sensory visibility and
cognitive visibility between cyclists and motorists. Further research on cyclists and drivers’ sensory
visibility and cognitive visibility is necessary for improving cyclists’ visibility in lowlight conditions.
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Abstract: As a clean, sustainable transport tool, bicycles have significant advantages in short-distance
travel. Despite many efforts assumed in Beijing to improve the cycling environment, the popularity
of cycling remains relatively low. However, the advent of the free-floating bike-sharing (FFBS) system
has engendered an unexpected cycling enthusiasm in Beijing. Therefore, it is of great importance
to delve into why travelers prefer FFBS as a transportation form from a psychological perspective.
In this paper, 352 valid questionnaires were collected from an online survey, and an extended theory
of planned behavior (TPB) was adopted to examine the psychological determinants of intention and
actual behavior to use FFBS. The results showed that men and car-owners prefer vehicles and show a
lower willingness to use FFBS. In contrast, residents under the age of 60, residents with FFBS riding
experience, and residents skilled in cycling are inclined to use FFBS; the economic convenience of
FFBS is the most important attractant for FFBS, while bad weather is the biggest hindrance factor for
residents to use FFBS; however, imperfection in infrastructure has no significant impact on reducing
residents’ willingness to use FFBS. These results have important implications for planners to better
understand the FFBS use behavior, and several suggestions are proposed to support the policymaking
about FFBS.

Keywords: free-floating bike-sharing system; influence factor; social-psychological variables;
intention; use frequency

1. Introduction

Cycling is widely acknowledged as a sustainable and clean mode of travel with significant
advantages in short-distance travel [1]. It is commonly considered a healthy lifestyle to reduce deaths
caused by the urban sedentary lifestyle and an effective way to alleviate air pollution caused by
automobile exhaust [2–4]. During the 1980s, China was called the “kingdom of bicycles”, and bicycles
were the most common urban transportation. However, with the rapid development of motorization
and urbanization, the proportion of cycling in Beijing had declined from 62.7% in 1986 to 12.4% in 2015
(see Figure 1) [5], due to a variety of factors. The increasing travel distance with the fast growth at
the urban scale is partly responsible for the decrease of bicycle usage. Fifty-five percent of journeys
in Beijing are still within five kilometers according to a 2014 survey, thanks to its reasonable urban
layout and extensive living facilities. However, twelve percent of these short-distance trips were still
made by car, which were fundamentally suitable for cycling [6]. Therefore, it is very important to
promote the prevalence of bicycles, particularly for short-distance travel, for the sake of the sustainable
development of urban traffic.
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Figure 1. Proportion of bicycle trips in Beijing.

According to the success of Copenhagen and other cities, many measures have been taken in
Beijing to improve the cycling environment. From 2013 to 2016, more than 700 kilometers of bike lanes
were constructed in Beijing; 328,000 square meters of colored intersections were paved; 1702 meters of
bike lanes were broadened. However, the popularity of the usage of bicycles as a transportation form
is yet dissatisfactory. To promote sustainable transportation, the bike-sharing system has been valued.
There are mainly three types of bike-sharing programs, including the public bike-sharing system (PBS),
the closed campus bike-sharing system (CBS), and free-floating (FFBS). CBS (Figure 2a) is a kind of
bike-sharing system that is used only inside the campus. PBS (Figure 2b) is often run or subsidized by
the government, involving massive docking station constructions, whilst FFBS is a newer form, which
has been developing rapidly in China since 2016. It is found that FFBS (Figure 2c) not only provides a
new kind of sharing mode, but also gives rise to an unexpected change for sustainable transport [7].

FFBS, which is represented by OFO and MOBIKE, has emerged in China at the right moment as a
result of the mobile Internet. FFBS are completely sponsored and operated by enterprises. They have
overcome the limit of fixed sites, that is people can rent or return bikes anywhere. Each bike can
be located by a Global Positioning System (GPS) module in its smart lock. Users can rent bikes by
scanning a QR code (a kind of two-dimensional code) with the help of a smartphone. [7] By June 2018,
over 1.9 million bikes were available, and the average amount of daily usage reached approximately
2,250,000. The declining trend of the share rate of cycling for the past few years has been altered, or
even slightly increased by 1.1%, with the emergence of FFBS [5]. Such progress is beyond the other
approaches. Therefore, it is of great importance to understand the motivations and barriers underlying
the usage of shared bikes, so that further methods can be proposed to enhance the sustainability of
FFBS and, more importantly, to promote the development of cycling.

 

(a) CBS (b) PBS (c) FFBS 

（
）

Figure 2. Bike-sharing program. (a) CBS: campus bike-sharing; PBS: (b) public bike-sharing;
(c) FFBS: free-floating bike-sharing.
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2. Literature Review

In order to understand the cycling prevalence of FFBS, numerous studies have been conducted.
The present research is mainly concerned with the impact of various factors such as social
demography, travel details, infrastructure, meteorological environment, and FFBS operating system.
Factors influencing the use of bicycles and PBS, which constitute a part of the basis for the current
research, were also included in the literature review.

FFBS usage is related to social demographic factors. Most studies demonstrated that male cyclists
outnumber female cyclists. Pucher et al. [8] believed that there was a negative correlation between
cycling frequency and age. The results of Guo showed that the usage of FFBS was affected by household
bicycle/car ownership [9]. It is generally believed that PBS users have high average incomes [10], high
levels of education [11], and full-time or part-time employment [12]. In addition to social demographic
factors, travel details also affect FFBS usage: travel distance has a greater influence than travel time and
purpose [9,13,14]. Likewise, there is a relationship between infrastructure and FFBS usage. According
to the study of Gamez-Perez [15], a safe and adequate infrastructure is a guarantee for the potential
usage of FFBS. Barnes [16] found that setting up a dedicated bike road could increase the amount of
cyclists by 1% to 2%. Stinson and Bhat [17] made a survey and found that cyclists preferred continuous
roads in cycling. Environmental factors are often a barrier to the use of FFBS. The study results of
Li [18] showed that reduced air pollution exhibited a favorable influence on non-motorized transport
usage. It was also found that rainy weather discouraged the use of public bikes [19]. Demand for FFBS
is evidently reduced by temperature and poor air quality [20]. Additionally, the exclusive advantages
of FFBS are particularly important for its popularity. First of all, convenience is the major motivator
for FFBS use [21]. Other merits such as favorable ease of access with a smart phone, convenience of
pickup and parking, low expense [22], and extensive presence of docking stations within 250 m of
their workplace were found to be statistically significant contributions to the preference for shared
bikes [10], while primary obstacles for FFBS usage came from malfunction and limited regulations [23].
Additionally, FFBS is confronted with competition from the others transportation in terms of cost and
travel experience [24].

However, the interrelationship between these factors is complex, and the governing mechanism
is unclear. Scholars try to explore the unobservable potential variables based on the perspective of
social psychology. Some new aspects of social psychology have been explored with the widespread
application of planned behavior theory (TPB) [25], among which attitude, social norms, and perceived
behavior control are the three most important potential variables.

In the early stage, the cycling behavior was studied based on TPB, and some general laws were
found. Dill [26] argued that a positive attitude toward cycling led to the increase of the likelihood of
cycling. Similarly, Abraham et al. [27] argued that negative views of driving also encouraged people to
use bicycles. The studies of De [28] showed that cyclists were more likely to get help and support from
cycling groups. At the same time, Bamber [24] found that people who had ridden a bicycle had less
anxieties about and more willingness toward cycling. TPB can be also used to explain the intentions
and behaviors towards FFBS. Scholars studied the social effects of shared bikes: the membership
increase of shared bikes seemed to be slightly due to contagion from neighboring membership [29].
Social influence has a positive effect on users’ trust attitude and hence subjective well-being [30].
According to a structural equation model (SEM) of intentions, the significance of factors is a sequence
of subjective norms > attitude > perceived pleasure > effects of flexibility and convenience [31].

Compared with bicycles, except for some common socio-demographic factors, the use of PBS and
FFBS is more susceptible to the system factors and perceived potential variables, while the infrastructure
displays an insignificant influence. More details are shown in Table 1.
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Table 1. Influence factors for bicycles, PBS and FFBS.

Bicycle PBS FFBS

Social demographic
factor

Age, Gender, Bicycle
ownership

Age, Income, Education,
Full-/part-time
occupation

Bicycle/car ownership

Travel factor
Travel distance, Travel
purpose Travel time, Travel purpose

Infrastructure factor Bicycle road
Environmental factor Air pollution Rainy weather Poor air, Temperature

System factors
Convenience, Member
or not

Convenience of pickup and
parking, Low expense,
Malfunction, Limited regulations

Latent variable
Attitude toward cycling,
Attitude toward driving,
Experience

Experience, Subjective
norm, Attitude,
Perceptual behavior
control

Experience, Subjective norm,
Attitude, Perceptual behavior
control, Preference, External
restrictions

2.1. Theory of Planned Behavior

The following variables are involved according to the theoretical framework of standard TPB: ATT
(attitude), SN (subjective norm), PBC (perceived behavior control), BI (intention), and BV (behavior) [25].
Attitude indicates negative or positive assessment of persons towards some behavior; a subjective
norm refers to the detailed feelings of other people regarding decision making; and PBC is similar to
the concept of self-control over one’s own behavior. On the basis of TPB, behavior is mainly predicted
by intentions, which inversely suffer from the influences of ATT towards the behavior, PBC over the
behavior, and SN pertaining to the behavior.

TPB is a kind of primary social-cognitive theory developed by Ajzen [25], who implied that
personal behavior is mainly predicted by behavioral intentions, which are further determined by
three salient motivational factors: attitude, subjective norms, and perceived behavioral control
(PBC). Despite that the basic model could provide an interpretation for a majority of the alterations
in intention, several scholars have proposed that it would lead to an evident improvement in its
explanatory power with consideration of attitudes toward bad weather, attitudes toward cars [32], and
external restrictions (infrastructure). On the basis of TPB, Han et al. [33] predicted the intention of bike
traveling, using the attractiveness of unsustainable alternatives as a moderator and personal norm
and past behavior as predictors. The results offered a thorough understanding of the role of volitional
and non-volitional processes, personal norm, past behavior, and the attractiveness of unsustainable
alternatives in explaining the intention formation of bike traveling. The predicted intention of car
usage [24] indicated that role beliefs increased the explanatory power of the Ajzen model, and car use
habit significantly contributed to the predictive power of the Ajzen model, while the personal norm
exerted an insignificant effect either on intention or on behavior.

However, the explanatory power of these variables was involved in a few related explorations for
FFBS usage. As a consequence, the present study employed an extended the TPB model that accounted
for the basic TPB model, as well as attitudes toward bad weather, attitudes toward cars, and external
restrictions regarding infrastructure, to explain FFBS usage intentions and behaviors.

2.1.1. Original PBC Variables

Perceived behavior control (PBC): Perceived behavior control means self-control over one’s own
FFBS usage behavior.

Subjective norm (SN): Subjective norms mean the social pressure received from several important
referents to perform a particular behavior.

Attitude towards FFBS (BATT): Attitude towards FFBS is the original attitude, explained as the
extent of one’s favor or praise towards FFBS usage behavior (BATT is used to represent attitude towards
FFBS here to distinguish it from other attitudes).
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2.1.2. Additional Variables

Attitude towards cars (CATT): Attitude towards cars represents the inclination toward FFBS usage
on the condition of the preference for cars.

Attitude towards bad weather (WATT): Attitudes towards bad weather, exhaust fumes, and haze
represent the inclination towards FFBS usage in the case of bad weather.

External restrictions regarding infrastructure (IER): External restrictions regarding infrastructure
reflect restrictions for FFBS use that are beyond the control of the user.

In order to explain the prevalence in the choice of FFBS as a mode of transport, three main concerns
are involved in the present paper, including: (1) identification of the psychosocial factors that play
a role in FFBS use intention and actual behaviors; (2) the complex interrelation among those factors;
(3) advice for promoting FFBS use. It should be noted that this paper mainly discusses the influence of
cars on the use of FFBS, considering that travelling by bus belongs to a green mode of transportation.

3. Research Hypotheses

For the sake of an interpretation of the FFBS usage behavior in Beijing, the TPB model was
incorporated in the current study. Besides, a special concern of the current study refers to the
direct influence of attitudes toward bad weather, attitudes toward cars, and external restrictions
regarding infrastructure, together with their effects as mediators that account for FFBS usage behaviors.
A hypothesis framework was proposed based on the summary of the above discussion. The hypotheses
and the proposed model (Figure 3) are shown as follows.

Hypothesis 1 (H1). Intention shows a positive relation toward FFBS usage behaviors.

Hypothesis 2 (H2). PBC (H2a), SN (H2b), and BATT (H2c) will positively predict FFBS usage intentions.

Hypothesis 3 (H3). WATT (H3b) and IER (H3c) will have negative, direct effects on users’ intentions to use

FFBS.

Hypothesis 4 (H4). PBC will positively predict users’ behavior toward the use of FFBS.

Hypothesis 5 (H5). IER has an influence on intention by reducing BATT.

 

Figure 3. The proposed path model.

4. Methods

4.1. Participants and Procedure

In this study, data were collected within five days in July 2018 from an online survey in Beijing.
The questionnaire link was forwarded to 12 WeChat groups covering people with differences in
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age, education, and cycling experience. To ensure that all the respondents were residents living in
Beijing, the questionnaire link was set with IP restrictions accessible only for respondents in Beijing.
Three-hundred-eighty-five group members responded, and each were paid CNY 4 (approximately
$0.44). After the filtration of incomplete data and extreme data (i.e., those respondents whose answering
time was 6 min less than the minimum time limit), there were in all 352 valid questionnaires from
197 women and 155 men, with an acceptable proportion of 91.43%.

4.2. Measure

The questionnaire included 3 parts: introduction, demographic information, and latent variable
items. The introduction part helped participants complete the questionnaire; the demographic
information part mainly included gender, age, income, education, occupation, vehicle ownership,
cycling ability, frequency of FFBS use, and working location; and the latent variable items were derived
from the hypothetical framework of this paper and previous studies. According to the actual usage of
shared bikes, a six-point scale was designed to measure the variable BV, and the other variables were
evaluated according to a five-point Likert scale, ranging from 1 = “strongly unlikely” to 5 = “strong
likely”. A further revision was employed for the questionnaire to enhance its clarity and reliability
based on feedback, after a pretest of 100 people.

� Perceived behavior control (PBC): Three items were used to assess perceived behavior control.
Respondents demonstrated the following three behavioral beliefs for FFBS: PBC 1: I have the
ability to pay the deposit; PBC 2: I can afford a membership card; PBC 3: I can afford to use it;

� Subjective norm (SN): Five items were used to assess subjective norm. SN1: My friends would
support me to use shared bikes; SN2: My family would support me to use shared bikes; SN3:
Most people in society would support me to use shared bikes; SN4: News medium would support
me to use shared bikes; SN5: Social media would support me to use shared bikes;

� Attitude towards FFBS (BATT): Five items were used to assess residents’ attitude towards FFBS.
BATT1: It is economical because I don’t have to buy a bicycle; BATT2: It is economical because it’s
cheap to use; BATT3: It is convenient because it can be rented anywhere; BATT4: It is convenient
because I can stop to do other things at any time in travel; BATT5: It is convenient for I need not
to worry about maintenance and theft;

� Attitude towards cars (CATT): Five items were used to assess residents’ attitude towards cars.
CATT1: It is economical; CATT2: It is convenient; CATT3: It is efficient; CATT4: It is comfortable;
CATT5: It is safe;

� Attitude towards bad weather (WATT): Two items were used to assess residents’ attitude towards
bad weather. WATT1: It is uncomfortable as it exposes me to exhaust fumes and haze directly;
WATT2: It is uncomfortable because I might suffer from bad weather;

� External restrictions regarding infrastructure (IER): Three items were used to assess residents’
attitude towards bad weather. IER 1: Incomplete bike lanes would limit my use of FFBS;
IER 2: Insufficient parking space would limit my use of FFBS; IER 3: Poor cycling environment
(shade) would limit my use of FFBS;

� FFBS usage intentions (BI): Three items were used to measure residents’ FFBS usage intentions.
IN1: I intend to travel by shared bikes frequently in the next three months; IN2: I try to travel by
shared bikes frequently in the next three months; IN3: I plan to travel by shared bikes frequently
in the next three months;

� FFBS usage behavior (BV): The FFBS usage behavior was measured by one item: BV1: How often
have you used BSS in the past three months? (1 never 2 once a month 3 once a week 4 2–4 times a
week 5 almost every weekday 6 almost every day)
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5. Results

5.1. Demographic Results

After deleting responses that did not meet the minimum response time requirement, 352 valid
samples with 155 males and 197 females were collected from the survey. This distribution was basically
consistent with the permanent resident population structure in Beijing in 2019 with 50.8% male and
49.2% female [34]. The average age was 30.77 (SD = 9.58). The proportion of the surveyed people
under 12 or over 65 was relatively small compared to the age distribution of the permanent resident
population in Beijing. The reason was mainly due to the survey being conducted by means of WeChat.
However, considering the prohibition of children under 12 to use a shared bike and the inconvenience
of elderly people over 65, who seldom ride a bike, such a discrepancy did not have a sensible influence
on the following discussion. Different income levels, occupations, education levels, and working
locations were covered. Thirty-one-point-two-five percent of participants owned cars, and 41.48% of
participants owned private bicycles. With regard to FFBS usage frequency, only 10 participants had
never used shared bikes in the past three months (2.84%), and more than half of participants used
bicycles regularly (63.07%). More details are shown in Table 2.

Table 2. Summary of respondents’ demographic information (n = 352).

Gender Frequency Percentage Occupation Frequency Percentage

Male 155 44.03% Government/public institution 41 11.65%
Female 197 55.97% Enterprise employers 122 34.66%

Age Frequency Percentage Business/service personnel 10 2.84%

<18 2 0.56% Medical personnel 4 1.14%
19–24 101 28.69% Teacher 16 4.55%
25–34 152 43.21% Student 111 31.53%
35–44 58 16.49% Worker 5 1.42%
>45 39 11.07% Community worker 3 0.85%

Monthly Income
(US$)

Frequency Percentage Individual owner or operator 5 1.42%

<221 76 21.59% Retirement 11 3.13%
221–442 47 13.35% Free employment 8 2.27%
443–738 56 15.91% Unemployed 5 1.42%
739–1180 64 18.18% Others 11 3.13%

1181–2214 82 23.3% Education Frequency Percentage

>2214 27 7.67% Primary school 1 0.28%

Car Ownership Frequency Percentage Junior high school 7 1.99%

Have 110 31.25% Senior high school 22 6.25%
Have no 242 68.75% College 165 46.87%

Private Bicycle
Ownership

Frequency Percentage Master or above 157 44.6%

Have 146 41.48% Working Location Frequency Percentage

Have no 206 58.52% inside the second ring road 25 7.10%

FFBS Usage
Frequency

Frequency Percentage
the second ring road-the third

ring road 68 19.32%

Never 10 2.84% the third ring road-the fourth
ring road 140 39.77%

Once a month 64 18.18% the fourth ring road-the fifth
ring road 60 17.05%

Once a week 56 15.91% outside the second ring road 49 13.92%

Times a week 142 40.34% Cycling Ability Frequency Percentage

Almost every
workday 33 9.38% Have 343 97.44%

Almost every day 47 13.35% Have no 9 2.56%
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Independent t-tests proved to be suitable for the analysis of the difference between two independent
groups of small samples [35] and were conducted to analyze the differences between two independent
groups in terms of seven extended TPB variables (e.g., male/female, old/young, have cycling
experience/not, owning a car or a bike/not, riding ability/not), respectively. Men usually had a
more friendly attitude towards cars than women; residents under 60 years old had stronger perceived
behavioral control, subjective norms, and external restrictions regarding infrastructure; they were
also more likely to use FFBS. Attitudes toward cars showed significant differences in car ownership:
residents who owned cars had better attitudes toward cars. However, the difference was absent between
the group of bicycle owners and that without a bicycle. Residents with FFBS cycling experience showed
stronger subjective norms and less preference for cars than those without FFBS cycling experience.
In addition, people with good cycling skills had stronger subjective norms (see Table 3).

For the sake of further exploring the significant difference of demographics in FFBS usage
frequency, a variance analysis [36] was conducted after a normality test. The results showed that
gender, age, cycling ability, car ownership, occupation, and education level contributed to the variation
in the use frequency of FFBS (see Table 4). Men, young people, and students were more likely to
use shared bikes. Residents with a car and cycling ability showed higher enthusiasm toward shared
cycling. A high education level also showed higher bike-sharing use frequency.
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Table 3. Independent t-tests between demographics and theory of planned behavior (TPB) variables.

Variable
Gender M (SD) t-Tests Age M (SD) t-Tests

Male (n = 155) Female (n = 197) t Value Effect Size Over 60 (n = 8) Under 60 (n = 344) t Value Effect Size

PBC 0.36 ± 0.26 0.35 ± 0.27 0.24 0.81 0.21 ± 0.13 0.36 ± 0.26 −3.049 0.015 *
SN 4.20 ± 0.74 4.24 ± 0.82 −0.516 0.606 3.63 ± 0.90 4.24 ± 0.78 −2.191 0.029 *

BATT 4.21 ± 0.69 4.27 ± 0.73 −0.714 0.475 4.30 ± 1.06 4.24 ± 0.70 0.158 0.879
CATT 2.67 ± 0.78 2.50 ± 0.79 2.114 0.035 * 2.15 ± 0.89 2.58 ± 0.79 −1.542 0.124
WATT 1.93 ± 0.78 1.84 ± 0.80 1.071 0.285 2.00 ± 0.85 1.87 ± 0.79 0.452 0.651

IER 4.17 ± 0.86 4.26 ± 0.86 −0.935 0.351 3.54 ± 0.89 4.24 ± 0.85 −2.277 0.023 *
BI 4.15 ± 0.72 4.01 ± 0.94 1.585 0.114 3.46 ± 0.94 4.09 ± 0.85 −2.071 0.039 *

Variable
Car Ownership M (SD) t-Tests Bike Ownership M (SD) t-Tests

Have (n = 242) Have No (n = 110) t Value Effect Size 0.0 (n = 206) 1.0 (n = 146) t Value Effect Size

PBC 0.37 ± 0.26 0.33 ± 0.27 1.394 0.164 0.38 ± 0.26 0.32 ± 0.26 1.85 0.065
SN 4.23 ± 0.73 4.21 ± 0.91 0.2 0.842 4.18 ± 0.82 4.29 ± 0.73 −1.381 0.168

ATT 4.26 ± 0.67 4.21 ± 0.80 0.588 0.557 4.22 ± 0.78 4.28 ± 0.59 −0.875 0.382
CATT 2.67 ± 0.76 2.37 ± 0.81 3.314 0.001 ** 2.59 ± 0.79 2.55 ± 0.80 0.486 0.628
WATT 1.87 ± 0.76 1.88 ± 0.86 −0.036 0.971 1.92 ± 0.81 1.81 ± 0.76 1.337 0.182

IER 4.26 ± 0.80 4.15 ± 0.97 1.013 0.312 4.18 ± 0.84 4.28 ± 0.88 −1.112 0.267
BI 4.11 ± 0.80 3.99 ± 0.95 1.25 0.212 4.04 ± 0.85 4.12 ± 0.85 −0.909 0.364

Variable
Experience M (SD) t-Tests Riding Ability M (SD) t-Tests

≥1 (n = 342) 0 (n = 10) t Value Effect Size Have (n = 343) Have No (n = 9) t Value Effect Size

PBC 0.36 ± 0.26 0.26 ± 0.24 1.189 0.235 0.35 ± 0.26 0.38 ± 0.33 −0.281 0.779
SN 4.25 ± 0.77 3.46 ± 1.04 3.155 0.002 ** 4.26 ± 0.75 3.00 ± 1.21 3.104 0.014 *

BATT 4.26 ± 0.68 3.56 ± 1.18 1.877 0.093 4.25 ± 0.70 3.84 ± 1.01 1.71 0.088
CATT 2.60 ± 0.78 1.80 ± 0.65 3.188 0.002 ** 2.59 ± 0.79 2.16 ± 0.68 1.617 0.107
WATT 1.86 ± 0.78 2.30 ± 1.11 −1.731 0.084 1.86 ± 0.78 2.28 ± 1.03 −1.553 0.121

IER 4.22 ± 0.87 4.30 ± 0.67 −0.288 0.773 4.22 ± 0.86 4.19 ± 1.04 0.132 0.895
BI 4.12 ± 0.80 2.43 ± 1.03 6.528 0.000 ** 4.10 ± 0.83 2.93 ± 0.72 4.184 0.000 **

* p < 0.05 ** p < 0.01.
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Table 4. Analysis of variance between demographics and FFBS usage frequency.

Gender M (SD) F p Occupation M (SD) F p

Male 3.99 ± 1.27
5.132 0.024 *

Government/public
institution 3.77 ± 1.23

1.892 0.034 *

Female 3.69 ± 1.20 Enterprise employers 3.88 ± 1.30

Age M (SD) F p Business/service personnel 3.70 ± 0.95

<18 4.00 ± 1.22

3.299 0.011 *

Medical personnel 3.60 ± 0.55
19–24 3.91 ± 1.26 Teacher 3.88 ± 1.26
25–34 3.99 ± 1.21 Student 4.03 ± 1.23
35–44 3.64 ± 1.32 Worker 2.60 ± 0.89
>45 3.26 ± 0.99 Community worker 2.67 ± 1.15

Income M (SD) F p Individual owner or operator 3.60 ± 1.14

<221 3.79 ± 1.28

0.813 0.541

Retirement 3.33 ± 0.89
221–442 4.04 ± 1.30 Free employment 4.00 ± 1.12
443–738 3.61 ± 1.15 Unemployed 2.20 ± 0.45
739–1180 3.78 ± 1.19 Others 3.70 ± 1.16

1181–2214 3.94 ± 1.26 Education M (SD) F p

>2214 3.77 ± 1.24 Primary school 3.00 ± null

6.386 0.000 **
Cycling Ability M (SD) F p Junior high school 2.71 ± 0.95

Have 3.85 ± 1.23
6.844 0.009 **

Senior high school 3.41 ± 0.91
Have no 2.40 ± 0.55 College 3.62 ± 1.21

Car Ownership M (SD) F p Master or above 4.15 ± 1.24

Have 3.59 ± 1.14
5.979 0.015 *

Working Location M (SD) F p

Have no 3.93 ± 1.27 inside the second ring road 3.65 ± 1.06

1.253 0.288
Private Bicycle

Ownership M (SD) F p
the second ring road-the

third ring road 4.03 ± 1.27

Have 3.87 ± 1.17
0.361 0.548

the third ring road-the fourth
ring road 3.89 ± 1.20

Have no 3.79 ± 1.29 the fourth ring road-the fifth
ring road 3.70 ± 1.23

outside the fifth ring road 3.60 ± 1.39

* p < 0.05 ** p < 0.01 M: mean, SD: standard deviation.

5.2. Reliability and Validity Analysis

The scale in this study was redesigned based on TPB. Therefore, the quality of the scale needed to
be re-evaluated to test the validity and reliability of the questionnaire and ensure that the questionnaire
could reflect the objective reality.

5.2.1. Reliability Analysis

In order to examine the reliability of the collected data, a corresponding analysis was carried out
for the extended TPB scale. Calculation of Cronbach’s alpha provided a method for the estimation
of the internal consistency of the questionnaire and of each factor of the remaining items according
to the exploratory factor analysis. As shown in Table 2, the reliability for each of the remaining
factors was larger than 0.60, and the total scale α = 0.792, indicating the acceptable reliability of the
TPB questionnaire.

5.2.2. Validity Analysis

Exploratory factor analysis [37] provides assistance in the determination of the contribution from
indicators to the evaluation of each latent variable. Before the factor analysis, the KMO test and the
Bartlett test were required to analyze the correlation between variables and the independence between
variables, respectively. KMO = 0.804, and the Bartlett test showed a significance level of p < 0.01,
indicating the suitability for the factor analysis. The approach to derive principal components by means

128



Sustainability 2020, 12, 2977

of varimax rotation was subsequently employed for the identification of seven factors. Items should be
assigned to factors based on their factor loadings. In the case of a factor loading less than 0.4 or the
presence of cross-loading in more than one factor, the items should be removed [38]. The eigenvalues
for the seven factors—PBC, SN, BATT, CATT, WATT, IER, and BI—were 2.251, 3.353, 3.396, 2.745 1.570,
2.389, and 2.333, respectively. The seven factors could explain the variations of 8.66%, 12.90%, 13.06%,
10.56%, 6.04%, 9.19%, and 8.97%, respectively. The accumulative variance for the contribution rate
was 69.38%, and each of the seven factors had a value above one (see Table 5). Consequently, the
validity and reliability of the extended TPB questionnaire were confirmed, and thus, the extended TPB
questionnaire was a feasible measurement for the use behavior of FFBS.

Table 5. Factor analysis (n = 352).

Items Mean Score Eigen-Values
Cronbach’s

Alpha
Factors

Loading
Variance

Explained (%)

Cumulative
Variance

Explained (%)

Factor 1:
PBC

3.579

2.251 0.823 8.66% 8.66%PBC1 3.46 0.866
PBC2 3.543 0.879
PBC3 3.733 0.8

Factor 2: SN 4.224

3.353 0.854 12.90% 21.56%

SN1 4.54 0.695
SN2 4.199 0.619
SN3 4.128 0.843
SN4 4.116 0.855
SN5 4.139 0.868

Factor 3:
BATT

4.242

3.396 0.83 13.06% 34.62%
BATT1 3.801 0.71
BATT2 4.043 0.76
BATT3 4.455 0.771
BATT4 4.423 0.774
BATT5 4.489 0.702

Factor 4:
CATT

3.425

2.745 0.774 10.56% 45.18%
CATT1 2.727 0.651
CATT2 3.586 0.792
CATT3 3.094 0.675
CATT4 3.955 0.731
CATT5 3.781 0.772

Factor 5:
WATT

1.875
1.57 0.678 6.04% 51.22%WATT1 1.966 0.82

WATT2 1.784 0.822

Factor 6:
IER

1.777

2.389 0.859 9.19% 60.41%IER1 1.767 0.879
IER2 1.96 0.824
IER3 1.605 0.831

Factor 7: BI 4.072

2.333 0.931 8.97% 69.38%
BI1 4.165 0.779
BI2 4.054 0.825
BI3 3.997 0.805

5.3. Correlation Analysis

As Table 6 shows, SN, BATT, CATT, WATT, and IER were highly correlated with the intention to
use FFBS; PBC, SN, BATT, CATT, and IER were highly correlated with the FFBS use behavior.
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Table 6. The correlation matrix between the factors of the scale and the total score.

PBC SN BATT CATT WATT IER BI BV

PBC 1
SN 0.004 1

BATT −0.043 0.295 ** 1
CATT 0.019 −0.046 −0.087 1
WATT −0.085 −0.058 −0.275 ** −0.139 ** 1

IER −0.265 ** −0.226 ** −0.335 ** 0.049 0.250 ** 1
BI −0.045 0.401 ** 0.569 ** −0.167 ** −0.244 ** −0.293 ** 1
BV −0.107 * 0.163 ** 0.179 ** −0.117 * −0.064 −0.126 * 0.468 ** 1

* p < 0.05 ** p < 0.01.

5.4. Structural Equation Modeling

Based on an unbiased method via Amos 17.0, a structural equation model was established to
explore the relationship among potential variables and confirm the results of the exploratory analysis
through a confirmatory factor analysis (see Figure 4). Such an analysis approach is able to estimate
latent variables with the indicators and to further relate them with an observed measure of the studied
object, which is the frequency of FFBS use for the present case.

 

（*p＜0.05，**p＜0.01，***p＜0.001） 

The χ

the values of χ

𝝌𝝌𝟐𝟐/𝒅𝒅𝒅𝒅

Figure 4. Path diagram of the proposed model to explain the use of FFBS.
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Results of Hypotheses Testing

Attitudes toward FFBS (β = 0.55, p < 0.001) produced the foremost predictive contribution to
intention, followed by subjective norms (β = 0.39, p < 0.05), supporting H2b and H2c, respectively.
Although perceptual behavior control had no direct effect on intention, it positively predicted users’
behavior to use FFBS (β = 0.12, p < 0.01), rejecting H2a and supporting H4. Attitudes toward bad
weather (β=−0.84, p < 0.001) produced the largest direct and negative predictive influence on intention,
with the second foremost contribution from attitudes toward cars (β = −0.17, p < 0.001), supporting
H3b and H3a, respectively. However, the direct effects of external constraints regarding infrastructure
(β = −0.24, p > 0.05) on intention were of little significance, thereby rejecting H3c and H5. Lastly,
intention gave a significant prediction of users’ behavior to use FFBS (β = 0.47, p < 0.001), completely
supporting H1.

The χ2 test and its fit indices (root mean squared error of approximation (RMSEA), efficiency
of fit index (GFI), incremental fit index (IFI), non-normed fit index (NNFI), Tucker–Lewis coefficient
(TLI), and comparative fit index (CFI)) were employed to determine whether the actual data were in
general agreement with the proposed model. According to the results of the fit indexes from Table 7,
the values of χ2/df ranged from one to three, indicating the general consistency between the model
and data. Additionally, the RMSEA < 0.08, and only the NFI was slightly below the standard value.
Meanwhile, the remaining fit indexes were greater than 0.9. The results indicated a favorable fit ability;
thus, the model met our expectations regarding statistical adequacy.

Table 7. Results of the goodness of fit of the revised model: root mean squared error of approximation
(RMSEA), efficiency of fit index (GFI), incremental fit index (IFI), non-normed fit index (NNFI),
Tucker–Lewis coefficient (TLI), and comparative fit index (CFI).

Fit Index χ2/df RMSEA GFI IFI NFI TLI CFI

Measured value 1.732 0.046 0.901 0.953 0.896 0.945 0.953
Standard value 1–3 <0.08 >0.90 >0.90 >0.90 >0.90 >0.90

Adaptation judgment Yes Yes Yes Yes No Yes Yes

6. Discussion

The current study was primarily aimed at identifying the psychosocial variables that play a role in
FFBS use intention and actual behaviors, as well as to further explore the complex interrelation among
those factors and to provide a useful effective method to promote FFBS use.

As expected, the extended planned behavior theory in this paper could reasonably explain FFBS
usage intention and behavior. The structure involved herein showed that the positive indicators
associated with FFBS usage could be revealed through three latent variables: perceived behavioral
control, subjective norms, and residents’ attitudes toward FFBS, among which residents’ attitudes
toward FFBS were related to indicators that made cycling a competitive mode of transport. On the
other hand, the negative indicators associated with FFBS usage could be revealed through three latent
variables: attitudes toward cars, attitudes toward bad weather, and external constraints regarding
infrastructure, among which bad weather was the biggest obstacle for residents to use FFBS.

6.1. Influence of Demographic Variables

The current study investigated the correlation between extended TPB variables and demographic
factors. According to the results of independent t-tests, residents’ gender, age, car ownership, FFBS
riding experience, and riding ability had significant influences on the psychological variables. In the
current study, men showed a better attitude toward cars; one reasonable explanation might be that
cars exhibit more attraction for men than for women and that women account for a relatively small
proportion of licensed drivers. [39]. This implied that motivation for car usage was quite different
for men and women. Thus, men could be affected by factors that might make little sense for women.
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People under 60 years old were more willing to use FFBS, which might be due to the higher ability of
young people to accept new things, and studies showed that people who were more receptive to new
things were more likely to perceive the ease of use and usefulness of shared bikes [40]. There was a
dissimilarity in attitudes towards cars between people with cars and those without. This was related
to car owners being used to driving for travel, and thus, they were less susceptible to new ways of
travel. In the current study, there was a clear difference between the perceptions of users that had FFBS
experience and those that never used a shared bike [41], which was consistent with previous studies.
Adequate advice for the promotion in FFBS is to encourage people to experience FFBS riding [42].
In addition, it was reasonable that FFBS was more attractive for skilled cyclists with stronger subjective
norms. On the other hand, according to the results of the analysis of variance, the significant influence
of different demographic variables on the frequency of shared bikes was identified through this study.
Men, younger people, and students were more likely to use shared bikes. Car owners and skilled
cyclists showed higher enthusiasm toward shared cycling. Well-educated cyclists also showed higher
inclination to becoming bike-sharing users.

6.2. Influence of Psychosocial Variables

6.2.1. Perceptual Behavior Control

The perceptual behavior control explained by resources and ability (deposit, membership card,
cost) had a direct and predictive effect on FFBS use behavior: the stronger the perceived behavioral
control, the more likely residents were to use FFBS, consistent with previous work [43]. Therefore, it is
adequate advice to lower the cost for FFBS usage.

6.2.2. Subjective Norms

A general consensus has been achieved by most researches that subjective norms have predictive
effects on intention [44], also confirmed in this study. In addition, the results from the current study
revealed the crucial role that social media, news media, and society play in FFBS prevalence. With the
development of society, people are more and more dependent on social media and news media for
information. Moreover, shared bikes have obvious social attributes, which leads to the significant
influence of media on residents’ behaviors. Policies could encourage the recommendation of this
environmentally-friendly travel mode to neighboring friends, relatives, and social contacts [7,45].
On the other hand, urban governments should dispel residents’ anxieties through news media,
social atmosphere, and word-of-mouth among groups [3] to improve residents’ willingness to use
shared bikes.

6.2.3. Attitudes toward FFBS

The results of this paper showed that a positive attitude towards shared bikes was the key to
promote residents to use shared bikes. One possible explanation might be the unique advantages of
FFBS that it can be rented and returned anywhere and anytime with a low cost and that in some cases,
it could replace one’s own bicycle, as well as the users are relieved from the maintenance work and
security anxieties. These are beyond the capability of other vehicles. This result was in accordance
with the finding of Yan [31]: the more these characteristics are perceived by the cyclist with use, the
more important convenience becomes to explain their decisions. This paper also explored the success
of FFBS over the PBS launched by the Beijing government. Although there are seemingly plenty of
PBS stations in Beijing, people often have to walk more than 200 m to a fixed site to rent a bike, and
they are not sure about the location or the existence of a PBS station near the destination. In addition,
the procedure to register membership and get a card is time consuming, and thus, it is impractical for
non-members to use a bike right away. However, all these inconveniences are eliminated with FFBS:
people can even get an available shared bike at the gate of the community by scanning a QR code
with a smartphone and leave the bike anywhere at the destination. Therefore, the convenience of user
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experience belongs to an important user experience that FFBS operators should further improve, and
some potential approaches for the improvement of the service level should also be considered.

6.2.4. Attitudes toward Cars

The current study confirmed the competitive relationship between cars and FFBS. The more
friendly residents are toward cars, the less likely they are to choose shared bikes. Koller found that car
usage is often accompanied by functional, economic, emotional, and social values [32]. Interestingly,
contrary to expectations, the results of this paper indicated that the “comfort and safety of cars” was the
main reason for people to choose cars over “time saving”. Such a conclusion was established based on
the transportation mode itself and the perception of users, without considering other potential factors
such as the daily intention to ride a bike. Therefore, in an area suitable for bicycle travel (such as the
transit-oriented development area), targeted measures and designs to limit cars, such as higher parking
fees, less parking convenience, and building a dense road network in small blocks, can effectively
improve residents’ intention to choose FFBS.

6.2.5. Attitudes toward Bad Weather

Previous studies had consistently reported the negative effects of bad weather, such as rainy
weather [19], temperature, and poor air quality [18] as observation variables. In the present study,
attitudes toward bad weather represented by variables of rainy weather, exhaust fumes, and haze
were also a significant factor for intention, consistent with previous work. This may be due to the
limitation of FFBS. Residents’ intention to travel by shared bikes will be greatly reduced under harsh
travel environment such as rain, snow, exhaust fumes, and haze. Therefore, it is a key consideration
for FFBS operators to address the restrictions of bicycles by corresponding optimization, such as the
incorporation of fenders and adding rain shelters.

6.2.6. External Restrictions Regarding Infrastructure

Previous studies have emphasized the importance of infrastructure for bike or shared bike
trips; however, this paper showed a different conclusion: limitations regarding infrastructure such
as inadequate bike lanes had no significant effect on the change in the willingness to use FFBS.
One possible explanation is that in terms of infrastructure in Beijing, which is far from satisfactory
even with the improvement in recent years, the convenience brought by FFBS outweighs the obstacles
of infrastructure. This conclusion explains why Beijing’s efforts in infrastructure are not as significant
an effect on shared bike usage.

7. Conclusions

This study conducted an online survey in Beijing and then adopted an extended TPB to examine
the psychological determinants of intention and actual behavior to use FFBS. Both reliability and
validity analysis confirmed the reasonability of the extended TPB with regard to interpreting Beijing
residents’ intentions to adopt FFBS. The main findings in this study were as follows.

1. The SEM model outputs showed that H1, H2b, H2c, H3a, H3b, and H4 were supported, while
H2a and H3c were rejected. Psychological variables influencing residents’ use of FFBS were
divided into motivation factors and hindering factors. Among them, perceived behavior control,
subjective norms, and attitude toward FFBS were the motivating factors, while friendly attitude
toward cars, attitude toward bad weather, and external restrictions of infrastructure were the
hindering factors.

2. The economic convenience of FFBS was the most important attraction factor for residents to use
FFBS, while bad weather was the biggest hindrance factor for residents to use FFBS. However,
barriers of imperfect infrastructure had no significant impact on reducing residents’ willingness
to use FFBS.
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3. The overall process simplification and high convenience were the main reasons for FFBS’s success
in promoting sustainable transport development over PBS and efforts in infrastructure.

4. For FFBS operating enterprises, the use threshold (reducing costs, etc.) and system convenience
(scheduling, etc.) are key to improve the utilization of FFBS. For governments, the car restrictions
(raising parking costs, etc.) and the bicycle travel restrictions improving (adding shelters, etc.)
play an important role in the development of sustainable transport.

Limitations and Future Research Needs

This study also had limitations. First, both cars and buses form a competitive relationship with
FFBS in short-distance travel. Considering the green travel mode of buses, this paper mainly discussed
the influence of car attitude on the use of FFBS. The influence of buses will be studied in future research.
In addition, publicity and experience of using FFBS have been found influential in the use of FFBS, yet
the effects of the intervention are not clear; thus, the effect assessment of psychological intervention
measures could be carried out in future work, so as to evaluate the effects.
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Abstract: With the rapid popularization of mobile Internet technology and smart terminal equipment
in recent years, the volume and usage of dockless bikesharing (hereafter referred to as bikesharing),
which is green, environmentally friendly and convenient, have grown rapidly, making it one of
the China’s “new four major inventions.” The development of the bikesharing in China consists
of a pre-sharing era and a post-sharing era. In the pre-sharing era, capital-driven vicious market
competition and lack of precise control have led to the abuse of urban space. Since the post-sharing
era, the industry structure has returned to rationality, and many participants have been forced
out of the market. The bikesharing has formed an oligopoly market consisting of head players
such as Hellobike, Mobike, and Ofo. Therefore, how to improve the level of refined operations,
promote sustainable development, improve cyclist satisfaction, and contribute to China’s strength in
transportation have become urgent problems for bikesharing companies and traffic management
departments. From the perspective of the cyclist experience, the brand choice of the bikesharing is
taken as the research object. An online revealed preference survey is used to collect data on cyclists’
socio-economic attributes and subjective evaluations on the bikesharing. The conditional Logit model
is used to explore the important factors that influence cyclists on the choice of bikesharing brands.
Research results include: (1) age, occupation type, after-tax monthly income of the faculty group,
riding comfort, rent, picking up/returning convenience, word of mouth, and volume have a significant
impact on cyclists’ bikesharing brand choices; (2) gender, educational background, monthly living
expenses of the student group, appearance, deposit, deposit returning speed, rate of broken bikes,
ease of use of software, and rent discount have no significant impact on cyclists’ bikesharing brand
choices. The research results are of great significance for improving the service quality of bikesharing
companies and promoting the healthy development of the shared economy in China. Based on
the results of the study, policy recommendations are made on the improvement for riding comfort,
human-centered design, and word of mouth, and the construction of shared facilities.

Keywords: post-sharing era; bikesharing; brand choice; conditional Logit model; sustainable
development

1. Introduction

With the continued growth of the Internet economy in recent years, dockless bikesharing (hereafter
referred to as bikesharing) has emerged as a solution to the “last mile” of travel. In comparison with
traditional docked shared bikes (hereafter referred to as public bikes), the bikesharing is a new mode of
transportation extensively welcomed by travelers, wherein dockless shared bikes (hereafter referred to
as shared bikes) can be picked up and returned whenever and wherever possible with convenient use
and large volume. The bikesharing is the pathfinder and pioneer of shared economy. The utilization
rate of the bikesharing is elevated by separating the ownership and use right of bikes. Risk capitals
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entered the bikesharing industry in a large scale since 2016, facilitating dozens of bikesharing brands to
enter the market and contributing to the exponential growth of volume and usage of the bikesharing.
Since then, the bikesharing entered a pre-sharing era. However, after 2018, the excessive volume
of the bikesharing and “severe winter of capitals” brought most bikesharing brands into a business
distress. What bikesharing companies focus on is turned from increasing market share into improving
cyclist satisfaction and promoting sustainable development. The pattern of the bikesharing industry
tends to stabilize and rationalize, and bikesharing companies gradually enter the profitable phase.
Most problems encountered in the pre-sharing era, including management disorder and illegal parking,
are solved step by step. According to iiMedia Research [1], growth rates of Chinese bikesharing
presented a declining trend in 2018 (Figure 1), but the market scales continued to grow steadily as the
rent was elevated by a large margin. The market scale is predicted to reach 30 billion yuan (Figure 2)
in 2020.
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Figure 1. Cyclist scales and growth rates of Chinese bikesharing during 2016 to 2019
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Figure 2. Market scales and growth rates of Chinese bikesharing during 2016 to 2020

In the post-sharing age, the cost used to gain customers is increasing day by day and the
demographic dividend is gradually disappearing, so that bikesharing companies are laying a greater
emphasis on the refinement of market operation and the precision of customer service. The Deposit-free
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mode is a novel connector between bikesharing companies and the general public. The Deposit-free
mode achieves quick success because this mode targets at extensive consumer groups, creating a
low-riding threshold, high-riding cost performance, and improved travel experience. In addition, an
oligopoly market consisting of Hellobike, Mobike, and Ofo was formed gradually. To compare the
basic conditions of three bikesharing companies, deposit, rent, bike design, online picking up/returning
operation, membership cards, and rent discount are summarized as shown in Table 1. To compare the
relative competitiveness and promote the management of the three brands, we explore bikesharing
brand choice with an empirical study.

Table 1. Basic conditions of three bikesharing brands.

Brand Deposit Rent Bike Design
Online Picking
up/Returning

Operation

Membership Cards
and Rent Discount

Hellobike
Deposit-free for over
650 Zhima points and
199 yuan otherwise.

1 yuan/15 min.

Strong braking force,
large seat area, simple
wheel tread pattern,
and aluminum-alloy

wheel frame.

A dedicated
application and Alipay

interface.

20 and 16.9 yuan for a
month card and

continuous monthly
payment, temporary
cards (1 yuan/twice, 2

yuan/five times).

Mobike Deposit-free.

1.5 yuan/first 15
min and 0.5
yuan/every

additional 15 min.

Wide solid tire, short
axle distance, good

ground gripping force,
and aluminum-alloy

wheel frame.

A dedicated
application, WeChat
small program and
Meituan interface.

20 yuan/month card.

Ofo 199 yuan for
non-student groups.

0.8 yuan/min and
0.5 yuan/km, but at

most 2 yuan/h.

Large tire radius,
heavy bike, and simple

frame design.

A dedicated
application and

WeChat small program
interface.

20 yuan/month card.

2. Literature Review

The review of existing studies focuses on the bikesharing evolution, the cyclist profile and trip
characteristics, and the influential factors for determining cyclists’ bikesharing brand choice.

2.1. Bikesharing Evolution

The sharing economy improves people’s work efficiency, reduces living cost, and monetizes
underused resources. With the development of information technologies and the improvement
of institutional policies, the shared mobility (including carsharing and bikesharing) gradually has
a revolutionary impact on the choice of travel modes [2]. The shared mobility provides users
short-term access and modes of transportation on demand. In the urban environment, the shared
mobility is affected by the transportation infrastructure, zoning, land use, urban design, housing, and
economic development.

Bikesharing provides users with on-demand access for one-way (point-to-point) or round trips from
a variety of locations. The abundance of bicycles in dense neighborhoods often creates a “network-effect”
that further encourages cycling and other forms of commuting. In addition, bikesharing also contributes
to increased mobility, reduced carbon emission, decreased automobile use, economic development,
and health benefits [3].

Bikesharing emerged in Europe as a transportation mode in 1965. The bikesharing evolution is
categorized into three generations: the first generation (white bikes) that began in Amsterdam in 1965,
the second generation (coin-deposit systems) that started in Copenhagen, Denmark in 1995, and the
third generation (IT-based systems) that emerged in the Rennes, France city-based system in 1998.
The third generation is the prototype of today’s bikesharing. In the future, the fourth-generation mode
will be characterized by: (1) flexible, clean and dockless characteristics, (2) redistribution innovations;
(3) smartcard integration with other transportation modes, and (4) technological advances including
GPS tracking, touchscreen kiosks, and electric bikes [4].
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In addition to the public’s use of bikesharing systems, closed campus systems are increasingly
deployed in most universities at present. These closed campus systems are available only to the
particular campus community they serve and the main service modes of bikesharing in universities
are membership-based and non-membership-based self-service models [5]. In the future, bikesharing
may receive more attention as a sustainable transportation alternative as a result of rising fuel prices,
public health concerns, smart growth initiatives, and climate-change concerns [6].

2.2. Cyclist Profile and Trip Characteristics

The cyclist profile is described from socio-economic attributes (including gender, age, educational
background, and income) and psychological latent variables. Ran et al. developed a binary Logit
model to identify the cyclist profile based on 621 valid questionnaires collected by an online revealed
preference (RP) survey from multiple cities, including Shanghai, Beijing, Nanjing, and Hefei [7].
The results indicate that most cyclists are women, young, and highly educated. To compare cyclist
profile between shared bikes and private bikes, Buck et al. extracted the profile for cyclists of private
bikes from the household travel survey of Washington, DC area in 2007–2008, cyclists of Capital
Bikeshare (CaBi) with short-term membership by an intercept survey, and cyclists of CaBi with
annual membership by an online survey [8]. The online survey is conducted by sending an email to
CaBi’s approximately 18 000 annual members and asking them to participate in the survey through
a survey website. A total of 5 464 members completed the survey during a one-month period, with
a response rate of 31%. A descriptive statistical analysis shows that CaBi cyclists with short-term
and annual memberships are more likely to be female, young, underpaid, and own few private bikes
and cars, compared with cyclists with private bikes. Raux et al. achieved one-day travel diaries and
socio-economic attributes of 3 161 respondents in Lyon, France with an online survey and analyzed
the cyclist profile of the Velo’v bikesharing program [9]. The majority of cyclists with Velo’v annual
membership are the young, highly paid, and those who live near bikesharing stations and own private
cars. Additionally, cyclists whose bikes were stolen are more willing to take shared bikes [10,11].
In terms of psychological latent variables, environmental awareness and subjective norm are positive
factors to promote the bikesharing use [12].

The trip characteristics may be reflected by departure time, trip duration, travel distance, trip
purpose, travel route, and travel destination, etc. Deng et al. explored the spatio-temporal characteristics
of Mobike based on picking up/returning records of 485.5 thousand bikes between 10 to 25 May
2017, and the geographical data extracted from application programming interfaces of Baidu [13].
They concluded that a huge bikesharing demand appears in morning/evening peaks of working days
and that bikesharing trips have various characteristics, including tide type, one-way type, loosely
connected type, closely connected type, and distance-proof type. In addition, cyclists are more likely
to take shared bikes in the weather of no rainfall, light wind, moderate temperature, and clean air
quality [14–16]. The top three purposes of bikesharing trips are commuting (35.9%), entertainment
(22.5%), and going home (18.1%). Bikesharing trips are characterized by short travel distance and trip
duration. Specifically, over 73.0% of trips have a trip duration of less than 15 min, and only 5.5% of
trips have a trip duration of over 30 min [17]. The main reasons for short bikesharing trips are twofold:
one is a high proportion of trips for transferring to bus/subway modes, and the other is the marketing
activity of “red-packet bikes,” which attracts cyclists to ride shared bikes for at least 10 min, rewarded
with a red packet of a random amount [18]. Most cyclists prefer travel routes with bike lanes and travel
destinations with diversified land use, high transit accessibility, and sufficient parking space [19–22].

2.3. Influential Factors

In general, the bikesharing choice is influenced by various factors, including travel distance,
picking up convenience, travel time reliability, credit supervision mechanism, social interaction, and
service quality. Travel distance is one of the most important factors to influence the travel choice.
The bikesharing is preferred for trips with no more than 3 km [23]. Picking up convenience depends on
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an adequate supply and a reasonable bikesharing distribution. The adequate supply may be ensured
by a low supply cost and a huge subsidy on the condition of increasing the company’s profit [24].
The reasonable bikesharing distribution lies in an accurate prediction of picking up/returning demand
and an efficient redistribution. Dong et al. proposed a model called “DestiFlow” to explore the
flow characteristics based on points of interest clustering [25]. DestiFlow is further applied with
the time-series location data of Ofo and Mobike. Caggiani et al. suggested a new comprehensive
dynamic bike redistribution methodology that comprises a prediction of the picking up/returning
demand and a relocation Decision Support System [26]. Zhang et al. further introduced a dynamic
pricing scheme with negative prices to achieve a more balanced bikesharing distribution by guiding
cyclists to ride from oversupplied areas to undersupplied areas [27]. Travel time reliability for the
bikesharing is often believed to be high for trips from and to stations/electrical fences that have a small
number of shops within a walking distance [28]. The credit supervision mechanism may work with
the condition that the parking behavior of cyclists can be effectively monitored and sanctioned [29].
Yao et al. further demonstrated that the credit supervision mechanism was more appealing to attract
cyclists to ride shared bikes when a negative credit is introduced [30]. The social interaction influences
cyclists’ bikesharing choice by inducing family members or close friends to make the same choices [31].
The service quality is a relatively comprehensive factor and is proved to have a positively significant
effect on the intention to ride shared bikes [32].

Another hot topic on the concerning bikesharing is to determine the key factors influencing
the bikesharing choice in a specific context. Barbour et al. designed a web-based survey to collect
the data on bikesharing usage between February and April, 2018 in the USA and constructed a
random parameter Logit model to assess how much a bikesharing trip was displacing an auto trip [33].
They found that age, gender, income, household size, commuting type and length, vehicle ownership,
and respondents’ body mass index are significant factors for modal substitution decisions. Zhou et al.
explored the spatio-temporal patterns of taxi and bikesharing trips in Chicago from 2014 to 2016 [34].
They applied random forests to model the choice between taxies and bikesharing and indicated that
travel distance, the number of temporary stops, and recreational facilities played a significant role in
determining the choice. Martín et al. developed a multinomial Logit model to investigate individual
and contextual factors on the choice of the bikesharing based on data from a household travel survey
conducted in 2014 in Vitoria-Gasteiz, Spain [35]. They indicated that age, gender, population density,
and mixed land use significantly influenced the bikesharing choice. Li et al. developed a multinomial
Logit model to investigate the mode choice among private bikes, public bikes, and shared bikes
based on 522 questionnaires conducted in Kunming, China in 2018 [36]. They demonstrated that trips
with shared bikes were more likely to be long-distance and for transfer. Moreover, most cyclists of
shared bikes are young, underpaid, students, and have no registered permanent residence. Ma et
al. constructed a combined model of a factor analysis and a two-layer nested Logit model to explore
the factors influencing the riding behavior of the bikesharing for college students [37]. They found
that the service quality, rent, mixed traffic, and the number of signal lights at intersection have a
significant effect on the bikesharing choice. Du et al. discussed a case study based on the usage data
from Mobike in Shanghai and demonstrated that the top three factors influencing the riding frequency
were residential areas, parks & green areas, and population size [38]. Gu et al. compared public bikes
and shared bikes from various aspects and concluded that shared bikes may be a better choice in mega
cities where local governments had strong control and supervision abilities [39].

Researches on the bikesharing brand selection mainly focuses on analyzing the critical influencing
factors of the bikesharing choice, but studies investigating the selection of mainstream bikesharing
brands are limited. Therefore, bikesharing brands with top three market shares in China were taken as
the study object. We analyze the main factors influencing brand selection with the conditional Logit
model. Policy suggestions were proposed for bikesharing companies and related governmental sectors
to promote sustainable development of the bikesharing industry.
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3. Methods

In the brand choice analyzed in this study, the variables not only include socio-economic
attributes of cyclists (cyclist-specific attributes) but also those associated with bikesharing brands
(alternative-specific attributes), so that the multinomial Logit model does not apply. Hence, the
conditional Logit model [40] is selected to model the choice of bikesharing brands. The conditional
Logit model allows us to take into account multiple alternative-specific attributes simultaneously
and thus evaluate the effect of these attributes on the choice of bikesharing brands. Additionally,
the conditional Logit model has been applied in multiple transportation fields, including carsharing
use [41] and travel mode choice [42]. As a member of disaggregate probability models, the conditional
Logit model is a discrete choice and analysis method in microeconometrics, and its theoretical basis is
that cyclists pursue “utility” maximization when selecting shared bike brands. The random utility
function for individual i to select brand j is as follows:

Ui j = c j +

M1
∑

k=1

zikα jk +

M2
∑

k=1

xi jkβk + εi j(i = 1, . . . , N, j = 1, 2, 3) (1)

where c j is the inherent constant of the shared bike brand j, and this constant is zero for Ofo because
it is taken as the reference brand; zik denotes the kth specific variable of the ith cyclist and α jk is
the corresponding parameter of the jth brand; xi jk is the kth specific variable of cyclist i and the jth
bikesharing brand and βk is the corresponding parameter; M1 and M2 are the numbers of cyclist-specific
and alternative-specific attributes; εi j is a random error; and N denotes the sample size.

Based on the above random utility function and the theory of random utility maximization, the
probability for individual i to select brand j is as follows:

Pi j =
exp
(

c j +
∑M1

k=1 zikα jk +
∑M2

k=1 xi jkβk

)

∑3
s=1 exp

(

cs +
∑M1

k=1 zikαsk +
∑M2

k=1 xiskβk

) (i = 1, . . . , N, j = 1, 2, 3) (2)

4. Data Collection and Statistical Analysis

4.1. Questionnaire Design and Respondent Recruitment

The questionnaires were designed to analyze the choice of bikesharing brands based on
the principles of conciseness, clearness, non-repetition, comprehensiveness, and reasonability.
The questionnaire may be divided into the following three parts. The first part involves socio-economic
attributes of cyclists, including gender, age, educational background, occupation type, and after-tax
monthly income/monthly living expense. The second part consists of subjective evaluations of the
three bikesharing brands, including riding comfort, appearance, rent, deposit, deposit returning
speed, picking up/returning convenience, word of mouth, rate of broken bikes, ease of use of software
(dedicated application and embedded interfaces of other applications), volume, and rent discount.
For riding comfort, the question is “Which bikesharing branch do you think provides the greatest
riding comfort?” and the options are “A. Hellobike, B. Mobike, C. Ofo, D. No difference.” For other
subjective evaluations, similar questions are raised. The third part involves the choice of a bikesharing
brand that is most commonly used by the respondents. To ensure the quality of the questionnaire,
a small-scale pre-survey was performed before the formal survey. The questionnaire and survey plans
were adjusted in accordance with the feedback of cyclists.

The target group of this questionnaire survey was college students and faculties. The bikesharing
was born to solve the “last mile” travel difficulty of college faculties and students, and offered
convenience for their school life. By far, colleges remain an important market for bikesharing
companies. College faculties and students are familiar with the bikesharing due to high use frequency.
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Therefore, analyzing the brand choice behaviors for cyclists from faculties and students in colleges
may provide a beneficial reference for the sustainable bikesharing development.

4.2. Descriptive Statistical Results

An online RP survey was carried out via Wenjuanxing (www.wjx.cn) [43], which is the biggest
online Chinese survey platform focusing on questionnaire establishment, distribution, management,
and analysis services. The platform is named as “SurveyStar” in English and operated by Changsha
Ranxing Science and Technology Ltd. In comparison with the traditional paper-based questionnaire
survey, the online survey has many advantages, including online data verification, fast collection,
and avoidance of incorrect manual type-in [44,45]. From 29 March 2019 to 1 April 2019, the cyclists
were solicited through WeChat Moments and direct invitation. A total of 190 valid questionnaires
from students and faculties in colleges were recovered, and most of the cyclists lived in Shanghai.
The number of cyclists who filled in and submitted the questionnaires through mobile browser
and WeChat are 79 and 111, respectively. The average answering time was 95 s. The numbers of
cyclists who choose Hellobike, Mobike, and Ofo are 33 (17.37%), 63 (33.16%), and 94 (49.47%) in this
study. According to “China’s Shared Bicycle Industry Monitoring Report for the Second Quarter
of 2017” [46], the percentages of active cyclists who choose Hellobike, Mobike, and Ofo are 12.10%,
34.00%, and 53.90%. According to the Chi-square test, the brand choice distributions of the sample in
this study and the population have no significant difference. The descriptive statistical results of data
in the first and the second part of the questionnaire are shown in Tables 2 and 3. Due to the restriction
of data availability, we take gender as example to evaluate the sample representativeness in terms
of respondents’ socio-economic attributes. According to the survey made in Nanjing University of
Information Science & Technology in 2017 [47], the percentages of male and female cyclists are 37.84%
and 62.16%. Based on the Chi-square test, the gender distributions of the sample in this study and the
population have no significant difference.

Table 2. Descriptive statistical results of respondents’ socio-economic attributes.

Socio-Economic Attributes Quantity Percentage/%

Gender
Male 85 44.7

Female 105 55.3

Age

≤ 18 10 5.3
(18,25] 176 92.6
(25,30] 0 0.0
(30,40] 1 0.5
(40,50] 1 0.5
> 50 2 1.1

Educational background

High school or below 3 1.6
University and junior college 177 93.2

Master 9 4.7
Ph.D. 1 0.5

Occupation type Student 183 96.3
Faculty 7 3.7

Monthly living expense of
the student group (yuan)

≤1000 11 6.0
(1000,2000] 120 65.6
(2000,3000] 46 25.2
>3000 6 3.2

After-tax monthly income of
the faculty group (yuan)

≤3000 0 0.0
(3000,5000] 1 14.3
(5000,7000] 6 85.7
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Table 3. Descriptive statistical results of respondents’ subjective evaluations.

Subjective Evaluations Mobike (%) 1 Hellobike (%) Ofo (%) No Difference (%)

Riding comfort 34.74 17.89 18.42 28.95
Appearance 36.84 13.68 20.53 28.95

Rent 11.58 12.63 39.47 36.32
Deposit 15.26 18.42 37.37 28.95

Deposit returning speed 35.26 15.26 18.42 31.05
Picking up/returning convenience 25.79 15.79 28.95 29.47

Word of mouth 46.32 15.26 17.89 20.53
Rate of broken bikes 44.21 16.84 14.74 24.21

Ease of use of software 26.84 21.05 26.32 25.79
Volume 24.74 15.79 43.68 15.79

Rent discount 19.47 15.26 35.26 30.00
1 The second column refers to the percentage of cyclists who think that Mobike is the best, and the following two
columns have the same meanings. The last column refers to the percentage of cyclists who think that the three
brands make no difference.

5. Variable Definition and Result Analysis

5.1. Variable Definition

Ofo is taken as the reference brand, so that the corresponding variables and parameters of
Hellobike and Mobike but not those of Ofo are defined for individual socio-economic attributes.
The socio-economic and subjective evaluation variables are defined in Table 4. For the sake of
brevity, h, m, and o in the suffixes of variable and parameter names represent Hellobike, Mobike, and
Ofo, respectively.

Table 4. Variable definition.

Variable Attribute Variable Meaning
Variable Names

(Parameter Names)
Variable Value

Socio-economic variables

Gender male_h (c_male_h),
male_m (c_male_m) 1: Male; 0: Female

Young young_h (c_young_h),
young_m (c_young_m) 1: ≤18; 0: otherwise

Middle aged

midele_age_h
(c_middle_age_h),

middle_age_m
(c_middle_age_m)

1: (18, 40]; 0: otherwise

Educational background

education_h
(c_education_h),

education_m
(c_education_m)

1: High school and below; 2: University and junior college; 3:
Master; 4: Ph.D.

Occupation type student_h (c_student_h),
student_m (c_student_m) 1: Student; 0: Non-student

Low monthly living
expense of the student

group

low_expense_h
(c_low_expense_h),

low_expense_m
(c_low_expense_m)

1: ≤1000 yuan; 0: otherwise

High monthly living
expense of the student

group

high_expense_h
(c_high_expense_h),

high_expense_m
(c_high_expense_m)

1: >3000 yuan; 0: otherwise

High after-tax monthly
income of the faculty

group

high_income_h
(c_high_income_h),

high_income_m
(c_high_income_m)

1: >5000 yuan; 0: otherwise

Subjective evaluation
variables

Riding comfort comfort (c_comfort)
The cyclist thinks that riding comfort of Hellobike is the greatest:

comfort = 1 for Hellobike, comfort = 0 for other brands.
The cyclist thinks that riding comfort of Mobike is the greatest:

comfort = 1 for Mobike, comfort = 0 for other brands.
The cyclist thinks that riding comfort of Ofo is the greatest:

comfort = 1 for Ofo, comfort = 0 for other brands.
The cyclist thinks that riding comfort of three brands make no

difference:
comfort = 1 for all brands.

The valuation method of other variables is similar.

Appearance appearance
(c_appearance)

Rent rent (c_rent)
Deposit deposit (c_deposit)

Deposit returning speed speed (c_speed)
Picking up/returning

convenience
convenience

(c_convenience)
Word of mouth mouth (c_mouth)

Rate of broken bikes rate (c_rate)
Ease of use of software software (c_software)

Volume volume (c_volume)
Rent discount discount (c_discount)
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5.2. Result Analysis

The parameters of the conditional Logit model were estimated by programming in Stata14.0. In
general, a conditional Logit model is believed to be acceptable if the goodness of fit exceeds 0.2. The
goodness of fit in this study is 0.467, indicating that the model is preferable. The predicted accuracy is
78.54%, which demonstrates that the model had good prediction effect on the choice of bikesharing
brands. For the reference brand Ofo, the corresponding coefficients of individual socio-economic
variables are all zeros, and those corresponding to other variables are shown in Table 5. At the
significance level of 10%, an asterisk is marked at the upper right of the corresponding coefficient of
variables with significant influences, and p value is shown in bold.

Table 5. Calibration results.

Parameter Names Parameter Estimates z Statistics p Values Odds Ratios

c_male_h 0.086 0.19 0.852 1.090
c_male_m 0.097 0.16 0.870 1.102

c_young_h * −0.340 −1.68 0.092 0.712
c_young_m −0.155 −0.76 0.445 0.856

c_middle_age_h −0.207 −0.85 0.394 0.813
c_middle_age_m −0.192 −0.68 0.495 0.825

c_education_h −0.538 −0.49 0.623 0.584
c_education_m −0.222 −0.16 0.876 0.801

c_student_h 7.332 0.72 0.4684 1528.436
c_student_m * 10,452.311 2.64 0.008 1.000 × 1030

c_low_expense_h 1.385 1.32 0.186 3.994
c_low_expense_m −0.383 −0.22 0.824 0.682
c_high_expense_h −0.506 −0.34 0.732 0.603
c_high_expense_m −0.114 −0.07 0.948 0.892
c_high_income_h 2.387 1.19 0.233 10.881

c_high_income_m * 30.233 2.65 0.008 1.349 × 1013

c_comfort * 1.168 3.30 0.001 3.214
c_appearance 0.144 0.48 0.634 1.155

c_rent * 0.623 1.80 0.072 1.865
c_deposit 0.520 1.62 0.105 1.683
c_speed −0.197 −0.58 0.561 0.821

c_convenience * 1.325 4.60 0.000 3.762
c_mouth * 0.670 1.97 0.049 1.955

c_rate −0.481 −1.22 0.223 0.618
c_software 0.330 1.13 0.260 1.391
c_volume * 0.457 1.79 0.073 1.579
c_discount −0.054 −0.18 0.860 0.947

Note: * is marked at the upper right of the corresponding coefficient of variables with significant influences, and p
value is shown in bold.

The sample size is relatively small in this study, so that the significance level is set as 0.1. In other
words, when other variables remain unchanged and p value is smaller than 0.1, the influence of this
variable on the choice of other brands is significant relative to the reference brand Ofo; when p value is
greater than 0.1, the influence of this variable on the choice of other brands is insignificant relative to
the reference brand Ofo.

The influence of gender is not significant, which is related to the fact that male and female cyclists
have no obvious difference in the recognition for the same bikesharing brand. This is consistent with
the conclusion of the study by Gu et al. [39]

The age has no significant influence on the choice of Mobike, but it has significant influence on
the choice of Hellobike. The young are reluctant to use Hellobike, possibly because Hellobike charges
a relatively high rent. In addition, young students are usually freshman, and may participate in less
activities than elder students. This contributes to less demand for taking shared bikes.
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The influence of educational background is not significant. The brand choice is closely related to
the individual recognition for brands and external variables influencing cyclist experience, rather than
relies on excessive professional knowledge.

The occupation type has no significant influence on the brand choice of Hellobike, but it has a
significant influence on the brand choice of Mobike. This may be associated with the fact that the rent
of Mobike is low, and it can effectively attract cyclists of the student group.

The monthly living expense of the student group has insignificant influence. Overall, the
proportion of the bikesharing rent in their living expense is small, and students who usually ride shared
bikes generally buy memberships to enjoy the discount of monthly payment, effectively lowering
riding costs. Hence, increasing or reducing the living expense has a minor influence on the decision
making in the bikesharing brand choice.

The after-tax monthly income of the faculty group has a significant influence. In the post-sharing
era, the bikesharing rent has increased by a large margin and even exceeds the expense of subway
or bus lines. Because travelers of the faculty group need to complete commuting every day, the rent
of shared bikes imposes a burden. In addition, cyclists who take shared bikes are not qualified to
enjoy Shanghai’s bus transfer discount (1-yuan transportation fee is exempted once a traveler transfers
between two bus lines or between a bus line and subway).

The riding comfort has a significant influence. Cycling is an active mode and consumes a lot of
physical strength, especially when travel routes include road segments with a certain slope. Although
Shanghai is located in a flat region, many signal lamps exist in the city area, greatly impacting the riding
speed of shared bikes and increasing the cycling time. Therefore, cyclists tend to choose bikesharing
brands with great riding comfort. If a cyclist deems that the riding comfort of Hellobike or Mobike is
the greatest, his/her probability of selecting this shared bike brand will increase by 2.214 times relative
to the reference brand Ofo.

The appearance has insignificant influence. Like the pathfinder Ofo, companies of other brands
usually design their shared bikes with a single color, so that colors of shared bikes were not enough
in China in the pre-sharing era. Due to this phenomenon, cyclists generate aesthetic fatigue over the
appearance of shared bikes and care less about the appearance. In addition, the main goal for cyclists
to use bikesharing is to complete their trips. Hence, the appearance does not generate significant effect
on the trip experience and the brand choice.

The rent exerts a significant influence. In the post-sharing era, the main goal of bikesharing
companies turns from grabbing market share into ensuring sustainable development. As such, they
have lifted up “the tide of rise in price” and reduced the granting frequency and quantity of coupons to
explore new profit models. In addition, mileage and rent calculation errors caused by incorrect locating
and forgetting to lock the bike occur from time to time. Consequently, cyclists become increasingly
sensitive to the rent. If a cyclist thinks that the rent of Hellobike or Mobike is the most reasonable,
his/her probability of selecting this bikesharing brand will increase by 0.865 times relative to the
reference brand Ofo.

The deposit has an insignificant influence. In the post-sharing era, most bikesharing brands have
offered deposit-free ride (or conditional deposit-free ride) across China, relieving consumers from
the worry about the “escape” of bikesharing companies and attracting a large batch of new cyclists.
Therefore, the deposit has no significant influence on the choice of bikesharing brands.

The influence of deposit returning speed is not remarkable. Except that Ofo only provides students
with deposit-free ride, most bikesharing companies have offered deposit-free rides (or conditional
deposit-free rides) for all groups. Hence, the deposit insignificantly influences cyclists to select
bikesharing brands.

The influence of the picking up/returning convenience is significant. In the pre-sharing era, the
volume of shared bikes was enormous, so that cyclists may pick up and return shared bikes almost
whenever and wherever. This situation brought great convenience to cyclists. Since the post-sharing
era, most cities exercised total volume control, regional restriction, and electronic fences. Hence,
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the convenience for cyclists to pick up and return shared bikes is reduced significantly. Under this
circumstance, cyclists may tend to select bikesharing brands with high convenience to pick up and
return shared bikes to decrease the trip duration. If a cyclist thinks that the picking up/returning
convenience of Hellobike or Mobike is the greatest, his/her probability of choosing this brand will
increase by 2.762 times relative to the reference brand Ofo.

The word of mouth has a significant influence. The bikesharing industry is developing rapidly
with emerging marketing and management measures in the post-sharing era, including coupons and
electronic fences. However, a high time cost is required to acquire the information. Therefore, most
cyclists tend to obtain word-of-mouth information of bikesharing brands from relatives and friends or
via the Internet to lower the information collection cost when selecting bikesharing brands, which puts
the word of mouth into an important factor. If a cyclist believes that the word of mouth of Hellobike or
Mobike is the best, his/her probability of choosing this brand will increase by 0.955 times relative to the
reference brand Ofo.

The rate of broken bikes has an insignificant influence. With the improvement of production
technologies and maintenance level, the quality of shared bikes gradually improves, and the rate of
broken bikes gradually declines. In addition, the rate of broken bikes is further decreased by smart
locks mounted on shared bikes. The smart lock is embedded with a GPS module and a SIM card,
enabling the wireless transmission of positioning and healthy data from shared bikes to a server. The
server automatically allocates maintenance and care tasks to proper staff to realize timely detection
and processing according to the workload and position of all staff. Hence, the rate of broken bikes has
no significant influence on the selection of bikesharing brands.

The influence of the ease of use of software is significant. Besides developing independent
applications, the three bikesharing brands have embedded interfaces in common applications
(Hellobike-Alipay, Mobike-WeChat small program and Meituan, and Ofo-WeChat small program),
improving the accessibility of the software used to take shared bikes. Hence, the ease of use of software
has no significant influence of brand selection among cyclists.

The influence of the volume is significant. In the post-sharing era, most cities have implemented
total volume control policies and allocated quotas for each bikesharing company to maintain traffic
order of non-motor vehicles. After obtaining the quota, each bikesharing company needs to determine
the volume in each region according to the predicted demand. In the region with large volume, it is
easy for cyclists to find shared bikes, improving cyclists’ satisfaction. In addition, cyclists tend to select
bikesharing brands with large volume. If a cyclist thinks that the volume of Hellobike or Mobike is
the largest, the probability for him/her to choose this brand will increase by 0.904 times relative to the
reference brand Ofo.

The rent discount has insignificant influence. In the pre-sharing era, bikesharing companies
attracted cyclists with red packets, coupons, and other marketing means, elevating their market shares.
However, bikesharing companies rarely granted red packets and coupons within a large scope in the
post-sharing era for sustainable development. Hence, the rent discount has no significant influence on
the choice of bikesharing brands.

6. Conclusions

6.1. Policy Suggestions for Shared Bike Companies

(1) Make shared bikes “easier to ride.” In the post-sharing era, the riding comfort is one of
important variables for cyclists to choose bikesharing brands. Hence, on the premise that the design
and manufacturing of shared bikes reach related standards, bikesharing companies should reduce the
weight of the frame and tire to the greatest extent and improve the integrating degree between the
chain and tires. For example, the light ride series launched by Mobike optimizes the transmission ratio
to reduce riding resistance.
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(2) Introduce human-centered design. In the post-sharing era, bikesharing companies should
shift the emphasis of the design from cost-effectiveness to humanistic care, and develop more auxiliary
functions to serve cyclists. Some bikesharing companies have already made attempts. The rear fender
of the fourth-generation shared bikes launched by Hellobike is upgraded into a full-wrapping type,
effectively preventing the splash of muddy water. The mode of adjusting seats is changed from the
original rotation into a novel wrench to improve the convenience of the adjustment. In addition, a
reflection block is installed behind the seat to enhance nighttime riding safety. Besides the above design,
bikesharing companies may increase more useful functions, e.g., installing a mobile phone stand at a
proper position of the handlebar, so that cyclists can use the navigation of mobile phones safely.

(3) Optimize the rent design. In the post-sharing era, the bikesharing rent is obviously elevated,
which reduces the enthusiasm of taking shared bikes. To increase the utilization rate and promote
sustainable development, bikesharing companies may take a variety of measures. First, they should
take full consideration of the affordability of low-income groups and launch exclusive month cards
or coupons dedicated for students and special groups (households enjoying the minimum living
guarantee and the unemployed). Second, they may release new membership cards like single-day
cards, three-day cards, and week cards to meet diversified demands of more cyclist groups. Third,
they should try their best to enhance the business cooperation with businesses, including superstores,
commercial complex, and entertainment, to exempt/reduce the rent of cyclists who go to and back
from these businesses. The exempted/reduced rent is paid by bikesharing companies and businesses
together or businesses alone.

(4) Adjust operation areas and volume dynamically. Unreasonable operation areas and volume
of shared bikes lead to difficulties in picking up/returning shared bikes in certain areas. To alleviate
the problem of “cold and warm unevenness,” bikesharing companies should make accurate demand
prediction and redistribute shared bikes in advance to meet the picking up/returning demand. For
example, during winter and summer vacations of colleges, shared bikes on camps should be transferred
to nearby subway stations, bus stations and residential areas. In addition, bikesharing companies
may predict short-time picking up/returning demands with deep learning models considering
spatio-temporal dependency based on historical data. The predicted demands contribute to a
reasonable determination of the dynamic operation areas and volume.

(5) Plan electronic fences via big data of cycling trajectories. In the post-sharing era, bikesharing
companies have erected electronic fences according to governmental requirements and charged a
certain dispatching fee for returning shared bikes beyond electronic fences. Although electronic fences
have effectively relieved illegal parking of shared bikes, cyclist experience is negatively influenced by
unreasonable site selection of electronic fences. Therefore, bikesharing companies should strengthen
the analysis of cycling trajectories and conduct systematic planning of site selection of electronic fences.
For instance, the Hubble big data platform cooperating with Hellobike connects human–vehicle–life
scene through data interaction and drives intelligent full-chain operation like intelligent supply and
demand prediction, and intelligent planning of electronic fences, improving the efficiency of Hellobike
in managing parking regions of shared bikes.

(6) Improve the word of mouth of cyclists. The word of mouth of cyclists has a significant
effect on the brand choice. Besides providing basic services like deposit returning and cyclist service,
bikesharing companies should pay high attention to value-added services. For example, they may
push the cycling data of shared bikes to social platforms like WeChat Movement, so that cyclists can
check the cycling mileage, calorie consumption, ranking and other real-time data. This enhances the
loyalty of viscosity of cyclists. They may also establish a donation mechanism of the cycling mileage
(mileages accumulated to a certain degree can be donated) to enhance sense of social responsibility
of cyclists.
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6.2. Policy Suggestions for Related Governmental Sectors

(1) Provide strong support to promote sustainable development of bikesharing companies.
Bikesharing companies are usually punished by traffic management departments due to the illegal
parking of cyclists. To relieve the negative effect of the illegal parking, traffic management departments
should arrange enough staffwith law enforcement power to supervise and manage cyclists. Related
governmental sectors with right to allocate public resources like fiscal subsidies should provide a
certain support to bikesharing companies, and put the bikesharing industry into a new model of
mutual benefit and win–win result of the shared economy.

(2) Construct a credit system containing illegal use of shared bikes. Mobike and Hellobike have
launched online credit systems, where cyclists will receive credit rewards when using shared bikes
legally, but their credits will be deducted if using shared bikes illegally. When the credit of a cyclist
is too low, he will fail to enjoy the discount of month cards or other discounts and the rent will be
improved. However, this credit system remains at the company level, and illegal cyclists may escape
punishments by taking shared bikes of other brands. Therefore, the illegal use behaviors of cyclists
should be contained in local public credit information platform, and severe violators should be included
into the blacklist of violating social credits.

(3) Construct shared maintenance centers and sheds. The maintenance cost is high due to a large
transportation distance of shared bikes between stations and maintenance centers. Hence, traffic
management departments may unite bikesharing companies to construct a batch of shared maintenance
centers in areas with high volume of shared bikes. Hence, their staffmay maintain shared bikes nearby,
shortening the maintenance time and increasing the utilization rate of maintenance centers. In addition,
severe weather conditions (gale, heavy rain, heavy fog, heavy snow, etc.), may negatively affect the
demand of picking up shared bikes sharply and damage shared bikes. Therefore, traffic management
departments may unite shared bike companies to construct shared bike sheds in areas with high
volume of shared bikes, so that staff store shared bikes temporarily nearby when encountering harsh
weather conditions, reducing the rate of broken bikes.

6.3. Summary and Future Research Direction

Under the market pattern of oligopoly in the post-sharing era, three main bikesharing brands
in China—Hellobike, Mobike, and Ofo—were selected as the study objects. The influences of
socio-economic attributes of cyclists and their subjective evaluations for shared bikes on the brand
choice was analyzed using the conditional Logit model. The model is calibrated based on the data
from an online questionnaire survey. Results indicate that most socio-economic attributes of cyclists
(including educational background, occupation type, and after-tax monthly income of the faculty group)
and subjective evaluation variables (including riding comfort, rent, picking up/returning convenience,
word of mouth, and volume) are important factors deciding the choice of shared bike brands.

Results cannot only be used to make policy suggestions for bikesharing companies and related
governmental sectors and promote the sustainable development of shared bikes in China in the
post-sharing era, but also provide a basis for traffic management departments to quantitatively evaluate
performances of bikesharing companies and determine the total volume and the distribution of the
total volume among bikesharing companies. From the angle of cyclists, results reveal the main factors
concerned by cyclists who choose bikesharing brands among a minority of competitors in China.
From the angle of bikesharing companies, results indicate that bikesharing companies may gradually
increase their market shares and support sustainable development by optimizing important factors.

The study may be extended from the following two aspects. On the one hand, GPS data and
swiping data of bus IC cards may be used to acquire trip attributes of cyclists, including departure
time, trip duration, trip purpose and travel destination. Furthermore, it is possible to analyze the
relationship between the choice of bikesharing brands and these trip attributes. On the other hand,
it is interesting to collect the choice data of bikesharing brands among cyclists in typical second-tier
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and third-tier cities in China for building the conditional Logit model to compare the key factors
influencing the brand choice of cyclists in cities at different tiers.
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Abstract: Bike sharing is no longer a novelty in transportation and has now become a mobility
solution in its own right. This study investigated the potential scope of application of e-bike sharing
solutions for a niche sector such as cruise tourism, the importance of which is growing, with the aim of
improving sustainability and reducing pollution levels in cruise ports. A revealed preference survey
was administered to cruise tourists, who chose a pilot e-bike service once they had disembarked from
the ship to visit the nearby city center, to investigate the main variables affecting satisfaction with
the service under investigation. An ordered probit model was specified and calibrated to identify
the relationship among the variables influencing e-bike sharing usage by cruise tourists and their
satisfaction. Subsequently, the marginal effect of each significant factor was evaluated to quantify
its actual impact on the related e-bike sharing satisfaction level. The results obtained are consistent
with the literature, but interesting interpretations are provided in terms of the relative importance of
significant variables.

Keywords: e-bike sharing; transport sustainability; mobile depot; cruise tourism; ordered probit model

1. Introduction

In the last few years, bike sharing has become one of the most interesting and popular urban
mobility options worldwide and, according to some authors [1–3], it is one of the fastest growing
transportation solutions in the history of modern transportation. In 2014, the number of cities with
bike sharing programs amounted to 855, with a total of 946,000 bikes operating worldwide [4]; at the
end of 2018, according to Business Insider, these numbers had increased to 1600 and as much as
18 million, respectively. It is interesting to note that the number of bike sharing programs has doubled
since 2014, whereas the number of bikes has increased by about 20 times in the same time span.
In particular, a real boom has occurred in China over the last few years, making it the most important
market in the world for this transportation mode at present. An example is the Hangzhou public
bicycle program, launched in 2008 with 78,000 bicycles distributed among 2960 docking stations [5].
In particular, among the top 15 programs still active, the top 11 are located in China, followed by
Paris, London, and Taipei; the Netherlands, as a whole, has the same fleet size as the Paris program
(source: https://www.statista.com/chart/14542/bike-sharing-programs-worldwide/). Power-assisted
electric bikes—better known as e-bikes—flourished in the early 2000s alongside traditional bikes and
quickly gained great popularity. Electric bike sharing pilot projects have been proposed in many
countries and by different actors (e.g., universities, port authorities, and municipalities). The positive
aspects of e-bikes include the average higher speed allowed by the technology (up to 25 kph) and
the reduced fatigue, favoring users such as the elderly/casual bikers and usage on uneven terrain in
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general. At the same time, capable batteries allow the extension of the potential average range of a
trip [6]. However, e-bike components are costly and increase the vehicle weight, almost doubling it
in comparison to traditional bikes. As far as the financial sustainability of the service is concerned,
bike sharing is also a feasible business model for e-bikes, as the costs are spread over many users,
in particular when integrated mobility is considered. The main themes of e-bike sharing concern
them being hybrid vehicles, the relationship between range and demand, user interface and business
model, and power supply management (recharging station, green power source, and duration). In this
respect, it is interesting to note that pilot projects are increasingly proposing additional plug-in or
removable batteries to allow the bikes to remain in service while the old battery is plugged in at the
charging station.

The importance of Sustainable Urban Mobility Plans (SUMPs) and the widespread use of
mobile devices to help users plan their trips, thus enhancing multimodality within local integrated
transportation schemes, has resulted in bike sharing being considered a transportation alternative on
its own.

Cycling has strategic importance for the sustainable development of cities and has become one
of the fundamental parts of urban mobility strategies. The use of bikes as a transportation solution
in urban and/or tourist contexts is universally recognized as positive due to the lack of polluting
emissions, the reduction of traffic congestion, and the improvement of users’ health. Bike sharing also
provides a low-carbon solution to the “last mile” problem, playing an important role in bridging the gap
among existing transportation networks, and is useful for recreation and tourism-related activities [7].
The presence of an effective bike sharing service can indeed make a city more attractive and easier to
visit, strongly motivating tourists to choose it as a holiday destination. Bike trips can also become an
integral part of the tourist experience, even when implemented to connect specific points of interest to
the city center [8,9], with positive effects on its business model too. Despite that, every administration
interested in introducing bike sharing programs for leisure/tourism purposes should take into account
the many barriers that could hinder the growth and the development of this solution. The first element
that users usually perceive as limiting is the lack of biking infrastructure, followed by the absence of
knowledge about how to use bike sharing [10]. In general, all the system’s elements need to be well
designed in order to provide an efficient service capable of issuing basic but fundamental principles,
such as autonomy, ease of utilization, user safety, and equipment security. Financial autonomy is,
finally, the most critical goal. Many past projects in this field have failed or needed improvement
mainly from the financial perspective [11]. The conflict between the necessity of offering low fares
(in order to attract new users and guarantee an accessible public service) and the high overall costs
of the service (due to vehicle and station maintenance, general operating costs, bike redistribution
operations, etc.) may be solved, on the one hand, by a well-planned ad campaign or other forms
of funding [12], and on the other hand, by developing strategies, infrastructures, and technologies
capable of making the service more widely available (in particular, for tourism and leisure purposes),
providing timely information for easy, satisfactory, and accessible use, even for short periods of time.

This paper sets out to examine two key research questions. First, what are the major driving
forces for the development of e-bike sharing programs for cruise tourists? Second, what are the major
motivating factors for cruise tourists to participate in e-bike sharing services?

In this study, these questions were investigated by means of a test case consisting of a prototypal
container-based e-bike sharing mobile depot, located at the cruise terminal of Ravenna port—a small
maritime town in Northern Italy—and by designing and implementing a methodological framework
that included (i) a data collection and processing phase performed by means of a questionnaire survey
administered to a group of e-bike users, (ii) the development of an ordered response model to identify
the significant variables, and (iii) the evaluation of the marginal effects of the relevant outcomes.

The paper is structured as follows: In Section 2, an overview of the bike sharing system
(BSS) evolution is provided and the suitability of the BSS applied to cruise tourism is investigated.
The methodological framework is then introduced together with the statistical model. Section 3
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outlines and discusses the principal results and findings. Concluding remarks on the test case are
presented in Section 4.

2. Literature Review

2.1. The Evolution Framework of Bike Sharing

The variety of solutions related to bike sharing can be categorized according to target users
(commuters, tourists, etc.), business models, vehicles, and project scale (municipal, regional, pilot,
etc.). A broad classification of existing service categories splits the topic into (i) station-based systems,
namely, the traditional bike sharing layout for public projects, with a relevant number of stations
serving a high number of users for a vast area; (ii) free-floating systems, that is, the layout mostly
adopted by private companies over the last few years, where bikes can be collected and dropped off
anywhere within the service area by using technology devices for operation and payment; and (iii)
bike rental, which is usually operated in tourist and leisure areas, with a single station and mainly
during the peak season.

Bike sharing can be viewed as an evolution of bike rental in terms of target users (i.e., leisure
mobility); on the other hand, bike sharing is based on the shared usage of a fleet of bicycles, available to
users on a self-service, short-term, as-needed basis [12] and, in general terms, intended to be one-way
from public spots, without bearing the costs and responsibilities of ownership. Bike stations are
usually unattended; thus, users can manage all the different phases of the process (reservation, pick-up,
and drop-off) on their own. The stations’ network allows users to make point-to-point trips and return
the vehicles to different stations. While bike rental can cover long periods, bike sharing is designed
for short-term utilization; even the tariff scheme is designed for that purpose, with a certain amount
of time granted for free (up to 30 min) and then a fixed fare issued for time unit [13]. Similar to car
sharing, bike sharing programs normally cover purchase and maintenance costs, as well as storage
and parking responsibility [14]. An important element that further underlines the difference between
bike sharing and bike rental is the business model: BSSs can be classified according to their governing
financing and managing model (e.g., public, private, or public–private partnership); ownership,
operator, and operational model; scale; and range [15]. On the contrary, bike rental is almost always
managed by a private owner and the benefits generated by the service (economic, environmental,
and social) usually have a negligible effect on the urban community.

Despite the recent globally spreading trend of this transportation alternative, the first trials started
in the late 1960s. In particular, five different generations in BSSs can be identified:

1. The “White bikes” project was introduced in Amsterdam, Netherlands in 1965. Bikes were made
available free of charge at different locations across the city. Users could ride one bike to their
destination and drop it off for the next following user [13]. The program came to an end in a few
days, as bikes were either vandalized or appropriated for private use [16].

2. The second generation spread during the 1990s in Denmark and was replicated in many cities all
over Europe and North America. In particular, the experiment called “Byciclen” in Copenhagen
(1995) consisted of over 1100 vehicles, characterized by solid rubber tires and lenticular wheels
located in docking stations throughout the city center and made available in exchange for a coin
deposit which was refunded upon return. Despite this, the lack of a time limit for bike usage
encouraged the practice of not returning the bikes to their stations.

3. During the third generation, “Smart Bikes” (or “IT-Based System”) spread out, following
the employment of technological improvements—such as electronically locking racks or bike
locks, telecommunication systems, smartcards and fobs, mobile phone access, and on-board
computers—which, as a whole, allowed for higher levels of security and the possibility to track
the vehicles during the trips [12]. The most important third generation programs were launched
in France (Lyon, La Rochelle, Paris, etc.) between 2005 and 2007, with significant results [13].
Apart from security issues, data on trips made it possible to survey users’ habits both for research
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and logistics purposes [17,18]; in particular, one of the main issues dealt with by contemporary
research has been system rebalancing (i.e., relocating bicycles during the night from the destination
spots to places where demand is stronger) [19–22].

4. The main innovations concerning the fourth generation have been the introduction of e-bikes
and the integration of the service into public transit and car sharing schemes thanks to the use of
smartcards, touch screen kiosks, and Global Positioning System (GPS).

5. The further acceleration in technological development and the return of free flow systems in
place of docking stations started in China in 2016 and has paved the way for the fifth generation.
Users can return the bicycles anywhere, resolving station availability issues, and the remote
tracking of the locker and the use of mobile apps allow for precise and efficient collection/drop-off
and payment systems.

Nowadays, the majority of active projects worldwide can be classified as either fourth or fifth
generation, with docking stations and free flow models developing alongside each other.

2.2. Bike Sharing and Tourism

Since the 20th century, tourism has become one of the major sources of income for many cities.
The relationship between tourism and transportation development is inseparable, and a balanced
development of both of these aspects affects the local economy as well as nationwide and international
competitiveness in many countries [7]. Socioeconomic factors influence transport mode choices for
holiday travel. The size of the household or traveling with children, for example, have an impact
on private car choice. In addition, a gap between environmental consciousness and travel choice is
observable for holiday mobility [23]. Bike tourism can be split between cycle holidays, where cycling is
the main purpose (usually in rural or natural regions), and holiday cycling, in which the occasional use
of a bicycle is chosen as an alternative mode of transportation for exploring a destination [7]. A simple
definition of bike tourism has been proposed, among others, by Han et al. [24]:

• users are away from home;
• the duration of the trip can vary from a single day to several days;
• noncompetitive means of transport;
• recreation/leisure form;
• cycling should be the main purpose of the holiday;
• occurs in an active context.

However, bicycle tourism has remained a marginal niche until the last decade. Indeed, at the
end of the 1990s, cycle tourism was estimated to represent around 2–4% of total holidays. Nowadays,
this share is rapidly growing, especially in countries characterized by a strong bike-oriented tradition,
such as Scandinavian countries. Biking has become the preferred leisure activity of many other groups
of people because it makes it possible to enjoy authentic experiences connected with nature and culture
that would not be available traveling by car [25].

A bike rental system for tourists traveling by train, coach, underground, and trams would allow
for renting and returning bikes close to tourist attractions and main transport routes, which in turn
need to be marked and equipped with information facilities to ensure that tourists have a smooth
experience in any condition, even without specific skills or proficiency [26]. Increasing numbers of
case studies document the success of collaborations between bike clubs/communities, land managers,
as well as government and tourism organizations in the design, construction, and maintenance of
tracks, larger-scale facilities, opportunities, and data sharing [27].

Contemplation, exploration, stimulus seeking, self-development, physical challenge, and social
interaction are the main motivators for tourist cycling. Beyond the wide heterogeneity among
bike sharing users in terms of gender, age, and education background, tourists’ motivations and
needs have to be taken into account from the earliest phases of the decision-making and promotion
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processes in order to drive the formation of a positively perceived value of bike activities, resulting
in satisfaction, desire, and loyalty. Otherwise, factors such as fatigue, misunderstanding of the rules,
and knowledge gaps may result in foreign tourists perceiving barriers to hiring a means of transport
abroad [7]. Evidence provided by European project reports, press articles, and, to a minor extent,
scientific literature demonstrate that e-bikes are used when available, although less usually than
traditional bikes. Indeed, e-bike preference is common among those attracted by the technological
aspects. Therefore, Cairns et al. [28] conclude that new BSSs should rely preferably on manual bikes
that can be easily upgraded to electric in a second step.

From the market side, BSSs have had, as a whole, varying degrees of success. Proper strategies
need to integrate transport planning, system design, and choice of business model to develop a
system of products and services capable of fulfilling users’ needs, and this is even truer for services
addressing tourists. A sustainable bike sharing system cannot be split from supportive local policies,
infrastructure, assessment of users’ motivations, and close cooperation with private stakeholders and
developers [29]. Beyond the positive aspects, BSSs, according to de Chardon [30], have failed in (i)
fighting social exclusion; (ii) providing a feasible transport alternative due to the reduced size of the
fleet; (iii) being transparent as far as purposes, benefits, economic sustainability, and success metrics
are concerned; and (iv) building a comprehensive integrated transport plan towards sustainability.
In addition, the technological aspects have been unnecessarily stressed to attract investment and
advertising rather than complying with mobility topics.

2.3. Bike Sharing and Cruise Tourism

A cruise could generally be defined as a voyage on a ship undertaken wholly for reasons of
leisure and recreation [31]. Many private companies (cruise companies) organize trips usually starting
from North America, Europe, or China with a variety of different destinations all over the world.
Caribbean and Mediterranean cities account for as much as 55% of cruise capacity [32]. Nowadays,
this sector is recognized by many authors as one of the most dynamic from the points of view of both
maritime transportation activities and tourism. Just to mention some figures, in 2011, around 20 million
cruise passengers were counted, with an annual growth rate of around 7% [33]. In parallel, the number
and dimensions of ships have also dramatically increased. Currently, the biggest ships are able to carry
as many as 6000 passengers [34]. The supply of cruise products has also become more diversified.
On one side of the spectrum, there are small-scale adventures or luxury cruises to the most remote
and vulnerable marine environments; on the other hand, there are large-scale cruises on vessels
equivalent to floating cities that operate to established cruise destinations, such as the Caribbean,
the Mediterranean, and Northwest Europe. Other activities (i.e., river cruising and boating) have
also gained popularity in several regions. This industry is surely facilitating an improvement in the
tourism potential, infrastructure, and social development of a large number of port cities, but it is
also producing a negative impact on maritime, urban, socioeconomic, and environmental resources.
In fact, in addition to the general global impacts produced by the cruise industry (GHG emissions,
water pollution, waste production, etc.), many local effects produced by the arrival of big ships in
fragile contexts or small seaside locations have to be considered. Typically, cruises foresee frequent
intermediate stops at locations in which tourists can spend only a few hours visiting the place and
doing shopping. Many authors [31,32,35] demonstrated that the benefits derived from this kind of
tourism, hospitality, and transportation model are usually marginal compared with the social costs
generated, which can be up to seven times larger. Thus, it is very important to develop sustainable
solutions in order to mitigate the strong impact generated by the arrival of many cruises at seaside
locations, with particular reference to the transfer mode from the ship to the city center or other
tourist attractions. Traditionally, trolleybuses or other motorized vehicles have been used for this
purpose. Offering alternative transportation services—bikes, for example—could be an interesting but
challenging solution.
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The sustainable behavior of many cruise-goers is challenged by the low familiarity with the
place and the reduced comfort of the displacement. In fact, bike sharing seems to be one of the
most promising measures to encourage people to choose sustainable means of transportation during
their holidays, especially in urban contexts. In particular, tourists seem to appreciate the possibility
to use a healthy, enjoyable, and relatively cheap door-to-door transportation mode at the holiday
destination. These effects are maximized in cities with a good level of infrastructure, such as segregated
bike paths and routes with low traffic volumes dedicated to leisure activities. A study carried out
in Copenhagen [7] demonstrated that 67% of the persons interviewed had visited a cycling-friendly
city at least once or twice in their life. In the same study, the authors found that cycling was enjoyed
both by people coming from cycling-oriented countries (that may use it as a habit) and those from
noncycling countries (to whom the possibility to experience a new transport solution was proposed).

Thus, we can say that an efficient bike sharing system is one of the most requested and valued
services by travelers nowadays. Considering this, tourists using bike sharing could enhance both the
financial and environmental performances of the service, helping to reach a positive revenue/expense
ratio [15], while at the same time reducing the negative footprint on urban and natural environments
introduced by tourism (i.e., pollution, congestion rates, etc.), which will in turn increase cities’ livability
and attractiveness in a positive loop.

Even if the literature has so far focused only on behavioral aspects [24] and sustainable mobility
features connected with bike sharing, its feasibility for tourist purposes has been explored by means
of pilot projects. A pilot project carried out by the Valencia port authority in close cooperation with
the municipality relied on both the tourist vocation and the good level of maritime infrastructure of
the city. The mobile automated bike depot proposed allowed reaching the city center (6.5 km from
the port) by means of 10 electric bikes with an easy and sustainable mobility solution. The project
was jointly financed by Valencia port and the European Community and operated for a six-month test
period. The service was tailored to younger people and dynamic adults; bikes were made available by
means of a dedicated app at the port and a temporary drop-off point in the city center. The e-bikes
were equipped with a smart GPS locker system and batteries, the recharge point of which was powered
by solar panels. The weak points of this project were the high running costs needed outside the
European Community’s funds and the limited scope for action, where the advertising campaign
and local stakeholder commitment were thwarted by packages offered onboard by cruise companies.
The main lesson learned from this project is the paramount importance of commitment from both local
stakeholders and cruise companies to make the service attractive and economically consistent.

“Quikbyke” is a 2015 spin-off of a renowned producer of e-bikes with the purpose to promoting
their use in tourist locations by means of a solar-powered rental point (called “shop-in-a-box”),
which could be quickly removed and transported to another location in order to satisfy the seasonal
travelers’ flows. The first trials were installed in Omaha, Nebraska, United States during summer
2016 and moved during winter to St. Petersburg, Florida, United States to attract the winter cruise
passengers. The fully solar-powered rental point can be run while recharging up to six e-bikes at
the same time, with no external energy inputs. The standard size and self-contained design of the
box makes the handling easy by ship or truck (the latter solution was also adopted in our test case).
Vehicles are equipped with lithium-ion batteries that allow a 40–50 km range. Even if the fares were
quite high ($5 for 30 min) in comparison with the Valencia and Ravenna test cases, the project proved
itself so successful that the owner is planning to expand through franchising in the Caribbean area,
where many cruise companies operate and better environmental conditions exist.

3. Materials and Methods

3.1. Case Study: An E-Bike Sharing Service with a Mobile Hub

The motivation that led to the development of this test case is to increase the attractiveness of the
port of Ravenna and its hinterland by fostering an efficient, on-demand transport system, guaranteeing,
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at the same time, sustainable connections between the cruise passenger terminal and the historical city
center. The bike depot analyzed in this paper is a tentative solution which mixes together the positive
aspects of each of the three categories mentioned above in order to be accessible and attractive for
tourists and tourist locations (where seasonal and discontinuous tourist flows exist), providing user
friendliness and the possibility of being easily transported according to the spatial and temporal
demand pattern Figure 1.

 
(a) 

 
(b) 

and financed in the framework of the “Moses” Standard + project (Maritime and multimOdal 
– –

WAY. The Moses project’s 

address disabled users’ needs), the charging points

Figure 1. (a) Ravenna Corsini port area and city aerial view. (b) Port basin and quays of Ravenna
Corsini port.

The Ravenna cruise terminal is a 20 min drive from the Ravenna city center (12 km).
Nowadays, tourists reach the city center mainly by shuttle services organized by cruise companies.
Independent travelers can reach the city center by public transport (bus service), but the stop location
is not favorable. The classic bike sharing schemes are not appropriate for developing a service suitable
for cruise passengers. In fact, the concentration and variability of demand (both in terms of volume and
time), the need to have pick-up and delivery stations close to the ships, and the need for coordination
between the service manager and the cruise company have led to the development of a prototypal bike
sharing service with a “mobile hub”, that is, a service capable of being transported wherever necessary
and only when necessary. The Ravenna case study, described in this work, was developed and financed
in the framework of the “Moses” Standard + project (Maritime and multimOdal transport Services
based on Ea Sea-Way project) financed by the Italy–Croatia CBC Program 2014–2020 and based on
the main results of the IPA Adriatic project EA SEA-WAY. The Moses project’s objective is to improve
the accessibility and mobility of passengers across the Adriatic area and its hinterland through the
development of new cross-border, sustainable, and integrated transport services and the improvement
of physical infrastructures related to those new services.

The mobile hub depot in Ravenna port was tested in summer 2018. The 20 ft equivalent mobile
depot was advertised on-site and could shelter as many as 20 e-bikes (including 1 tricycle tailored
to address disabled users’ needs), the charging points, and the complementary items of each vehicle
(helmets, GPS tracker tools compatible with Google maps and a data storage unit, lithium-ion batteries,
and security locks). The bikes had a declared range of up to 50 km, an electric engine on the front wheel,
and an integrated shift on the back wheel. While the bikes weighed as much as 20 kg, the tricycle
weighed as much as 30 kg. Moreover, the declared recharge time of the batteries was 6 h Figure 2.
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Figure 2. Mobile depot for e-bikes at Ravenna port.

3.2. Conceptual Framework and Data Collection

A conceptual framework (data collection, data processing and modeling, and outcome) was
proposed in order to explore and analyze the factors influencing the degree of satisfaction connected
to the use of e-bike sharing services, as shown in Figure 3. The relationship between service and
customer satisfaction has been explored widely in the literature. For example, Pruyn & Smidts [36]
studied the negative effect of waiting time, Gallarza & Gil Saurab [37] explored the existence of
a “quality–value–satisfaction–loyalty” chain, and De Vos [38] concluded that users traveling with
their preferred mode are more satisfied—other things being equal—than those who, in addition,
overperceive travel time. The inputs of the model were the potential explanatory variables and the
degree of satisfaction. A Revealed Preference (RP) questionnaire was designed and issued to users
when returning the bike in order to collect users’ characteristics, bike sharing usage, and satisfaction
data. The explanatory variables were grouped into individual characteristics (age, gender, and role on
board—i.e., passenger or crew member), trip-related factors (use of other public transport modes in the
same trip, duration, and travel purpose—i.e., destination being the historical city center or beaches),
and personal perception (ease of use, familiarity, reliability, and willingness to pay (WTP)).

“quality– – –loyalty” chain
— —

e bike in order to collect users’ characteristics, bike

—
—

Figure 3. Methodological approach of the survey and data analysis.
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As previously described, the main aim of this study was to identify which explanatory variables
(individual, travel-related, or perceptual) are significant and their relationship with the satisfaction
degree and attractiveness of the examined service. An ordered probit model was developed to identify
the variables influencing e-bike sharing usage by cruise tourists and their satisfaction.

The total sample surveyed consists of 120 cruise passengers and crew members of cruise ships
moored in the Ravenna cruise terminal in October 2018. The cruise traffic at Ravenna port along the
pilot project duration had been harmed by meteorological conditions, so that three out of the eight
ships foreseen did not manage to enter the port. This greatly limited the sample size. Two other
constraining factors were the reduced extension of the available e-bike fleet (20 vehicles) and the
all-inclusive feature of the travel packages bought by cruise-goers, which discouraged the use of
services on the spot. The members of the sample were individual travelers from all over the world, of
different ages, travel behaviors, and social backgrounds, who stopped only for a few hours to visit the
historic center of Ravenna, the beaches, or other tourist attractions.

Special attention was devoted to designing the survey in order to provide comprehensible,
easy-to-understand, and easy-to-answer questions, while at the same time ensuring sufficient
information would be collected and a reduced nonresponse ratio. It is important to underline that
variables widely used in literature on bike sharing surveys were considered here (e.g., trip duration,
user friendliness, ease of pick-up/return, etc.). In addition, an estimate of the willingness to pay has
been provided, which is, to the best of the authors’ knowledge, a key aspect not frequently dealt with
in the existing literature.

Table 1 summarizes the variables considered. The bike sharing satisfaction degree was defined as
a typical ordinal variable scaled according to a 3-point Likert scale: 0—Bad, 1—Average, and 2—Good.
Cronbach’s alpha was used as a criterion to measure the reliability of the questionnaire; the result
(α = 0.719) showed a sufficient level of consistency of the data.

Table 1. Summary statistics for ordered observed variables.

Variable Description Value Frequency (%)

Age group
<30 0 25%

30–50 1 43%
>50 2 32%

Gender
Male 1 59%

Female 0 41%

Pax/Crew Passenger 1 70%
Crew staff 0 30%

Trip duration
<1 h 0 28%
1–3 h 1 36%
>3 h 2 36%

Destination
Historic center 1 58%

Beaches 0 42%

Willingness to pay (WTP)
<€10/day 0 31%
€10–20/day 1 57%
>€20/day 2 12%

User friendliness and ease of pickup/return Yes 1 84%
No 0 16%

Other Public Transport utilization Yes 1 59%
No 0 41%

First time e-bike
Yes 1 61%
No 0 39%

Satisfaction
Bad 0 19%

Normal 1 35%
Good 2 46%
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3.3. Statistical Model

Discrete outcome modeling techniques are frequently utilized, as the dependent variables consist
of categorical or ordered variables. When treating such variables, general statistical models, such as
least-squares (LS) regression, suffer from many shortcomings, such as heteroscedasticity, violation of
assumption of independence, identically distributed errors, and predicted probabilities outside the
unit interval. Even basic statistical analysis, such as ANOVA or the t-test, are unreliable because the
key assumptions of these models are that the response or dependent variables must be continuous,
with normally or roughly normally distributed residuals. A wide body of literature recognizes that
linear regression is inappropriate when the dependent variable is categorical or ordered, as in our
specific case. An appropriate theoretical model in such a situation is the ordered probit model [39].

Following these premises, an ordered probit model was developed and calibrated to identify
factors that potentially affected the satisfaction degree of e-bike sharing with the mobile hub for the
cruise tourists. In ordered models, an ordered dependent variable is explained by a number of scaled
independent variables and the parameters of the latent model do not have a simple interpretation per
se. Rather, the main interest lies in the shift of the predicted discrete ordered outcome distribution as
one or more of the regressors change (i.e., the marginal probability effects).

In our particular case, by adopting this approach, we could account for the commonly shared
unobserved factors that affect both e-bike sharing usage by cruise tourists and the related satisfaction
degree. Subsequently, the marginal effects of each determined factor (significant variables) were
evaluated to quantify their actual impacts on the related e-bike sharing satisfaction levels.

Originally developed in biostatistics [40], this model was brought into the social sciences in the 1970s,
and recently, it has been widely applied in transportation studies. In greater detail, several applications
can be found in vehicle ownership analysis [41], road safety and injury models [42,43], determinants of
bicycle choice [44], cyclists’ travel behavior [45], and car sharing usage [46].

The model was defined and specified starting from the ordinal data observed for each observation,
under the hypothesis that a latent continuous metric driving the ordered responses given by the users
existed. The model is expressed with the following well-known form:

y∗i = βiXi + εi, yi = k i f µk−1 < y∗i < µk, k = 0, . . . , K (1)

where y*i is the latent, unobserved dependent variable (satisfaction degree); Xi is the vector containing
the independent (measured) variables; and βi is the vector of unknown regression coefficients associated
with the explanatory variables. While it is not possible to observe the true values of the y*i variables,
it is instead possible to observe the actual ordinal answers yi provided by users on the 1,2,3 scale within
the thresholds µk.

As usual, ε represents the random error term, normally distributed with mean = 0 and variance = 1,
εi ~ N(0,1). Under these hypotheses, the probability of observing each ordinal response is given by

P[yi = 1] = P
[

µ0 < y∗
i
< µ1
]

= P[µ0 < Xiβi + ǫi < µ1]

= P[µ0 −Xiβi < ǫi < µ1 −Xiβi] = Φ(µ1 −Xiβi) −Φ(µ0 −Xiβi) (2)

where Φ(·) is the standard bivariate normal cumulative distribution function. It is straightforward to
see that, in general terms,

P[yi = k] = Φ(µk −Xiβi) −Φ(µk−1 −Xiβi). (3)
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The unknown parameters in the model—the coefficients vector βi—were estimated by means of
the Maximum Likelihood Estimation (MLE) technique, maximizing the log-likelihood function:

lnL =
N
∑

i=1

K
∑

k=1

δikln
[

Φi,k −Φi,k−1

]

(4)

where i = 1, . . . ,N is the sample size, Φi,k = Φ[µk −Xiβi], and Φi,k−1 = Φ[µk−1 −Xiβi]. The estimated
coefficients do not allow for immediately quantifying the magnitude of the related explanatory variable
effects on the satisfaction but only for evaluating the direction (positive or negative) of the effects on
the outcomes. To properly quantify the impacts, the marginal effects of each explanatory variable of
interest were calculated as follows:

∂P(yi = k)

∂Xi
= [φ(µk−1 −Xiβi) −φ(µk −Xiβi)]βi (5)

where Φ is the probability density function of the standard normal distribution.

4. Results and Discussion

Following the methodological framework reported in Figure 3, the calibration of the binary
ordered probit model allowed us to identify the significant variables and to estimate the marginal
effects, that is, the variations of satisfaction level as the regressors change. The results of the calibration
are reported in Table 2. Only the variables that were significant (p-value < 0.05) were included in
the model.

Prior to discussing the results, it is useful to repeat that this was an initial exploratory analysis
carried out during a short pilot project and, thus, the results must be treated with caution, given the
dimension of the sample available. The scientific literature on surveys suggests a relationship between
the dimension of the sample, population size, desired degree of accuracy, and confidence interval [47].
It is worth noting that, at the time of analysis, the service analyzed was extremely niche although
promising; thus, in the authors’ opinion, the identification of the attributes that appear to significantly
influence travel behavior is still useful from a policy point of view. In addition, the results obtained are
consistent with the literature on bike mobility and contribute to shedding light on a rather unexplored
research topic. A relevant ratio of users accepting to answer the survey is, other considerations
notwithstanding, a significant result for the research scope and justified a reduction in the sample
size [47].

Eight significant variables were identified (p-value < 0.05); the magnitude and the sign of the
calibrated parameters provide a general evaluation of the impact on the satisfaction level. This analysis
was helpful to answer the first research question: What are the major factors acting as drivers for the
development of e-bike sharing programs for cruise tourists?

Table 2. Results of the model.

Variable β Std. Error p-Value Marginal Effect

Age (>50) 0.255 0.097 0.018 0.0671
Passenger 0.106 0.112 0.007 0.0344

User-friendliness and ease of pickup/return 0.548 0.156 0.000 0.1415
Trip duration (>3 h) 0.379 0.174 0.000 0.0826
Destination center 0.504 0.064 0.002 0.1106
WTP (€10–20/day) 0.211 0.104 0.023 0.0508

Other public transport utilization -0.132 0.080 0.006 -0.0398
First time e-bike 0.444 0.156 0.000 0.0979

Log-likelihood at convergence −1987.35
Likelihood ratio index (ρ2) 0.194
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All the significant variables—except the one related to utilization of other public transport services
in the same trip chain—had a positive effect on the satisfaction level.

The estimation of the marginal effects, on the other hand, answered the second research question:
What are the major motivators for tourists to join a bike sharing service? In fact, the magnitude of
users’ satisfaction variation with each parameter allowed us to determine the key aspects to focus on
to promote a more efficient and popular service. In detail, e-bike users over 50 years of age showed
a positive marginal effect on satisfaction level of around 7%, and this is in line with the evidences
available in the literature [48,49]. Concerning trip duration, average usage of >3 h had a higher impact
on satisfaction (+8%). In the literature, we found much lower average values for the duration of e-bike
trips (as much as 30 min) [6,50,51]; therefore, we assume that satisfaction was linked here to longer trip
duration mainly due to the specific case (trip purpose and users’ characteristics).

Concerning the WTP, according to the results, a service fare in the range of €10–20 per day had
a significant positive effect on satisfaction and an estimated marginal utility of around 5%. This is
roughly consistent with average fare values found in the literature, although the average journey time
found here may imply higher costs [52–55]

Even the “first-time users” involved in the analysis perceived the service positively (almost +10%
marginal effect). This is probably linked to the positive feedback regarding the user friendliness of
the e-bike and the innovativeness of the pick-up and delivery solution based on a mobile hub station.
In addition to that, the marginal effect on the degree of satisfaction generated by the ease of use was
the highest among the significant variables inspected (+14%).

Users also showed a greater propensity to use the e-bike sharing service to reach and visit the
historic city center (see Table 1), with an intrinsic marginal effect on satisfaction of +11%.

Interestingly, the use of other public transport modes in the same trip chain showed a marginal
drop in satisfaction (−4%), probably due to the lack of integration between the different services in terms
of connections, frequencies, and fares; also, this finding is in line with the existing literature [56–58].
On the other hand, the use of integrated multimodal fare schemes is reported in the literature as being
a driver of paramount importance for the use of public transport systems by tourists, along with the
degree of integration and flexibility of transport systems [59].

5. Conclusions

Over time, bike sharing has come to represent a successful story of sustainable transportation
opportunities, the diffusion of which is also relevant and indisputable in those countries which have
been so far less sensitive towards environmental concerns [60]. The aim of this paper was to propose
and assess the opportunities for an additional niche of operation for e-bike services consisting of a
mobile depot which can be easily moved and transported within and across both port and urban areas
to respond to demand evolution. Two research issues were proposed: the identification of (i) the
major factors driving the development of e-bike sharing programs for cruise tourists, and (ii) the main
motivators for cruise tourists to join a service of this kind.

As activities during cruises are usually thoroughly scheduled by the ship owner, the scope of the
solution described in this paper is limited only to cases where a partnership/sponsorship exists between
local stakeholders, cruise promoters, and technology suppliers or where a limited and floating demand
exists, such as in marinas. Under these premises and from a managerial point of view, the main
aspects foreseen to make the service effective are the infrastructure (paths and, foremost, a user-friendly
collection/drop-off system that is easy to use even for first-time users), transport integration and
tailored fare schemes in order to fight segregation of certain users’ categories, and a focus on safety
and reliability (i.e., information provision, ad campaigns, comfort, and design of docking stations).

The survey conducted during the pilot project in Ravenna involved a diversified sample of users
of different ages and nationalities/countries of origin. The use ratio of the service was quite low
compared to the population of a typical cruise vessel, but the response ratio was high, since almost all
users agreed to answer the survey when returning the vehicle. The statistical analysis showed good
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satisfaction among users, even when they were not familiar with e-vehicles, which is traditionally
perceived as a barrier in the mainstream literature on the topic [61]. The results obtained by the
calibration of the binary ordered probit model are consistent with the literature. The promising aspects
of this work lie in the recognition of a new niche of application of shared mobility that goes beyond
the traditional boundaries of users’ average age and WTP, as well as the distance and time traveled
threshold usually connected with bike sharing, which can be ascribed to the peculiar vocation of the
service. Users appreciated electric-powered vehicles for traversing the surroundings of the port, even
when they were not familiar with such vehicles.

This conclusion has a potentially significant scope of application at the policy level, steering the
municipality and the stakeholders to foster sustainable transportation schemes linking the port and
the city center, notwithstanding the distance. A tailored and effective business model is needed to run
this service, and transport integration can be a solution (together with schedule coordination to reduce
transfer time loss, which greatly affects users’ appreciation). Finally, additional progress on the safety
and reliability of the service can be achieved with close cooperation between the local administration
and the bike vendor.

Further research may set out to investigate fleet management and technology, which can improve
appreciation and feasibility. For example, GPS tracking costs increase with precision requirements;
nevertheless, the analysis of GPS tracking data is useful for public administration and transport
agencies to map users’ travel behavior and paths and thus to design supply opportunities accordingly.
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Abstract: To better understand the characteristics of a bike-sharing system, we applied complex
network methods to analyze the relationship between stations within the bike-sharing system. Firstly,
using Gephi software, we constructed the public bicycle networks of different urban areas based on
the real-time data of the Nanjing public bicycle system. Secondly, we analyzed and compared degree,
strength, radiation distance, and community structure of the networks to understand the internal
relations of the public bicycle system. The results showed that there were many stations with low
usage of public bicycles. Furthermore, there was a geographical division between high-demand and
low-demand areas for public bicycles. The usage of public bicycles at a station was not only related
to land use but also related to the usage of bicycles at stations nearby. Moreover, the average service
coverage of the public bicycle system was consistent with the original intention of “the first and last
mile”, and public bicycles could meet different travel needs.

Keywords: sustainable mode of transportation; bike-sharing system; public bicycle; complex network;
network structure

1. Introduction

Bike-sharing systems (BSSs) not only facilitate people with the trouble of “the first and last
mile” but also provide them with a sustainable and carbon-free mode of transportation. In 1965, an
NGO called Provo established a public bicycle system (PBS) to reduce air pollution and relieve traffic
congestion in Amsterdam, which is regarded as the prototype of BSSs [1].

With economic booming and social modernization, bicycles are not the top choice in most
countries. Nevertheless, due to increasingly serious air pollution and traffic congestion, public bicycle,
a station-based bike-sharing, has gradually become a significant transportation alternative once again.
However, untimely rebalancing operations and unreasonable station distributions not only reduce
users’ satisfaction but also increase the scheduling and maintenance costs, which results in waste of
public resources. Therefore, studies on PBSs are beneficial to solve the issue of "unavailable bicycles
and unavailable docks" and can improve the social and economic benefits of PBSs.

Scholars have carried out a lot of research on BSSs and achieved fruitful results. Characteristics of
users and stations, influencing factors, and built environment are all main research contents. Users’
gender [2–7], age [3,6–8], income and education [2,5,6,9,10], weather conditions [11–13], infrastructure
construction, population density, built environment [7,12–19], and relationship with other means of
transportation [20–33] have been confirmed to affect the usage of bike-sharing. On the other hand,
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in order to solve the problem of rebalancing, optimization of BSSs has also become another hot
issue [34–43]. As far as research methods are concerned, statistical methods such as correlation analysis,
clustering analysis, and regression analysis are adopted to analyze characteristics and influencing
factors [3,7,9,13,14,19,20,22,23,44], and optimization algorithms are used to solve rebalancing operations
for BSSs [35,38–40,42,43].

The existing researches mainly discuss BSSs from the aspects of the relationship between BSSs and
external environments, while studies from the perspective of the relationship between internal stations
of BSSs are insufficient. To fill this gap, we built public bicycle networks (PBNs) using Gephi software
according to complex network methods, aiming to analyze internal correlation characteristics of BSSs.

The remainder of the paper is organized as follows. Section 2 reviews the relevant literature.
Section 3 provides the data and methodology, and Section 4 analyzes the results. Lastly, Section 5
presents conclusions.

2. Literature Review

2.1. Relationship between BSSs and External Environments

Relationship between BSSs and external environments is a hot issue.
Weather conditions are an important influencing factor for the use of public bicycles. More bicycles

were used in good weather, while rain, snow, low temperature, and gales resulted in less use [11–13].
Infrastructure construction and population also profoundly influence the use of bike-sharing.

In Montreal, increasing the number of stations played a more active role in cycling than increasing
the number of parking piles [12]. More public bicycle lanes promoted the use of public bicycles [14].
In general, station capacity, zonal population, employment density, commercial land, and daily life
places nearby were positively correlated with cycling [7,13,15–19].

The relationship between BSSs and other transportation systems is getting more and more
attention. Scholars analyzed the impact of bike-sharing on walking, cars, public transportation, and
subways. Many results showed that bike-sharing replaced walking and public transportation to some
extent, and bike-sharing was expected to play a more important role in reducing car use [2,20,21,25–29].
Subway stations were important starting and ending stations of BSSs, and the increase of cycling
flow would lead to an increase of average daily subway flow [21,23,32]. Some researchers found that
sudden change in public transport services, such as a public transit disruption or a strike, would
affect the use of bicycles significantly [30,31]. As for free-floating BSSs and station-based BSSs, Li et al.
pointed out that the former had a greater effect on the latter especially on weekdays and on young
people [24]. Luo et al. found that greenhouse gas emissions factor of free-floating BSSs was 82% higher
than station-based BSSs based on life cycle assessment [33].

2.2. Internal Relationship of BSSs

Some studies of BSSs carried out clustering analysis on the stations, which essentially explored
the relationship between the stations and also the internal relationship of the systems. The usage
pattern of stations was identified by the clustering method, and the clustering results were influenced
by station locations and socioeconomic situations [7,23,45–47]. More bike-sharing movements were
observed within a cluster than between clusters in Lyon [48]. However, clustering analysis mainly
distinguishes the similarity of stations and does not highlight the relationship between them.

Recently, some scholars have begun to focus on BSSs using network analysis methods. Rixey
pointed out that station network effects were extremely important to ridership levels, with a robust,
statistically significant relationship within systems. Station network variables were put forward to
test the effects of public bicycle station network density, distribution, and size on cycling. The results
revealed that there was a positive correlation between the number of stations within 4800 m of a given
station and the number of people cycling monthly [9]. Saberi et al. combined geospatial methods
with complex network methods to better understand the interdependence between BSSs and public

170



Sustainability 2019, 11, 5425

transportation systems in London [31]. Austwick et al. explored BSSs in different cities by network
analysis, and they found that the strength rank curve for the top 50 stations in each system displayed a
similar scaling law. Furthermore, community detection in the network could identify local use [49].
Lin et al. proposed a novel graph convolutional neural network with data-driven graph filter model to
predict station-level hourly demand with fairly good prediction accuracy. Graph network analysis
showed that this model could not only gather more information from more stations but also utilize
more underlying correlations between stations [50].

Although the existing research has provided us a lot of insights, there is potential to deepen
the knowledge of BSSs. (1) The relationship between BSSs and external environment has been more
in-depth, while the internal correlation of BSSs needs to be expanded. Complex network analysis is
applied to study the internal correlation between nodes according to their connection relationship,
which is relatively under-utilized to understand BSSs [49]. (2) How to construct a bike-sharing network
and select appropriate statistical analysis indicators is an important issue that needs to be discussed.
As research on the internal relationship of BSSs by complex network analysis is still inadequate, this
problem is the premise of understanding the characteristics of BSSs. (3) How to select representative
areas for comparative analysis to gain an in-depth understanding of BSSs is also another problem that
we should pay much attention to. Because of different population density, employment density, built
environment, and land use in different areas, characteristics of BSSs also vary. That is, conclusions and
suggestions put forward according to the information in certain regions are not necessarily applicable
to other regions. As a result, regional information should be gathered for system operators to possess
a more comprehensive knowledge of BSSs.

According to the spatiotemporal real-time data of the PBS in Nanjing, we first constructed the
public bicycle networks (PBNs) of different urban areas with Gephi software. Then, we not only
analyzed statistical indicators such as degree and strength but also defined “radiation distance”.
Finally, we analyzed internal correlation characteristics between stations and compared characteristics
in different regions.

3. Data and Methodology

We chose Nanjing PBS in China as our case study. Nanjing is the center of politics, economy,
education, and culture in Eastern China and also the provincial capital of Jiangsu Province, with
an area of 6587.02 km2. At the end of 2016, the total population was 8.27 million with the urban
population density 1484 people/km2. There were 10,402 public transport vehicles in operation, with
a network of 10,476.3 km in length and a total of 1776 million passengers, ranked 6th in China in 2016.
Behind the economic prosperity and the development of modern transportation, air pollution cannot be
ignored. In 2016, the annual average concentration of pm10 was 0.085 mg/m3, with exhaust emissions
of 773.482 billion m3 and soot emissions of 48,600 tons [51]. Therefore, the study of Nanjing PBS is of
positive significance to improve the efficiency of PBSs in modern metropolis with high population
density, heavy traffic, and air pollution.

Nanjing PBS has more than 600 stations almost covering the main city since Nanjing Public Bicycle
Company was founded in 2015. People pay a deposit for a public bicycle card. The charge is zero
for the first two hours, one Chinese yuan for the third hour, and three Chinese yuan per hour for the
fourth hour and above. A user picks up a bicycle at a station and returns it in the parking pile at the
destination station to complete this trip.

3.1. Data

Nanjing Public Bicycle Company provided us with 662,007 anonymous daily data from 20 March
2016 to 26 March 2016, including user ID, renting (returning) stations, renting (returning) time, longitude
and latitude of returning stations (see Table 1). Some situations such as bicycle and timer malfunctions
would lead to inaccurate cycling time records. Thus, the data that indicated less than 2 min or more
than 2 h usage were excluded, and the number of actual valid data was 593,582. In this week, 131,695
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users used public bicycles, with an average of 4.5 times, the average duration of 15.77 min, and the
average cycling distance of 1.43 km, which was consistent with “the first and last mile”.

Table 1. Sample data of Nanjing public bicycle system (PBS).

User ID Renting Time Returning Time
Renting
Station

Returning
Station

Longitude of
Returning

Station

Latitude of
Returning

Station

10*** 2016/3/20 0:09 2016/3/20 0:20 1118228 1216847 118.7629 32.03357
22*** 2016/3/21 16:18 2016/3/21 16:24 1118406 1119129 118.7621 32.04811
10*** 2016/3/24 19:51 2016/3/24 19:59 1119305 1211847 118.7544 32.041

Gulou District is the central area and also the political, economic, educational, and cultural center
of Nanjing. The resident population of Gulou District is 1,249,400, ranked 1st in the six main urban
districts of Nanjing, and the area is 53 km2, with a population density of 23,574 people/km2. In 2016, the
total production value of Gulou District was 112.303 billion Chinese yuan, ranked 1st, and the per capita
annual disposable income was 54,791 Chinese yuan. High population density and employment density
lead to high demand for public bicycles. Qixia District is located in a remote area with a large area
and low population density. The resident population of Qixia District is 693,300, ranked 3rd, and the
area is 395.44 km2, with a population density of 1753 people/ km2. In 2016, the total production value
of Qixia District was 92.723 billion Chinese yuan, ranked 2nd, and the per capita annual disposable
income was 48,379 Chinese yuan. Low population density may be the main reason for low demand for
public bicycles. Gulou District and Qixia District, one as the center of economics and politics and the
other as the emerging district of culture and education, are different in geographical location, regional
functions, distribution of stations, and demand for public bicycles. Therefore, it is reasonable to select
these two districts to analyze and compare the internal correlation characteristics of PBNs.

3.2. Complex Network Theory

Complex network theory explores topological structures and properties of a network utilizing
graph theory and statistical physics, which can show the nature of the network without depending
on the specific location of nodes and specific shape of edges. In a network, nodes represent research
objects, and edges connecting two nodes represent their relationship. Now, complex network theory
has been successfully applied in financial markets [52–54], transportation systems [9,31,49,50,55–57],
and energy fields [58–61].

We treat a station as a node. If a user rents a public bicycle at station A and returns it to station B,
there is a directed edge pointing from A to B. The weight of this edge is equal to the number of cycling
records from A to B, which can show how close the relationship between A and B is. Hence, a PBN is
a directed weighted network.

3.2.1. Degree

For a PBN, public bicycles rented from station i are returned to various destination stations, and
the number of these destination stations is defined as the out-degree kout

i
of node i. Public bicycles

rented from various origin stations are returned to station i, and the number of these origin stations is
defined as the in-degree kin

i
of node i. The calculation formulas of kout

i
and kin

i
are as follows:

kout
i =

N
∑

j=1

ai j, kin
i
=

N
∑

j=1
a ji (1)

where aij denotes an element of adjacency matrix, that is, if there is a directed edge from station i to
station j, aij = 1; otherwise, aij = 0. N represents the number of nodes.

172



Sustainability 2019, 11, 5425

3.2.2. Strength

For a PBN, the out-strength sout
i

represents the number of public bicycles rented from station i,

and the in-strength sin
i

represents the number of public bicycles returned to station i. The calculation
formulas of sout

i
and sin

i
are as follows:

sout
i =

N
∑

j=1

wi j, sin
i
=

N
∑

j=1
w ji (2)

where wij represents the weight of the edge from station i to station j.

3.2.3. Radiation Distance

Compared with general complex networks, PBNs have their own way of calculating path length.
For example, if one user rents a public bicycle from station A and returns it to station B and another
user rents one from station B and returns it to station C, there is a path from station A to station C
according to the concept of “path” in complex network theory. However, we cannot explain this path
as a user starting from station A and going to station C via station B. Furthermore, there may be no
records renting one from station A and returning it to station C. Therefore, applying “path length” of
complex network theory to PBNs may be of no significance. As a result, we define "radiation distance"
to measure the distance between stations (nodes).

In a PBN, we define the radiation distance from station A to station B as the actual distance
between them, and the radiation distance of station A is the average radiation distance from station A
to the other stations. Hence, the radiation distance of a PBN is the average radiation distance of all
the stations.

3.2.4. Community Structure

In a network, nodes in the same community are closely connected. Modularity Q is used to
evaluate the quality of community division, and community division with the maximum value of
modularity is optimal. For a directed weighted complex network, modularity is calculated as follows:

Q =
1
W

∑

i, j

(wi j −
sout

i
sin

j

W
) δ(Mi, M

j
) (3)

where W is the sum of all the weights, Mi is the community that station i belongs to and Mj is
the community that station j belongs to. If station i and station j belong to the same community,
δ(Mi, M

j
) = 1, otherwise, δ(Mi, M

j
) = 0.

4. Results

4.1. The Construction of the PBN

We first treated each public bicycle station in Gulou District as a node, and then added the stations
in other districts that had public bicycle renting or returning with the nodes into the network. Hence,
there were totally 587 stations (nodes) in the PBN of Gulou District. There were directed edges between
the nodes, and the weights were the number of public bicycles rented or returned.

4.2. The Analysis of Out-Degree and In-Degree

The average in-degree of the PBN of Gulou District was 57 with the maximum being 287. Since
the in-degree of each station was numerically dispersed, we performed interval segmentation to better
understand its distribution. We first divided the values of in-degree by the interval length of 20.
Then, we considered the integer closest to the weighted average of in-degree and the number of the
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stations within the interval as the representative of the interval value. In this way, we got the in-degree
distribution, see Figure 1a. In a log–log plot, the least square estimation was applied to estimate the
in-degree distribution, and the regression equation was y = −1.2221x + 2.3808 with the coefficient of
determination R2 = 0.897, which showed a good fitting effect (see Figure 1b).
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Figure 1. (a) The in-degree distribution of the public bicycle network (PBN) of Gulou District; (b) the
in-degree distribution estimation in a log-log plot.

The average out-degree of the PBN of Gulou District was 57 with the maximum being 289.
Figure 2a shows the out-degree distribution. In a log–log plot, the regression equation was y = −1.1262x

+ 1.9299 with the coefficient of determination R2 = 0.876 (see Figure 2b). As a result, the in-degree and
out-degree distribution of the PBN of Gulou District followed the power-law distribution with the
power exponents of 1.22 and 1.13, respectively, which were smaller than power exponents of scale-free
networks between 2–3. According to the data, there were 245 stations with an in-degree of less than 20,
accounting for 41.7% of all the stations, and there were 235 stations with an out-degree of less than 20,
accounting for 40.0%. These results indicated that the percentage of the stations with small in-degree
or out-degree was lower than that of typical scale-free networks.
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Figure 2. (a) The out-degree distribution of the PBN of Gulou District; (b) the out-degree distribution
estimation in a log-log plot.

There were 225 stations (nodes) in the PBN of Qixia District. The average in-degree and out-degree
were both 11, and the maximum in-degree and out-degree were 93 and 87, respectively, which were
smaller than those of the PBN of Gulou District. Geographically, Gulou District borders Qixia, Xuanwu,
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Qinhuai, Yuhuatai, and Jianye districts, while Qixia District borders Gulou and Xuanwu districts.
From the perspective of station size, there were 175 stations in Gulou District and 41 stations in Qixia
District. Therefore, there were big gaps between the two PBNs in station connections and station size.

The in-degree distribution and out-degree distribution of the PBN in Qixia District were similar
to long tail distribution (see Figure 3) and they followed the power-law distribution with the power
exponents of 1.33 and 1.21, respectively. The power exponents were larger than those of the PBN of
Gulou District, which probably meant idle situation of stations in Qixia District was more serious than
that in Gulou District.
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Figure 3. The in-degree and out-degree distribution of the PBN of Qixia District.

4.3. The Analysis of Out-Strength and In-Strength

Table 2 lists the top ten stations of the PBN of Gulou District based on in-strength and based on
out-strength, and the number in brackets after the station name is the station number. Nine of the
top ten based on in-strength and the top ten based on out-strength were the same except Longjiang
Stadium East Station and Mingcheng Century Park East Gate Station. At the same time, Table 3 lists
the bottom ten stations, and the number in brackets after the station name is the station number.
The bottom ten based on in-strength and the bottom ten based on out-strength were nearly the same
except the “724 Institute” Station and Shengshi Garden Station. This result indicated that renting
flow and returning flow at a station was almost equivalent. Moreover, the strength of the top ten was
much stronger than that of the bottom ten, which showed that the usage of public bicycles at different
stations varied greatly.

Figure 4 shows the geographical distribution of these stations. The red and purple marks
correspond to the top ten and the bottom ten stations in Tables 2 and 3, respectively. There are
11 different stations in Table 2, so there are 11 top ten stations in Figure 4 without distinguishing
in-strength from out-strength, and the same is true for the bottom ten. There were regional differences
in the use of public bicycles. The bottom ten stations were mainly distributed in the north of Metro Line
4, while the top ten were in the south. According to the land use, the commercial land, for example,
Xinjiekou Huaqiao Road and Fenghuang business area as well as other cultural and recreational
facilities, sports facilities, and educational institutions were concentrated in the south of Metro Line
4. The distribution of stations may indicate that areas close to central business districts had a higher
demand for public bicycles due to their high population density and employment density, that is, the
more social and economic activities, the more use of public bicycles. Hence, adequate and timely
supply of public bicycles around these areas is the priority.
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Table 2. The top ten stations of the PBN of Gulou District.

No. Station In-Strength Station Out-Strength

1 Qingliangmen Suguo
Supermarket(1) 3111 Qingliangmen Suguo

Supermarket(1) 3262

2 Suning Global Trade City(2) 2851 Hetai International Building(5) 2758

3 International Service Outsourcing
Building(3) 2817 Yingchunli West Gate(4) 2647

4 Yingchunli West Gate(4) 2723 Nanjing University of Chinese
Medicine South Station(9) 2646

5 Hetai International Building(5) 2468 Suning Global Trade City(2) 2600

6 Jiaheyuan(6) 2390 International Service Outsourcing
Building(3) 2387

7 Zhonghai Fenghuangxian South
Gate(7) 2237 Jiaheyuan(6) 2142

8 National University Science Park(8) 2178 Zhonghai Fenghuangxian South
Gate(7) 2090

9 Nanjing University of Chinese
Medicine South Station(9) 2136 Mingcheng Century Park East

Gate(11) 2043

10 Longjiang Stadium East Station(10) 2104 National University Science Park(8) 1871

Table 3. The bottom ten stations of the PBN of Gulou District.

No. Station In-Strength Station Out-Strength

1 No. 5 Ningxia Road(1) 104 Qingjiang Xiyuan North Gate(2) 105
2 Qingjiang Xiyuan North Gate(2) 122 No. 5 Ningxia Road(1) 113
3 Tianfeigong Primary School(3) 159 Tianfeigong Primary School(3) 155

4 Biancheng Shijia West Gate(4) 163 Crown Diamond Double Star
South(7) 187

5 No.35 Xikang Road(5) 173 Xikang Hotel(6) 191
6 Xikang Hotel(6) 192 Biancheng Shijia West Gate(4) 194

7 Crown Diamond Double Star
South(7) 219 Gate 4 of Tianzhenghubin(10) 202

8 724 Institute(8) 219 No.35 Xikang Road(5) 206
9 Gate 1of Tianjinxincun(9) 219 Shengshi Garden(11) 206
10 Gate 4 of Tianzhenghubin(10) 226 Gate 1of Tianjinxincun(9) 249

Figure 4. The distribution of the top ten and the bottom ten stations of the PBN of Gulou District.

We should point out that many stations with strong strength were close to subway stations,
such as Jiaheyuan Station and Jiqingmen Street Subway Station, Yingchunli West Gate Station and
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Hanzhongmen Subway Station, Nanjing University of Chinese Medicine South Station and Shanghai
Road Subway Station, which indicated that subway stations were important starting and destination
stations for cycling. Therefore, the construction of bicycle stations around subway stations is an
important measure to promote the usage of public bicycles.

It was worth noting that there was still low usage of public bicycles even in densely populated
areas. There were several residential areas around Qingjiang Xiyuan North Gate Station, and Qingjiang
Xiyuan West Gate Station was also nearby. According to the records, almost 60% of the stations
associated with these two stations were the same. In fact, Qingjiang Xiyuan West Gate Station was
closer to the bus stop and subway station, so the usage of public bicycles was higher than that of
Qingjiang Xiyuan North Gate Station. Except for station location, competitive relationship with other
stations also affected the usage of public bicycles. Therefore, unreasonable station setting not only
reduced the efficiency of PBSs but also led to a waste of public resources.

In directed weighted networks, nodes with strong strength are worth studying. We analyzed
Qingliangmen Suguo Supermarket Station, which had the strongest in-strength and out-strength of the
PBN of Gulou District.

Figure 5 shows the station distribution around Qingliangmen Suguo Supermarket Station. On the
one hand, Mochou Lake Subway Station West Station, Lixue Primary School Station, Huayang Jiayuan
North Gate Station, and Yingchunli West Gate Station contributed the most to the in-strength of
Qingliangmen Suguo Supermarket Station. On the other hand, the most frequent destinations of this
station were Mochou Lake Subway Station West Station, Huayang Jiayuan East Gate Station, Lixue
Primary School Station, Jinxin Garden North Gate Station, and Suning Qianqiu Garden East Gate
Station. The results showed that if an area where supermarkets, residential areas, subway stations,
and schools were concentrated, it was always the main area for the use of public bicycles, which
was consistent with the existing research results [7]. Furthermore, in-strength and out-strength of
the stations around Qingliangmen Suguo Supermarket Station were above the average level of the
network. The observed data showed that the usage of public bicycles at a station was not only related
to the built environment but also affected by the usage of bicycles at stations nearby. Ensuring the
availability of public bicycles and parking piles of these key stations would have a direct impact on the
use of public bicycles throughout the whole area.

As a popular supermarket in Gulou District, Qingliangmen Suguo Supermarket is adjacent to 10
residential areas, including Huayang Jiayuan, Jinxin Garden, Yingchunli, and Suning Qianqiu Garden,
and many users cycle to and from the communities and the supermarket every day. Table 4 lists the
comparison of the distances and time required from these communities to the supermarket by different
travel modes. The comparison indicated that public bicycle was a time-saving means of transportation
when the distance was about 1000 m. Convenience, speed, and economy are the advantages of public
bicycles for short-distance travel.

Table 4. Comparison of different travel modes.

Travel
Mode

Distance from
Huayang
Jiayuan
(Meter)

Travel
Time

(Minute)

Distance
from Jinxin

Garden
(Meter)

Travel
Time

(Minute)

Distance
from

Yingchunli
(Meter)

Travel
Time

(Minute)

Distance from
Suning Qianqiu

Garden
(Meter)

Travel
Time

(Minute)

Walking 570 8 1000 >10 1200 >10 960 >10
Driving 1800 9 1300 6 1000 6 1500 9
Cycling 600 4 1100 7 1000 6 1000 6

The top ten stations of the PBN of Qixia District based on in-strength were also the top ten stations
based on out-strength (see Table 5), and the same was true for the bottom ten (see Table 6). Figure 6
shows the distribution of these stations. The red and purple marks correspond to the top ten and the
bottom ten in Tables 5 and 6, respectively. Most of the top ten stations were located around Maigaoqiao
Subway Station and along Heyan Road, the major economic area in Qixia District. In particular,
the in-strength and out-strength of Gate 1 of Maigaoqiao Subway Station were significantly stronger
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than the other stations due to the origin station of Metro Line 1. At the same time, six stations within
1200 m around Maigaoqiao Subway Station had strong in-strength and out-strength, forming an area
of high demand for public bicycles. Among the six stations, Qiancaomingyuan South Station and
Jinghongyuan South Station contributed the most to in-strength and out-strength, which indicated
that public bicycle was an effective means of transportation between communities and important
transportation hubs. As a result, public bicycles can bring people more convenience if the connection
of public bicycle stations with other transportation stations is well projected in areas with sparse
distribution of public transportation. In addition, the usage of public bicycles in Qixia District was less
than that in Gulou District.

 

Figure 5. The station distribution around Qingliangmen Suguo Supermarket Station.
y.  

 

Figure 6. The distribution of the top ten and the bottom ten stations of PBN of Qixia District.
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Table 5. The top ten stations of the PBN of Qixia District.

No. Station In-Strength Station Out-Strength

1 Gate 1of Maigaoqiao Subway(1) 1727 Gate 1of Maigaoqiao Subway(1) 1753

2 Maigaoqiao Bus Station(2) 1063 Maigaoqiao Zijin Rural Commercial
Bank(3) 1003

3 Maigaoqiao Zijin Rural Commercial
Bank(3) 1037 Maigaoqiao Bus Station(2) 970

4 Heyan Road Community East(4) 862 Heyan Road Community East(4) 912

5 Xiaozhuang International Plaza
West(5) 818 Mufu Mountain Villa(10) 808

6
Jiangsu Province Hospital on

Integration of Chinese and Western
Medicine West(6)

714 Shengli Village East(8) 788

7 Lanting Yayuan Suguo
Supermarket(7) 714 Lanting Yayuan Suguo

Supermarket(7) 720

8 Shengli Village East(8) 700
Jiangsu Province Hospital on

Integration of Chinese and Western
Medicine West(6)

673

9 Hongshan Zoo North(9) 681 Xiaozhuang International Plaza
West(5) 646

10 Mufu Mountain Villa(10) 608 Hongshan Zoo North(9) 643

Table 6. The bottom ten stations of the PBN of Qixia District.

No. Station In-Strength Station Out-Strength

1 Jinyuan Department Store East(1) 105 Jinyuan Department Store East(1) 89

2 Social Security Administration of
Qixia District(2) 106 Traffic bureau of Qixia South(4) 106

3 Wanshou Garden North(3) 117 Social Security Administration of
Qixia District(2) 119

4 Traffic bureau of Qixia South(4) 155 Wanshou Garden North(3) 122
5 Jinqu Village East(5) 161 Jinqu Village East(5) 152
6 Dafa Yanlanwan West(6) 166 Dafa Yanlanwan West(6) 180
7 Yanhua Garden North(7) 226 Yanziji Park(9) 235
8 Gaoli Auto Parts Company East(8) 238 Yanhua Garden North(7) 245

9 Yanziji Park(9) 248 Industrial and Commercial Bureau
of Yanziji(10) 266

10 Industrial and Commercial Bureau
of Yanziji(10) 262 Gaoli Auto Parts Company East(8) 285

The stations with strong or weak strength in the PBNs had a clear division in the distribution.
Areas where supermarkets, residential areas, schools, and subway stations were gathered were always
areas with high demand for public bicycles. The usage of public bicycles at a station was not only
related to the concentration of social and economic activities but also affected by the usage of bicycles
at stations nearby.

4.4. The Analysis of Radiation Distance

The actual distances between stations were calculated based on longitude and latitude of the
stations. The average radiation distance of the PBN of Gulou District was 1.59 km, which was
consistent with the original intention of “the first and last mile”. Because of the dense distribution
of public bicycle stations in Gulou District, it was easier to obtain public bicycle services in shorter
distances. Furthermore, 11.3% of the cycling distances were more than 3 km, 0.13% were more than
10 km, and the maximum distance was 17 km, which indicated that public bicycles were not only
used for short-distance travel but also for long-distance travel because of convenience, economy, and
exercise purposes.
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The average radiation distance of the PBN of Qixia District was 1.87 km, which was longer than
that of Gulou District. According to the records, 15% of the cycling distances were more than 3 km and
the proportion at Yanziji Park Station was even more than 30%. In fact, the area of Qixia District was
seven times that of Gulou District, and there were fewer stations in Qixia District, which led to more
long-distance cycling.

4.5. The Analysis of Community Structure

According to Louvain algorithm, the PBN of Gulou District was divided into five communities
numbered 1 to 5. As explained in network construction, the PBN of Gulou District also contained
stations in other districts that had bicycle renting and returning with stations in Gulou District. In order
to understand the relationship between public bicycle stations within Gulou District, we removed
stations in other districts, only leaving stations in Gulou District (see Figure 7).

 

Figure 7. The community distribution of the PBN of Gulou District.

Community 1 marked in orange was located in the southeast of Gulou District. This community
was around Xinjiekou Huaqiao Road area, which is an important business district in Gulou District
mentioned above and also an area with some strong strength stations. There were a few stations in this
community, and the stations were sparsely distributed. There were no stations with weak strength,
which indicated that Community 1 was an active one for the use of public bicycles.

Community 2 marked in red was located in the north of Gulou District. It contained the most
stations, which were sparsely distributed. More than 90% of these stations had weaker strength than
the average, which showed that Community 2 was mainly composed of stations with lower usage of
public bicycles. No. 5 Ningxia Road Station, Tianfeigong Primary School Station, and other stations
within the bottom ten stations in Table 3 belonged to this community.
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Community 3 marked in green was located in the southwest of Gulou District. There were a few
stations, and 70% of them had stronger strength than the average. This community contained many
key stations, forming an area with high demand for public bicycles.

Community 4 marked in blue was located in the west of Gulou District. There were many stations
and 65% of them had weaker strength than the average. The usage of public bicycles of Community 4
was only higher than that of Community 2.

Community 5 marked in purple was adjacent to Community 1, Community 3, and Community 4.
It contained the fewest stations, which were densely distributed. Qingliangmen Suguo Supermarket
Station, the station with maximum strength of the network, belonged to this community. Furthermore,
Lixue Primary School Station, Huayang Jiayuan North Gate Station, and Jinxin Garden North Gate
Station, which contributed the most to the strength of Qingliangmen Suguo Supermarket Station, also
belonged to this community. Community 5 was an active one for the use of public bicycles.

Consistent with the analysis of Figure 5, the inactive Community 2 and Community 4 were in the
north of Metro Line 4, while the active Community 1, Community 3, and Community 5 were in the
south. The significant difference in the geographical distribution of communities confirmed that the
stations with strong strength tended to cluster with stations with strong strength, and vice versa.

The PBN of Qixia District was divided into four communities (see Figure 8). Community 2 marked
in orange had the most use of public bicycles, and Gate 1 of Maigaoqiao Subway Station belonged to
this community. Community 4 marked in blue had the least use. Due to small population density, vast
geographical area, and sparse stations, the usage of public bicycles was significantly lower than that of
Gulou District. How to improve usage is an important issue for system operators.

 

Figure 8. The community distribution of the PBN of Qixia District.

5. Conclusion

Based on complex network theory and geographic visualization method, we constructed the
regional PBNs using Gephi software and analyzed degree, strength, radiation distance, and community
structure to understand the internal relationship of the PBSs, and we got the following conclusions:
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(1) We may understand the usage of Nanjing PBS through the analysis of degree distribution and
strength. The degree distribution followed the power-law distribution with the power exponents
between 1 to 2, and there were still many stations with low usage of public bicycles.

(2) We understand the usage of stations and their internal relationship through the analysis of
strength and community structure. Stations with strong or weak strength had a clear geographical
distribution, and the cycling flow at stations in different areas varied greatly. The areas with more
social and economic activities were also the areas with more use of public bicycles [7], which was
confirmed again by our regional study using complex network analysis. We also found that the
usage of public bicycles at some stations was not only related to land use but also related to the
usage of bicycles at stations nearby.

(3) We understand the role of public bicycles through the analysis of radiation distance and strength.
The average radiation distance of the PBS was consistent with the original design intention of
"the first and last mile", and cycling distance was greater in remote areas. The observed data
showed that public bicycles were not only served for short-distance travel but also long-distance
travel. Cycling between residential areas and subway stations, between residential areas and
supermarkets, was very common, and subway stations were important origin-destination stations
of public bicycles.

Changes in the structure of PBNs over time will be studied in the future.
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Abstract: The world population will reach 9.8 billion by 2050, with increased urbanization. Cycling is
one of the fastest developing sustainable transport solutions. With the spread of public bike sharing
(PBS) systems, it is very important to understand the differences between systems. This article focuses
on the clustering of different bike sharing systems around the world. The lack of a comprehensive
database about PBS systems in the world does not allow comparing or evaluating them. Therefore,
the first step was to gather data about existing systems. The existing systems could be categorized by
grouping criterions, and then typical models can be defined. Our assumption was that 90% of the
systems could be classified into four clusters. We used clustering techniques and statistical analysis
to create these clusters. However, our estimation proved to be too optimistic, therefore, we only used
four distinct clusters (public, private, mixed, other) and the results were acceptable. The analysis of
the different clusters and the identification of their common features is the next step of this line of
research; however, some general characteristics of the proposed clusters are described. The result is a
general method that could identify the type of a PBS system.

Keywords: public bike sharing; cluster analysis; categorization; data collection

1. Introduction

According to the UN forecast, the world population in mid-2017 was about 7.6 billion people,
and by 2050 it is predicted to reach 9.8 billion. Along with this, urbanization is expected to increase [1,2].
Cycling is one of the fastest developing sustainable transport solutions [3–6]. Modernized and urban
lifestyles have faded away physical activity of everyday life and this has resulted in a threat to
population health caused by sedentary lifestyles [7]. It is estimated that physical inactivity causes
21–25% of breast and colon cancer and even greater proportions are estimated for diabetes (27%) and
ischemic heart disease (30%) [8].

Public bike sharing (PBS) systems, also known as “Public-Use Bicycles”, “Bicycle Transit,”
“Bikesharing”, or “Smart Bikes,” can be defined as a short-term urban bicycle rental schemes that allow
bicycles to be picked up at any self-service bicycle station and returned to any other bicycle station,
consisting in point-to-point trips [9]. Basically, people use bicycles on an “as-needed” basis, without
the responsibility of the bicycle ownership [10]. Nowadays, different type of PBS systems start to
spread all around the world, which can be operated without the docking stations, hence called dockless
systems [11,12]. With the spread of public bike sharing systems, it is very important to understand the
differences between systems [10,13–16]. Without understanding the differences neither the impact of
these systems can be calculated, nor is high-quality decision support possible.

We developed a complete framework during a doctoral research for analyzing, comparing,
and categorizing public bike sharing systems, as such a comprehensive system is still missing from the
literature [17]. The first level of our framework is to collect data about existing systems and perform a
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cluster analysis. Then, a SWOT (strengths, weaknesses, opportunities, and threats) analysis for each
cluster is compiled based on the examined systems. The third step is to create a benchmark tool,
which supports the evaluation of systems. At the fourth level, impact analysis and impact assessment
are carried out [18–21].

The present article deals with the clustering of different bike sharing systems around the world
(i.e., it concerns the first level of our framework). The lack of a comprehensive database about PBS
systems in the world does not allow for a simple comparison or evaluation of the systems [22].
Furthermore, the original goal of the creation of a PBS system is quite often unclear [23]. Without
knowing the initial goal, the success of the system cannot be evaluated. A systematic literature review
and scientometric analysis was conducted by Si et al. [17] from most of the bike-sharing-related
articles between 2010 and 2018 from which it is clear that the researchers main focus was not on
business models.

Several articles analyze the value creation of a bike sharing system [10,24–26], although all of them
start from the assumption that there are several distinct business models for bike sharing. DeMaio [16]
introduced several examples of model provision in his article, but there was no clear definition of the
different models. Other articles [24,25,27–29] are using the business model canvas [30] approach or at
least some of its elements, but these are not provide an easy to use categorization.

Our initial idea was to apply an unsupervised machine learning algorithm to a dataset,
which should lead us to findings related to business models. This approach was applied in other
industries like the Spanish scientific journals [31] or electric mobility [32] successfully. The cluster
analysis methodology was not up to now applied in the field of PBS business models, but we collected
a large dataset, which can be used to this purpose.

The goal of the clustering process is to create groups (clusters of objects) of the dataset, in a way
that: (i) the objects in a given cluster are similar as much as possible; and (ii) the objects belonging
to different clusters are highly different [33].The cluster analysis usually applied in the domain of
spatial studies related to public bike sharing (e.g., [34–37]). In this field, the studies mostly focus on
the distribution of bikes or stations.

Our main assumption is that a large proportion (i.e., 90%) of the public bike sharing systems
around the world could be classified into one of the four clusters. These clusters are formulated based
on the type of the owner and the type of the operator. A SWOT analysis based on this categorization
could help PBS project promoters and owners to develop higher-quality systems. The clustering
methodology proposed by the authors contributes, among others, to reducing a large number of
primary data to several basic categories that can be treated as subjects for further analysis in the public
bike sharing domain.

2. Methodology

Our research followed the steps described in Figure 1.
The first step was data collection, which was followed by the initial dataset analysis. Then, the first

cluster analysis based on expert opinion was conducted. The statistical tests and regression analysis
were applied in order to select the parameters for the second cluster analysis. In the end, both internal
and external cluster validation techniques were applied. During the analysis of the results, we compared
three scenarios to each other, where different parameters were considered:

• The entire dataset (all collected 64 parameters),
• Selected parameters based on multinomial regression,
• Only operator and owner parameters.
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Figure 1. Flow-chart for the cluster analysis.

2.1. Data Collection, Database

The original idea was to collect 80 parameters on 125 systems around the world. The collection of
this data was based on open web databases and the webpages of the different bike sharing systems.
We assumed that the data of the bike sharing system website are up-to-date and accurate. Our starting
point was the collection of systems by Meddin [38]; this database contained 2124 active systems at the
beginning of 2019. We selected the 125 systems based on the following criteria:

• 50 systems from Europe, 50 systems from Asia, 5 systems from Australia and New Zealand,
and 20 systems from the Americas,

• 3/4 should be docked systems, while the remaining 1/4 is dockless.

After a 6-month-long collection period, we had to reduce the dataset to 64 systems and
64 parameters. We made the decision that to exclude the dockless systems (n = 31) from the
analysis and only focus on docked bike sharing. There were several systems (n = 30) where—despite
all efforts—we did not reach the minimum viable information. These systems were excluded from the
analysis so as to not distort the results. Out of the originally desired 80 parameters, we had to exclude
some due to the lack of available data. For example, we intended to gather information about the goals
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of the different systems, although it was not possible since very few system declare their initial goal,
as Ricci pointed out earlier [23].

The final database was grouped around the following main topics:

• Location of the systems (Continent, Country, City, etc.),
• Contextual data (climate, start year of operation, size of the city, size of the service area, population,

income, topology of the city, etc.),
• Data about the system (owner, operator, number of bikes, number of stations, etc.),
• Fare system (access fee, usage fee, deposit etc.),
• Data related to the system operations (when it is closed, how a bike can be hired, etc.),
• Derived data (bike density, station density, etc.).

2.2. Dataset Analysis

The first step was to visualize the dataset in a two-dimensional space. As the dataset itself contains
several parameters, a principal component analysis (PCA) algorithm was used to reduce the number
of dimensions. The algorithm presents the results in a scattered plot diagram, which gives us an easily
understandable visual representation of the dataset [33].

There are several methods to calculate the distance between each pair of observations. Gower
distance [39] is one of the few measures that are capable of handling both categorical and continuous
variables, therefore this method was used for our calculation. The dissimilarity between two variables
is the weighted mean of the contributions of each variable. This automatically implies that a particular
standardization process is applied to each variable.

The daisy function from the cluster package [40] is suitable for calculating Gower distances in R.
The result of computation of these distances is known as a dissimilarity matrix. The Gower distance
can be described with the following Equation (1).

di j =

∑p

k=1 ωk ∗ δ
(k)
i j
∗ d

(k)
i j

∑p

k=1 ωk ∗ δ
(k)
i j

(1)

where di j is a weighted mean, ωk is the weight, δ(k)
i j

is the 0–1 weight, which becomes zero when the
variable x[, k] is missing in either or both rows (i and j) or when the variable is asymmetric binary
and both values are zero and in all other situations it is 1, and d

(k)
i j
− kth variable contribution to the

total distance
We analyzed the entire dataset from the cluster tendency point of view. During the visual

assessment of clustering tendency (VAT approach), we used the following steps:

1. Compute the dissimilarity matrix for the data set using Gower distance.
2. Reorder the dissimilarity matrix so that similar objects get close to one another, which results in

an ordered dissimilarity matrix.
3. The ordered dissimilarity matrix is converted into an image for visual inspection.

The color level is proportional to the value of the dissimilarity between observations.
The observations in the same cluster are displayed in a consecutive order [41].

After the visual inspection, we also used the statistical method called Hopkins statistic to evaluate
clusterability. This method measures the probability if a dataset was generated by a uniform distribution,
so it tests the spatial randomness of the data. The calculations are the following:

• Get a random sample from the original real dataset.
• Compute a distance from each point to each nearest neighbor of the original real dataset.
• Generate a random dataset based on uniform distribution with the same variation as the original

real dataset.
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• Compute a distance from each point to each nearest neighbor of the random dataset.
• Calculate the Hopkins statistics (H) as the mean nearest neighbor distance in the random

dataset divided by the sum of the mean nearest neighbor distance in the original real and the
random dataset.

The formula of Hopkins statistics can be defined as below (2):

H =

∑n
i=1 yi

∑n
i=1 xi +

∑n
i=1 yi

(2)

where H is the Hopkins statistics, yi is the nearest neighbor distance in the random dataset, xi is the
nearest neighbor distance in the real dataset, and n is number of sample points in the dataset.

The null hypothesis is that the original real dataset is uniformly distributed (i.e., there are no
meaningful clusters). The alternative hypothesis is that the dataset is not uniformly distributed.
(i.e., there can be find meaningful clusters). If the Hopkins statistics is close to 1, we can reject the null
hypothesis and conclude that there is significant clusterability. A higher than 75% value indicates a
clusterability at the 90% confidence level.

2.3. Clustering Based on Expert Opinion

Our main hypothesis was that most of the PBS systems can be clustered based on the owner type
and the operator type. Therefore, during data collection, we used two owner categories: Public and
Private, while in the type of operator we created 4 categories: Advertising company, Private Company,
Service provider, and Public. Based on these types, we created 4 clusters, which can be seen in Table 1.
This categorization was based on the expert opinion of the two authors.

Table 1. Clustering logic based on the operator and the owner.

Cluster Number Owner Operator Comment

1 Public Advertising company

An advertising company provides services to a
public institution, the income for the

advertising company might not be realized
from the direct user fees, but from some

advertising spaces around the city

3 Public Service provider

A service provider operates a system on behalf
of the public institution, the income for these

service providers can be an
availability payment.

4 Public Public
A public institution operates the system or sets
up a public company for operation, the income

is directly from the user fees.

2 Private Private company
The owner of the system is the same private

company as the operator, the incomes are from
the user fees and from the advertisements.

2.4. Univariate Statistical Tests

In order to determine which of the 64 parameters should be included in a multivariate regression
model, some preselection is required [42]. As the dependent variables are both categorical and
continuous, while the independent variable is categorical, we had to use two types of statistical tests.
We used the SPSS statistical software for these tests.

We used the Pearson’s chi-square test to discover whether there is a relationship between
two categorical variables. As all the variables were measured at an ordinal or nominal level
(i.e., were categorical data) and both variables consist of at least two independent groups, the test was
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applicable. The null hypothesis was that Variable 1 (Cluster) is dependent from Variable 2 (all other
categorical variables) [43].

We used the one-way ANOVA test to determine if there is a statistical difference between the
means of independent groups and the population. The independent variable (cluster in our case)
divides the dataset into mutually exclusive groups. We used this test where the dependent variables
were continuous. The null hypothesis was that all group means are equal, while the alternative
hypothesis was that at least one of the group means is not equal to the others. As the one-way ANOVA
is an omnibus test, we do not know which of the groups are different [44].

We selected a higher significance level for both tests not to eliminate the possible candidates from
the multivariate regression analysis as it was suggested by Bursac et al. (2008). If the p-value was less
than our chosen significance level (α = 0.25), we rejected the null hypothesis, and concluded that there
is an association between our two variables, therefore we selected the dependent variable for further
tests [42].

2.5. Multinomial Regression

We used multinomial logistic regression to predict the nominal dependent variable (cluster of the
PBS system) based on the preselected independent variables (both categorical and continuous ones).
This also allows to have interaction between the independent variables to predict the dependent one.
We used the SPSS statistical software for this.

The applicability of this method is based on the following assumptions:

• The dependent variable is a nominal one and should be mutually exclusive.
• There are two or more independent nominal or continuous variables.
• There should be no multicollinearity.
• There need to be a relationship between any continuous independent variable and the logit

transformation of the dependent one.
• There should be no outliers.

We checked the entire dataset for the first 3 assumptions. The multicollinearity assumption was
continuously tested for each different model and the rest was automatically tested in SPSS. As the
software is not capable of running any automated model selection processes due to categorical variable,
we decided to use the backward method and computed each step manually. First, we eliminated those
independent parameters where we believed that the relationship to the dependent one would only be
statistical, but there is no real reason to be related (e.g., start of operation, country etc.). Then, we added
all remaining parameters to the model. We selected the variables with multicollinearity and eliminated
one of them based on the significance. We reduced the model until we got a statistically significant one.

2.6. Cluster Analysis for Selected Parameters

We used a clustering method for creating associated groups from the dataset. We used the same
method with different parameter sets. We decided to use a k-medoids algorithm, which belongs to the
k-means clustering approaches. The most commonly used method is the partitioning around medoids
(PAM) algorithm [45]. The PAM algorithm is based on the search of k representative medoids in the
dataset and then it clusters the remaining dataset around them. As it does not use the means of the
cluster, this method is less sensitive to outliers. The method consists of two phases: The build phase
and the swap phase. In the build phase, the first step is the selection of k medoids. The second step is
the calculation of the dissimilarity matrix, while the third step is the assignment of each observation
into the closest medoids (therefore cluster), based on the calculated distance. In the swap phase,
the fourth step is to check if swapping the current medoid of the cluster to any other object in the given
cluster is reducing the average dissimilarity. If this happens, the cluster medoid should be changed to
the new object and we must go back to the third step and start over again. If none of the medoids
change in the fourth step the procedure stops.
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We used the R software [46] and the factoextra package [47] to compute the clustering. We used
Gower distance to calculate the dissimilarity of the variables.

2.7. Internal Cluster Validation

In order to determine how good the clustering is, we applied internal cluster validation statistics,
which uses the internal information of each cluster without external data. All the different statistics
measure the compactness, the separation, and the connectedness of the different clusters [40,48].

• The average distance between clusters measures the separation of clusters; as the average distance
increases, so does the separation.

• The average distance within cluster objects measures the compactness of the clusters; as it decreases,
the compactness increases.

• The average silhouette width also measures the separation between clusters. Each silhouette width
coefficient is close to 1 if the object is in the right cluster, 0 means that the object is between clusters
and −1 means that the object is entirely in the wrong cluster. So, we want the average to be as
close to 1 as possible.

• The Pearson Gamma or normalized gamma coefficient shows the correlation between distances and a
01-vector where 0 means same cluster and 1 means different clusters.

• The Dunn index may be calculated in two ways, but in both cases, the Dunn index should be
maximized: In the first version, the minimum separation divided by the maximum diameter; in the
second way, the minimum average dissimilarity between two cluster divided by the maximum
average within cluster dissimilarity.

In addition to the statistical indexes, we can also use visual methods to explore the results of
clustering. The first possibility is to visualize the clusters with PCA in a two-dimensional space.
The other option is the silhouette plot, where the diagram shows the silhouette coefficient for each
object in an ordered way separated for each cluster.

2.8. External Cluster Validation

During the external cluster validation, we can compare two cluster validation techniques to each
other. As in this research we created an expert based categorization as well as the wider parameter-based
cluster using PAM method, we can compare the two categorizations to each other. The external cluster
validation parameters measure how the external cluster number is matched to the clustered one.

The Rand index [49] measures the similarity between two clusters; its range is from−1 (no common
value) to 1 (completely the same). The Variation Index described by Meila [50] is also a valuable tool to
measure the similarity of the two clusters.

3. Results and Discussion

The initial phase of our research was to collect the necessary data for our clustering analysis.
We shared all the data which collected for this purpose online [51].

We presented the results in three different scenarios below. In the first case, we always made the
assessment on the entire dataset. The second presented scenario is the one with the selected parameters
based on multinomial regression. The third case is when we only use the operator and the owner
parameters. We used Gower distance here as the measure of dissimilarity of the different objects.

We visualized the raw dataset in a two-dimensional space using PCA methodology (Figure 2).
The two axes have no specific meaning, they only provide an artificial scale for visualization purposes.
Although the scaling and the axes of the figures are not the same, it is viable for comparing the resulting
patterns to each other. The dataset with all parameters is less clusterable than the one with selected
parameters. In the last one, only four datapoints are visible, since the entire dataset is clustered into
these four points.
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Figure 2. Dataset visualized with principal component analysis (PCA) (a) based on all parameters;
(b) based on the selected parameters; (c) based on the operator and owner parameters.

The same conclusion can be drawn from the heatmap resulting from the VAT approach (see Figure 3)
as well as from the Hopkins statistics. The factoextra package [47] implements Halt = 1 −H as the
definition of H provided in the methodology section. Halt = 0.2661683 proved to be for all parameters
(scenario 1), while Halt = 0.1565344 for the selected parameters (scenario 2). We used the seed number
123 for the calculation of Hopkins statistics.

= 1 −

(a) (b) (c) 

= 0.25)
Figure 3. Visualization of the dissimilarity matrix (a) based on all parameters; (b) based on the selected
parameters; (c) based on the operator and owner parameters.

We used the SPSS for the preselection of the parameters for the multivariate regression. Table 2
contains those variables whose p-value is lower than the chosen significance level (α = 0.25) in the
Chi-square test.

Table 3 contains those variables whose p-value is lower than the chosen significance level (α = 0.25)
in the one-way ANOVA test. Parameter names can be found next to the dataset description in [51].

After seven iterations with the multinomial regression, the model with the following parameters
were selected:

• Factor: Int_PT_fare, Int_user_card, Wout_registration, Deposit_short, Mobile_station.
• Continuous: First_30, Agglo_coverage, Station_density, Long_aff, E_bike_density, Bikes.

We ran the cluster analysis in the R software using the PAM method for all three scenarios with
k = 4. As shown in Figure 4, the clustering is better with the selected parameters.
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Table 2. Results of the Chi-square tests.

Parameter Value Asymptotic Significance (2-Sided)

Owner 63.574 0.000
Operator 183.798 0.000

User_card_dock 15.654 0.001
Wout_registration 12.026 0.007

User_card_terminal 11.718 0.008
Int_user_card 11.156 0.011
Deposit_short 11.148 0.011

Continent 19.562 0.021
Credit_card_terminal 9.109 0.028

Mobile_station 8.045 0.045
App_bike 7.999 0.046
Country 126.487 0.051

Hour_closed 6.995 0.072
Diff_station 19.487 0.077
Code_dock 6.133 0.105

Code_terminal 6.106 0.107
Diff_renting_option 25.603 0.109

Deposit_long 6.050 0.109
Int_PT_Fare 5.415 0.144
Code_bike 4.287 0.232

Table 3. Results of the one-way ANOVA tests.

Parameter F Significance

Operation 13.773 0.000
Deposit_short_EUR 4.367 0.007

Service_area 3.877 0.013
Deposit_long_EUR 3.793 0.014

E_bikes_dens 3.686 0.016
Station 3.433 0.022
Bikes 3.365 0.024
Docks 3.141 0.031

City_size 2.337 0.082
Population 2.096 0.109
Long_att 1.884 0.142
Long_aff 1.818 0.154
First_30 1.776 0.160

Agglo_coverage 1.555 0.209
Station_density 1.449 0.237

   
(a) (b) (c) 

Figure 4. Clustered dataset visualized with PCA (a) based on all parameters; (b) based on the selected
parameters; (c) based on the operator and owner parameters.
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The results of the clustering can be described with the average silhouette width of each cluster
(Table 4) and the silhouette plots Figure 5). The average silhouette width increases to 1 in the absolutely
clustered scenario. The cluster based on the selected parameters has no negative data in cluster 1 and
2, which means a good clustering result.

Table 4. Cluster size and average silhouette width in three different scenarios.

Cluster Id.

Based on All Parameters Based on the Selected Parameters
Based on the Operator and

Owner Parameters

Cluster Size
Average

Silhouette Width
Cluster Size

Average
Silhouette Width

Cluster Size
Average

Silhouette Width

1 25 0.04 19 0.33 14 1
2 11 0.10 15 0.60 15 1
3 20 0.12 17 0.22 23 1
4 8 0.17 13 0.24 12 1

 

(a) (b) (c) 

Figure 5. Silhouette plot for clustering (a) based on all parameters; (b) based on the selected parameters;
(c) based on the operator and owner parameters.

The internal cluster validation statistics shows similar results (Table 5). Where it is appropriate,
the owner and operator scenario has the theoretical minimum or maximum values. There are some
exceptions e.g., the first Dunn index shows worse results for the selected parameter scenario than the
all-parameters one.

Table 5. Internal cluster validation statistics for the three different alternatives.

Based on All
Parameters

Based on the Selected
Parameters

Based on the Operator
and Owner Parameters

Number of observations 64 64 64
Average distance between clusters 0.2543182 0.330922 0.7448368

Average distance within cluster 0.2315138 0.1898745 0
Average silhouette width 0.01317239 0.356468 1

Pearson Gamma coefficient 0.1585032 0.4660481 0.8330978
Dunn index, first version 0.2005322 0.1838311 ∞

Dunn index, second version 0.8049529 1.323103 ∞

External cluster validation was based on the clustering related to the expert opinion. Therefore,
the last column of Table 6 is just for reference purposes; obviously, it has no meaning besides that the
statistical calculation is working.

Table 6. External cluster validation statistics for the three different alternatives.

Based on All Parameters
Based on the Selected

Parameters
Based on the Operator
and Owner Parameters

Corrected Rand index 0.07757761 0.4368271 1
Variation Index 2.22212 1.217804 4.440892 × 10−16
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The results of the clustering algorithm for the selected parameter can be seen in Figure 6.
There is a distinct cluster which is clearly different from the others, while the remaining three are
somewhat overlapping.

∞

∞

−

 

Figure 6. Clustering visualized with PCA based on the selected parameters.

We compared expert-based clustering with parameter-based clustering. Out of 64 systems,
42 clustered into the same cluster as the expert based method suggests and the remaining 22 (35%) were
misplaced by the clustering algorithm. Based on our results, we decided that these 22 systems should
be categorized as a fifth cluster, called Other. The clustering was correct for the systems, which were
owned by a private company: No system with such parameters was missing, and none was misplaced
to this cluster. The public systems showed similarly good results, as there were only 3 out of 12 that
were misplaced and even these 3 showed some similarity with the selected clusters (e.g., Bixi Montreal
is a public system, but has similarity with a commercial one, the two others were Chinese systems,
where the difference between a public or a private company is sometimes hard to spot).

Eleven systems were misplaced into the cluster where the operator is supposed to be an advertising
company, although all these systems are operated by a service provider. It was also true for the other
way around: Four systems out of five were misplaced into the cluster with a service provider as
operator, although they have an advertising company operator. This might indicate that the service
provider and the advertising company business model and those system characteristics are not as
distinct from each other as the purely public and purely private models.

If we only use three big clusters (purely public, purely private, and mixed), we end up only with
the miscategorization of 6 systems out of 64. The analysis of the different clusters and the identification
of their common features is the next step of this line of research, however some general characteristics
of the proposed four clusters can be described here as a starting point. The basis of these descriptions
is both the categorization described in Section 2.3 and the results of the clustering exercise:

• Cluster 1 (Public systems): Both the operator and owner of the system are public institutions.
The owner is usually a city or one of its companies. The operator can be the same organization
or a new one created for this specific purpose. The income is coming directly from the user
fees, but usually it requires subsidization. The goal of such a scheme usually is to provide an
alternative transport mode or educate the citizens rather than profit making. Typical example:
MVG Rad (Munich).
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• Cluster 2 (Private systems): Both the operator and owner of the system are private companies,
usually the same one. The income is coming from the user fees as well as advertisements.
The goal here is clearly profit making, therefore a more cost-efficient operation is envisaged.
Furthermore, some limitation related to the network or the users can be applied. Typical example:
NextBike Croatia.

• Cluster 3 (Mixed systems): The owner of the system is a public entity (usually a city or a transport
operator), while the operator is a private company. The goal of the owner is usually to provide
wider transport choices to citizens, while a private company is providing a service. There are two
distinct business models for the private company based on the main source of income. In both
cases, the user fees are collected for the owner, hence the financial risk from the usage is on the
owner side. In the first type, the service provider gets a service fee (availability payment) based
on a service level agreement. In the second type, the operator can use different advertising spaces
around the city to cover the expenses of the system operation. However, from the system point
of view, there are not enough distinct features of these two subtypes to cluster them separately.
Typical example: MOL-Bubi (Budapest-subtype 1); Velib (Paris-subtype 2).

• Cluster 4 (other systems): There are several systems that can be categorized by an unsupervised
algorithm to one of the above clusters based on the expert knowledge of the authors cannot fit
well with them. The reasons are usually hard to spot, but for instance, it can be that a public
company design a system with clear profit-making goals, or a private company acts similarly
towards a public entity. There are especially some outliers in the Chinese systems, due to the
specificities of the country political structure.

Additionally, there are some limitations with the current methodology. As it was stated above,
collecting all parameters from the different systems is a time-consuming process. Furthermore,
the current data become outdated very quickly as not only new systems emerge, but also the technology
changes. This research does not consider dockless schemes, although they have become more and more
popular in recent years [52]. At the same time, these systems are almost all profit-oriented, privately
funded systems, which can be easily put under the same, distinct category. The other problem with
this type of applied, data-driven approach is that an error in data collection can cause problems in
interpreting the results. This was one of the reasons that we chose a clustering method that is less
vulnerable to outliers.

4. Conclusions

In this study, we developed a method for categorizing public bike sharing systems, which consisted
of 8 steps:

1. Data collection,
2. Dataset analysis,
3. Cluster analysis I.,
4. Univariate statistical tests,
5. Multinomial regression,
6. Cluster analysis II.,
7. Internal cluster validation,
8. External cluster validation.

During data collection, we faced several problems, therefore only 64 parameters were collected
from 64 systems around the world [51]. The dataset analysis showed that the dataset is clusterable.
We selected the operator and owner type as initial parameters for expert based clustering, from which
we created four clusters.

We preselected 19 factor type and 15 continuous type parameters for multinomial regression, based
on the univariate statistical tests, out of which five factor parameters and six continuous parameters
were selected for the final model.
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We reran the PAM-approach-based clustering again with the selected parameters, which resulted
in better fit than in the case of all parameters. Forty-two systems were assigned to the correct clusters,
the remaining 22 were misplaced by the clustering algorithm. Our initial assumption was too optimistic,
as only 65% of the systems could be clustered with this method. Thirty-five percent fall into the “Other”
category. At the same time, if we only use three main clusters (public, private, and mixed), the error is
reduced to 6 systems out of 64.

This can be arguably a correct solution as the service provider and the advertising company
business model might not be separated. So, there are four proposed clusters: Public systems, private
systems, mixed systems, and other systems.

This article describes the basic characteristics of these clusters, however analyzing the
characteristics in details of the different clusters is the next step of this ongoing research. Additionally,
future research work will be devoted to overcoming some of the limitations of the presented
methodology. One of the main limitations is the data availability; if new, reliable data become
available (e.g., usage data, travel pattern, financial data), the current methodology can be expanded
to cover this. Another development path can be the inclusion of the dockless schemes to the current
analysis, which was neglected in this article due to the lack of reliable data.

This article can help for those who would like to apply the clustering methodology in a different
domain. At the same time, it can provide a basis for further research in the public bike sharing domain,
as the proposed methodology can be applied for a different set of PBS systems. A newly designed
system can be categorized based on the owner and operator, which can help to find similar systems
and identify problems and best practices in the earl stage. In other words, this paper can provide
significant added value for researchers and academics as well as policy makers and practitioners.
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Abstract: This paper focuses on the efficiency evaluation of bike-sharing systems (BSSs) and develops
an approach based on data envelopment analysis (DEA) to support the decisions regarding the
performance evaluation of BSS stations. The proposed methodology is applied and tested for the
Malmöbybike BSS in Malmö, Sweden. This was done by employing spatial analyses and data about
the BSS usage trends as well as taking into account transport, land use, and socioeconomic context
of the case study. The results of the application demonstrate consistency with the literature and
highlight meaningful associations between the station relative efficiency and the urban context. More
specifically, the paper provides in-depth knowledge about the preprocessing data, selection of input
and output variables, and the underlying analytical approach to be potentially applied to other
cases and urban contexts. Overall, the DEA-based methodology presented in this study could assist
decision-makers and planners with developing operational strategies for planning and management
of BSS stations and networks.

Keywords: BSS station efficiency; data envelopment analysis; spatial analysis in transport; bike-
sharing system; bike-sharing station

1. Introduction

A bike-sharing system (BSS) is considered an alternative to cars. It is a measure
designed to inspire modal shift from short car trips to cycling and intermodal. BSS primary
function, typically regarded as a last-mile solution for metropolitan areas, has motivated the
investments to provide such services in cities around the world [1,2]. Two main types of BSS
exist in cities today, the conventional BSS and the free-floating BSS. The conventional BSS
requires the passengers to borrow and return the bicycle from/to fixed stations. Compared
to the conventional BSS, free-floating BSS has been recently introduced and it does not
have fixed stations for picking up and dropping off bicycles; users are allowed to park the
bikes potentially “everywhere” (or within areas with geo-fenced boundaries) as close as
possible to their destinations [3]. Both BSS types enable the possibility for the passengers
to cycle in a city without owning a bike. This study focuses on conventional BSS.

The first bicycle-sharing scheme was introduced in Amsterdam, the Netherlands in
1965 and it was followed by a station-based BSS implemented in Denmark in 1991 [4]. The
first Swedish BSS was a pilot project introduced in Gothenburg in 2005 which operated
exclusively in the northern part of the city. The project led to the development of the
current BSS in Gothenburg, Styr and Ställ, which was launched in 2010 with 300 bicycles
distributed in 20 stations (operating between April and October) [5] and expanded in
2020 to provide 1750 bicycles in 135 stations available throughout the year [6]. Similar
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systems have also been implemented in other major Swedish cities including Stockholm
and Malmö. In 2019, Linköping, the fourth largest city in Sweden, launched the LinBike
program as the first Swedish BSS with e-bikes (100 bikes and 17 charging stations). The
system, instead of fixed stations, employs recent BSS technologies such as geofencing to
define GPS-based virtual zones where users can access or leave the rental bikes [7]. In
recent years, in addition to the rapid emergence of these systems in the larger Swedish
cities, there has been a growing interest in the development of regional BSSs that could
provide viable bike-sharing services across several smaller cities [8].

As a measure to reduce car use and emissions, BSSs offer a set of advantages which
explains their widespread adoption by many cities around the world [9,10]. They provide
improved accessibility to cycling thus could increase cycling mode share in general [10];
BSSs are a possible last/first-mile mode for connecting to public transport services or
can be used as single-mode for shorter journeys. In terms of costs, using rental bikes is
often cheaper than renting a car and it is not necessarily more expensive than buying a
ticket for public transport for the equivalent travel distance in an urban area. Overall, BSS
is considered an affordable, convenient, sustainable, and healthy transport alternative,
hence gaining the attention of the cities committed to social, economic, and environmental
sustainability [11]. It is worth noting that BSS popularity has not declined due to the
recent COVID-19 pandemic but rather has grown considering the reported increase in
trip duration and distance compared to the nonpandemic time [12,13], which strengths its
potential for future mobility.

Despite the wide-ranging possible benefits and the global popularity of BSSs, there have
been cases of financial or operational failures that were mostly caused by mismanagement
or under-designed implementations of these systems [14]. Due to inflexible standardized
business models or lack of strategies tailored to the local context, such systems typically face
issues such as underuse, misplaced bicycles, vandalism and theft, unusable or dysfunctional
devices, impractical or unreliable service, sluggish expansion, and lack of adequate cycling
infrastructure [15,16]. Previous studies in a Swedish context suggest that the pressure to
deliver a commercially viable and profitable service presents challenges to the success of
BSSs as it may result in creating sociotechnical configurations that fall short in delivering
long-term sustainability benefits [14]. Other studies highlight public acceptance as another
relevant factor for the success of BSSs in both Swedish [5] and global contexts [16]. Nikitas [16]
maintains that while BSSs are often widely appreciated by users and nonusers, without
long-term support and investment from the local authorities such public acceptance may not
translate into an actual usage hence failing in achieving sustainability goals.

In general, it is challenging to provide effective BSS in cities since a range of behavioral
aspects, as well as technical and organizational factors, can impact the usage of a bike-
sharing system. From the BSS planning perspective, station location, the membership, the
accessibility of the stations, the number of bikes and racks in each station, the redistribution
of bikes during the rush hours, the technology used for building and operation of the
system, as well as the attractiveness of the service are considered significant for an effective
BSS [4,15,17–19]. In terms of land use, similarly to other travel modes, activity patterns
and urban form influence BSS users’ travel behaviors. Previous research suggests that
population density, job density, as well as cycling infrastructure are all crucial for passengers’
choice of traveling by shared bicycles [15,20].

Even though the knowledge about the factors associated with the usage of the BSSs
has been fairly studied within the research on shared-bike systems, the topic of station
efficiency and its determinant factors has been understudied and under-analyzed [21].
Similarly, in transport practice, typical bike-sharing strategies do not involve scientifically
backed and evidence-based measures of station efficiency. In the absence of a station
efficiency analysis, it is difficult to identify and eliminate the bottlenecks in a BSS effectively.
This was while BSSs have been increasingly planned and implemented to meet mobility
needs in an environmentally sustainable way, hence a growing relevance and importance
of dealing with the efficiency analysis of shared-bicycle stations.

204



Sustainability 2021, 13, 881

The objective of this study is to propose and test a method to evaluate the relative
efficiency of each shared-bicycle station within a given system and identify its determinants
to establish an operational strategy for public BSSs. The proposed method will not only
evaluate the efficiency of shared-bicycle stations but also consider the influence of the
external variables, thereby contributing to the literature as a methodology for analyzing
the efficient operation of BSS stations and the management of the shared-bicycle systems.

The method is proposed and tested through carrying out an analysis of the comparative
efficiency of bike-sharing stations, putting forward a general methodology to apply potentially
to any context and proposing a numerical application for the city of Malmö, Sweden. The
efficiency measures are calculated by a nonparametric approach known as data envelopment
analysis (DEA), showing its particular applicability to BSSs. The evaluation result is expected
to help in reallocating the existing resources and assist policymakers when deciding where to
allocate new stations (planning stages). In this way, it is possible to discover those stations
that work better, that are more efficient according to the considered parameters, and optimize
the system with low costs, i.e., reallocating racks where they are more needed (moving them
from less used to more used stations, for instance).

The paper is structured as follows. Section 2 provides the introduction of the proposed
DEA methodology from a general perspective, specifying the variables that, according
to literature and planning guides, mostly characterize BSSs. Section 3 details the study
material and method for the application of DEA to the BSS in Malmö, Sweden, including
the detailed description of the explanatory analysis on the dataset to identify a subselection
of significant variables. Section 4 presents and discusses the obtained results in Malmö.
Section 5 concludes the paper with final remarks and reflections on the proposed approach
and its implications.

2. Proposed Methodology

The methodology presented in this section allows at first to define the input and
output variables that mostly characterize BSS stations. More specifically, inputs refer to
BSS station, built environment, and population-related variables; outputs refer to station
usage trends and are based on the trips done by using the system. Data related to BSS
usage has to be cleaned and prepared before applying DEA (i.e., removing anomalies that
can indicate temporary malfunctioning of the system of broken bicycles/stations) and be
able to calculate the efficiency of each station.

Furthermore, to obtain a sufficient differentiation between the efficiency scores and
remove from the analysis any potential outliers among the pool of BSS stations (DEA is
sensitive to outliers), we propose to use Robust CoPlot (more details in Section 3.4). Robust
CoPlot allows choosing inputs, outputs, and stations more significant for the studied
context, considering the available data.

After this preliminary data preparation, DEA can be applied to determine the different
degrees of efficiency associated with each BSS station. In the following subsections, we
provide a more detailed description of the DEA methodology and the inputs/outputs that
we suggest to include in the analysis. The data cleaning, elaboration and variable selection
are more extensively described when presenting the case study (Section 3).

2.1. Data Envelopment Analysis (DEA)

Mathematically, DEA is a linear programming-based model for evaluating the relative
efficiency of a set of decision making units (DMUs) which are homogeneous in the sense
that they use the same types of resources (inputs) to produce the same kinds of goods or
services (outputs) [22]. DEA evaluates the efficiency of each DMU relative to an estimated
production possibility frontier determined by all DMUs. It has been used in several contexts
(including education systems, health care units, agricultural production, military logistics,
etc.); however, when analyzing the areas approached thus far, energy and transportation
have the highest number of applied studies [23].
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The application of the method in the transport sector is widespread, especially in
the evaluation of airports, ports, railways, and urban transport companies [24,25]. In this
paper, we suggest applying DEA to evaluate the relative efficiency of bike-sharing stations:
hence, each DMU, in this case, corresponds with a bike-sharing station of a selected system.

To our knowledge, only two recent studies present an application of DEA in the bike-
sharing research. The first one, from Hong et al. [21], is applied to a station-based BSS, but it
does not include any external variable in the first stage of the model. The second one, from
Chang and Wei [26], uses DEA to evaluate and determine the optimal bike-sharing parking
points for free-floating bicycles. We believe that the application of DEA to shared systems,
although unconventional, is an interesting line of upcoming research that is worthy of
further investigations.

DEA does not require any functional relationship between inputs and outputs, al-
though it is important to provide their accurate measurements to apply it successfully.
This means that only those variables that could appropriately capture the nuances in the
efficiency of the DMUs have to be selected as inputs and outputs.

Since the DEA model employed in this paper relies on the standard input-oriented
CCR model [22], the DMUs that, at the result of the application, obtain efficiency values
equal to 1 are considered efficient. On the other end, efficiency scores less than 1 denote
some inefficiencies of the considered DMU.

Note that to obtain sufficient differentiation between the efficiency scores, the number
DMUs should not be too small when compared to the total number of inputs and outputs.
In the literature, there is no theoretical treatment that gives a unique suggestion on this
issue, but there are different rules of thumb. In this paper, we follow the recommendation
by Dyson et al. [27], keeping the number of DMUs greater than or equal to twice the
product between the number of inputs and that of outputs.

2.2. List of Inputs to Include in the Model

Input variables for DEA represent the aspects that impact the usage of the BSS and
travel behavior in general and may explain the differences in the performance of the stations.
To include such aspects in the DEA model, they need to be quantified and recorded as a
set of variables. Nevertheless, other relevant qualitative parameters, such as weather and
seasonal conditions, that may influence the use of BSS network as a whole, could play an
important role in the step of interpreting the result.

In this study, a set of input variables were identified based on the review of literature
on the usage of the BSS and travel behavior. In particular, the research by Ewing and
Cervero [28] and the review study carried out by Eren and Uz [18] were used as key literature
for establishing the list of the input variables which are described in Table 1 below.

Table 1. Suggested input variables for measuring the efficiency of the bike-sharing system (BSS) stations using DEA.

Input Variables Rationality and Description of the Variables

BSS Station Related Variables

Station age
The variable is relevant for more complex/old systems, particularly if the system has been

developed during several stages and groups of stations have been added at different points in
time. It can be measured according to the age context of the stations.

Visibility of stations

Visibility of the stations should consider if they are placed next to public transport, or in green
areas (i.e., partially hidden by trees/bushes), or in a well-lit environment [29–31]. It can be

measured taking into account the involved elements, i.e., by assessing the distance to the bus
stops/metro stations, and/or the area of the bushes around the stations, etc.

Density of BSS station The proximity of BSS stations to each other contribute to the increasing demand for BSS services
[32,33]. Different buffers have been suggested for effective BSSs in various contexts [18].
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Table 1. Cont.

Input Variables Rationality and Description of the Variables

BSS Station Related Variables

Built environment variables

Bicycle infrastructure

Increasing the usage of bicycles requires good bicycle infrastructure [34]. The proximity of BSS
stations to the cycling infrastructure impacts the motivation of cycling [35].

This variable can be measured computing the total length of bike lanes within the catchment
area of each station, possibly weighted by the type of the bike lanes (e.g., separated paths

versus paths shared with traffic).

Street connectivity

Street connectivity reflects the level of infrastructure and traffic safety in the network
surrounding a BSS station [36,37]. The variable can be applied or not according to the context, it
can be measured calculating the number of intersections and the density of the road network in

the area.

Public transport (PT) impact
factors

BSS likely promotes the mode share of public transport by serving as a feeder mode for PT
[38,39], and vice versa, the provision of the PT service can impact the usage of BSS.

Three dimensions related to the public transport can be measured: (1) distance to the PT
stations (i.e., bus stops, railways stations); (2) level of provision, which can be measured by the

number of stops and stations, number of bus lines, ride frequency; (3) price scheme and
approach for accessing to PT and BSS services, e.g., using a smart card for accessing to both

services with a fair price is likely to increase the usage of BSS service [28,36,40,41].

Land Use
Land use impacts the demand for trips and affects the choice of travel modes. Residential areas,
public and commercial areas, green areas in the city and outskirt, and mixed level of land use

are the main parameters for measuring the impact of land use [28,41].

Slope (morphology of the
territory)

Slope is one of the main barriers for motivating cyclists to cycle and it strongly affects bicycle
usage [18]. It can be measured by assessing the level of slope in specific streets, and the portion

of the streets with a certain slope within the city and catchment area [42]. It should be
included/considered as a parameter in the general model formulation especially for those cities

that have hilly topographies.
Population related variables

Population size
Population size in the catchment area is an important factor that influences the usage of the BSS

service [43]. It can be measured by calculating the number of individuals residing in the
catchment area.

Sociodemographic
Age, gender, education, income, employment, ownership of transit mode are the individual
factors that most impact the travel behavior [18,41,43]; therefore, these are the parameters

within the catchment area suggested to be measured.

2.3. List of Outputs to Include in the Model

The outputs are needed in the model to analyze the performance of BSS stations and
calculate generation/attraction factors connected to (the usage of) each station. We propose
the following three classes of indicators (five outputs in total), all able to appropriately
capture the nuances in the efficiency of bike-sharing stations.

The usage trend of each BSS station shows a cyclical trend, i.e., a pattern that repeats
itself after a certain time interval ∆t. Here, we suggest calculating the output indicators as
daily averages (∆t = 24 h). Note that the output values have to be normalized according to
the number of racks of the largest BSS station in the analyzed system, meaning that each
station score is adjusted for the number of racks available at that station (this is the reason
why we did not include them among the inputs of the model).

• Station daily amplitude: The station daily amplitude is a way to express the daily vari-
ation of the number of bicycles in each station. A higher value (higher amplitude)
corresponds to a station that is more regularly used throughout the day. We suggest
calculating the amplitude of each station using the fast Fourier transform [44]. Fast
Fourier transforms are mathematical calculations that convert a domain waveform
(amplitude versus time) into a series of discrete waves in the frequency domain. The
daily amplitude for each station can be calculated starting from the bicycle varia-
tions (usage trends) in ∆T, obtaining their frequency domain using the fast Fourier
transform, and assessing the (daily) amplitude value for frequency (cycles/day) = 1.
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• Station prevalence: This indicator is a proxy for the share of bicycle trips that start
(departure prevalence) or end (arrival prevalence) in each station. Given n BSS stations
in the system, we count the number of trips starting in each stations si (picked-up
bicycles) during ∆t. Then, the stations are ordered from the one that originates more
trips (assigning it a score equal to n) to the one that originates less trips (score = 1).
The scores are assigned progressively, i.e., the second one in the list has n-1, the third
one n-2, and so forth. This process is repeated for every day ∆t in the timeframe ∆T of
the analysis (since every station may show a different behavior according to ∆t), and
the daily scores assigned to each station si are summed. From these final scores, an
average daily value is calculated, dividing the total score assigned to each station for
the days ∆t included in ∆T. This is the station prevalence calculated for the departures
from each station (departure prevalence); the same reasoning can be applied looking
at the arrivals (i.e., repeating the calculations for the number of bicycles dropped off
in each station during ∆t and then obtaining the average arrival prevalence in ∆T).

• Station attractiveness: attractiveness is understood as a way to assess how appealing the
station is for BSS users compared to the other stations in the network. More specifically,
we propose to distinguish an active attractiveness from a passive one, considering the
trips that connect each BSS station with the other stations in the network. The unit
of these indicators is km/day, associated with each station. To calculate the active
station attractiveness, we compute how many trips start in the origin station si in ∆T,
and we multiply each trip for the kilometers (real network distance, shortest path)
necessary to reach the destination station. Then, this value is divided according to
how many days are included in ∆T, to obtain an average daily value (km/day). The
same (opposite) reasoning is applied to calculate the passive station attractiveness,
i.e., how many trips have their destination in si in ∆T, computing again an average
daily value (km/day). Note that round trips (that is, those trips having both origin
and destination in si) should not be included in the calculations.

3. Case Study: Malmöbybike

3.1. Context Description and Related Variables

Malmö, with more than 344,000 inhabitants [45], is the third-largest urban area in
Sweden. The central-northern part (city center) has the highest population concentration,
while smaller urban agglomerations exist in the southwest and eastern parts (Figure 1). As
illustrated in Figure 2, the public transportation network follows a similar configuration
and is concentrated in areas with higher population density. The cycling infrastructure
(Figure 3) includes a bike path network with 520 km of completely separated (from motor
vehicle traffic) bike paths and prioritized bike paths shared with other road users [46]. In
2016, Malmöbybike (i.e., the Malmö BSS) started operating with 50 stations in the central
areas of the city; during 2019, the network expanded to a total of 100 stations. The recent
travel survey conducted in 2018 indicates that the modal share of cycling and public
transport in Malmö are, respectively, 25.5% and 25.4% [47].

The spatial data about the population statistics and the built environment char-
acteristics in Malmö were extracted from multiple sources including Statistics Sweden
(SCB) [45], Lantmäteriet (Swedish mapping, cadastral and land registration authority) [48]
and Trafikverket (Swedish Transport Administration) [49]. The population size data were
in a grid format of 100 × 100 m; while other socioeconomic data (such as employment
status, education level, income level, etc.) were available with two different cell sizes
(250 × 250 m for urban areas and 1000 × 1000 m for suburban areas). Land use data avail-
able by Lantmäteriet were employed to map three types of land use namely residential,
public and commercial, green areas. Moreover, the transport-related geodata captures the
existing cycling infrastructure as well as the public transport network including bus stops
and train stations [50].
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Figure 1. Population distribution in Malmö (number of inhabitants per 100 × 100 m).

 

Figure 2. Map of land use and public transport network in Malmö.
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Figure 3. Map of the cycling infrastructure in Malmö.

3.2. BSS Data Description and Preparation

The available dataset on Malmöbybike (January 2018–July 2020) was provided by
Clear Channel [51]. It covers all the OD trips in the system during this timeframe, and it
makes it possible to have detailed information about the usage of the system, allowing
different analyses and data aggregations.

For this application, we selected one-month data, ∆T = June 2020, i.e., the month that
has registered the largest number of movements (64,763 trips) in the available dataset. At
that date, 100 BSS stations were built and operating in the network. According to Weather
spark [52], the average daylight time in June is 17.5 h, with an average temperature of
28 ◦C; the summer vacation in Sweden usually starts from the last week of June. This
background offers an attractive condition for having outdoor activities. Regarding the
restriction related to the COVID-19 pandemic, in June 2020 Sweden has restricted the social
gathering in restaurants and public spaces (that should not exceed 50 people) and advised
everyone to keep social distance in outdoor activities.

Out of the 100 stations, five of them (namely, stations no. 21, 61, 62, 69, and 79) have
not been used at all during June; hence, they were removed from the dataset. As far
as concerns those stations that have been partially used during the month (i.e., due to
malfunctioning in some days), they were excluded only if they had not been used for more
than 50% of the observation time (station no. 41 was removed in this stage). The reason is
that we were performing a monthly (∆T) efficiency analysis, determining which stations
have been more efficient in the considered period; minor malfunctioning of the stations
should be part of the calculations.

An additional data cleaning was performed concerning those bikes that have been
used longer than 1 h (i.e., picked up, and not dropped off by 60 min). According to the
Malmöbybike terms of use [53], a bike should be used for a maximum of 60 min at a time,
and in the case that a bike is not returned within an hour the user would be charged a fine.
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Therefore, it is assumed that the trips longer than 60 min are due to bikes that are broken
or not functioning correctly. The result of data cleaning was a dataset with 94 stations and
63,338 OD-trips.

Considering the previous research [54] as well as the contextual conditions in Malmö
(e.g., the urban area size, the MalmöbyBike coverage area), a radius R = 300 m was
considered acceptable to define the catchment area (buffer) around each BSS station.

The selected input and output variables are explained and listed in the following
Section 3.3.

3.3. Specification of Inputs and Outputs

Based on the input variables suggested in Section 2.2, we used publicly available statis-
tical data to calculate the following list of input variables to apply DEA to the Malmöbybike
BSS (Table 2). Note that all the numbers in the input final table are non-negative; the zero
values were eliminated by adding a small positive constant, to meet the “positivity” re-
quirement of DEA [55].

Table 2. Description of input categories and variables notations for the DEA applied to Malmöbybike bike-sharing system.

Input Variables Description of the Variables DEA Notation

BSS Station Related Variables

Density of BSS stations Number of the BSS stations within 1 km
radius from each BSS station I1 Density of BSS stations (within 1 km)

Built environmental variables (within the catchment area)

Land use

The area of each land use category. Three
types of land use are calculated:

residential; public and commercial; green
areas [48].

I2 Green areas (km2)
I3 Residential (km2)

I4 Public + Commercial (km2)

Bicycle infrastructure

The total length of bike lanes. We
computed separated bike lanes and

shared bike lanes. Separated bike lanes
refer to the designated road space clearly

defined by signs and regulations that
space should be only used for cycling;
shared bike lanes are the road spaces

shared with pedestrian or cars but
recommended for cycling in the interest

of creating a more continuous cycling
network across the city [49].

I5 Separated bike lanes (m)
I6 Shared bike lanes (m)

Public transport impact factors

The number of tracks/bus lines passing
by each station/bus stop, to have a proxy
of the actual connectivity granted by the

public transport system [56].

I7 Number of tracks
I8 Number of bus lines

Population related variables (within the catchment area)

Population size

The average number of residents. Since
each catchment area is delimited by a

circle, and the population is available in a
grid format, we calculated the portion of

the area of each element of the grid
(square) falling within the circle, and the

corresponding share of population
assuming a uniform population density
in each element of the grid. Provided in

grid format (2018), 100 × 100 m [57].

I9 Population size

Age
Population aged 16–64, in grid format
(2018), 250 × 250 m urban area, 1000 ×

1000 m in suburban areas [57].
I10 Population aged 16–64
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Table 2. Cont.

Input Variables Description of the Variables DEA Notation

BSS Station Related Variables

Employment
For the population aged 20–64 (only

2017), two categories of employment are
measured: Employed, Unemployed [58].

I11 Unemployed
I12 Employed

Household disposable income (2018)

Household disposable income (2018) is
measured in four levels: low,

medium-low, medium-high, high. The
indicator is adjusted considering the
consumption units in a household
meaning it accounts for different

household compositions [59].

I13 Income: low
I14 Income: medium-low
I15 Income medium-high

I16 Income: high

Education

For the population aged 25–64 (2018),
four levels of education are measured:

Compulsory education, Upper secondary,
Post-secondary, less than 3 years and

Post-secondary, 3 years or longer,
including graduate and postgraduate

education [58].

I17 Education: level 1
I18 Education: level 2
I19 Education: level 3
I20 Education: level 4

Although the station age was listed among the suggested input variables (Section 2.2),
we did not include this variable for the case study of Malmöbybike. The decision was
made since the system is fairly recent, and it has been mainly built in two steps (50 stations
in 2016 and 50 more stations in 2019). As previously explained, since DEA provides a
relative efficiency of each station, it is important to provide indicators able to capture in
a nuanced way the differences among stations from a certain perspective. The (50 + 50)
BSS stations have not been opened simultaneously, but gradually over the year(s). Since
the information about the exact days/weeks/months of operation of each station is not
available and the Station age input would have had only two values (the two known years:
2016 and 2019), it was not added to the model.

In the following Table 3, some descriptive statistics (mean, median, minimum, maxi-
mum, standard deviation) of the input variables used in this analysis are provided.

Table 3. Descriptive statistics of input variables for the DEA applied to Malmöbybike bike-sharing system (94 DMUs,
20 inputs).

I1 I2 I3 I4 I5 I6 I7 I8 I9 I10

Mean 12.07 0.04 34,054.29 29,626.77 1880.77 371.21 0.65 5.88 2610.06 1701.69
Median 11.00 0.03 31,174.89 21,718.77 1827.97 261.96 0.00 2.00 2480.00 1634.00
Std. dev. 7.31 0.04 23,024.89 26,015.10 861.93 394.64 2.12 8.19 1853.44 1226.74

Minimum 1.00 0.0001 1.00 42.47 1.00 1.00 0.0001 0.0001 1.00 30.00
Maximum 26.00 0.24 87,317.85 110,052.80 4468.33 1911.09 10.00 50.00 7292.00 5230.00

I11 I12 I13 I14 I15 I16 I17 I18 I19 I20
Mean 566.44 1155.98 424.91 286.49 266.84 243.72 170.39 454.59 279.72 593.02

Median 533.50 1000.00 406.50 262.00 197.50 163.50 113.00 452.50 240.00 419.50
Std. dev. 429.96 862.35 329.60 215.67 216.59 207.98 164.89 307.23 209.39 505.34

Minimum 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
Maximum 1650.00 3451.00 1232.00 943.00 902.00 936.00 851.00 1108.00 845.00 1891.00

Regarding the output calculation, notation and descriptive statistics are summarized
in the following Table 4.
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Table 4. Variable notations and descriptive statistics of output variables for the DEA applied to Malmöbybike bike-sharing
system. (94 DMUs, five outputs).

Output Variables DEA Notation Mean Median Std. Dev. Minimum Maximum

Station daily amplitude O1 2.01 1.54 1.57 0.12 6.70
Station arrival prevalence O2 54.07 55.08 24.99 11.77 86.23

Station departure prevalence O3 54.06 55.85 25.07 10.03 88.07
Station passive attractiveness O4 45.82 36.19 30.05 5.85 122.65
Station active attractiveness O5 45.82 38.06 29.34 6.40 122.24

If the calculation of station prevalence (O2 and O3) and attractiveness (O4 and O5)
is straightforward following the description of Section 2.3, we provided a more detailed
explanation for the assessment of the station daily amplitude O1 using the fast Fourier
transform.

Using the Clear Channel database [51] for the Malmöbybike BSS, it was possible to
obtain the usage trend of each station in ∆T (June 2020). We did not have any information
about bicycle relocations among stations performed by the operator; hence, we made an
assumption looking at the available data, which indicates origin and destination of each
bike-sharing trip in the network. If the bicycle bk is in the station si at a certain time h1, but
the previously registered trip (ended at h2) in the system does not have si as the destination
station, we assumed that relocation happened in the time interval h1-h2, more specifically
at the midpoint h3 (so that the time interval h2-h3 has the same length of h3-h1).

After obtaining the final usage trends (i.e., the bicycle variations) in ∆T taking into
account relocations as just described, the fast Fourier transform was applied to convert
the time domain waveforms to the frequency domain. The value of each station daily
amplitude is the one corresponding to frequency (cycles/day) = 1 (Figure 6).

The following Figures 4–6 show a practical example for two bike-sharing stations in
the system.

ΔT. 

Figure 4. Normalized time-domain (according to the number of racks of the largest BSS station) waveforms for the bike-
sharing stations 1 and 15 of the Malmöbybike system on the 9th of June 2020. The daily usage trends (with bicycle variations)
can be visualized in blue.
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ΔT. 
Figure 5. Time-domain waveforms (in blue) for the bike-sharing station 1 of the Malmöbybike system over 10 days included
in the analyzed time interval ∆T. A cyclical (daily) periodical behavior can be detected (in red).

ing ΔT. Some of them (39.4% of the BSS stations) sho

(daily) periodic behavior (Δt = 24 

temporal unit that can be detected in the system corresponds to Δt

–
–

–

σ

Figure 6. Frequency domain for the bike-sharing stations 1 and 15 of the Malmöbybike system. The station daily amplitude
is the one corresponding to frequency (cycles/day) = 1.

Transforming the temporal domain (trend over time of the number of bikes in each
station) into the frequency domain allows finding signal periodicity that otherwise would
not be easy to identify. Figure 6 highlights a series of peaks representing the different am-
plitudes of the periodicities identified using the fast Fourier transform. Larger amplitudes
show the prevailing periodicities.

We chose to visualize the stations 1 and 15 (in Figures 4 and 6) since they are represen-
tatives of the different behaviors that the stations in the Malmöbybike system had during
∆T. Some of them (39.4% of the BSS stations) show a peak corresponding to frequency (cy-
cles/day) = 1 (such as the one shown in Figure 6, Station 1): this means that a typical (daily)
periodic behavior (∆t = 24 h) was detected for these stations (look at the corresponding
time domain, Figure 4, station 1; Figure 5, over 10 days of observations).

The other stations (look at the representative trend of Station 15, Figure 6) show a
smaller amplitude corresponding to frequency (cycles/day) = 1, and peak(s) at lower
frequencies (i.e., with cycles longer than 24 h).
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The highest frequency peak that was found in the entire database for all the BSS
stations is the one corresponding to frequency (cycles/day) = 1, that is, the smallest cyclical
temporal unit that can be detected in the system corresponds to ∆t.

3.4. Inputs, Outputs, and Station Selection

Since DEA is sensitive to outliers [60] and CoPlot has been often used as a supplemen-
tal tool to cluster analysis, DEA and outlier detection methods in the literature [61–63], we
decided to suggest its application to the proposed analysis [64–66]. Additionally, this anal-
ysis allows reducing the number of variables/DMUs to obtain a sufficient differentiation
between the efficiency scores, while following the rule of Dyson et al. [27].

We propose to use Robust CoPlot, an adaptation of multidimensional scaling (MDS)
that facilitates rich interpretation of multivariate data [67]; it has the capacity to work better
than CoPlot with datasets containing outliers since it is not affected by their presence.

Both CoPlot and Robust CoPlot are able to reduce multidimensional data into a two-
dimensional structure, by superimposing two graphs [68–70], simultaneously evaluating
associations between variables and between observations. The first map uses a nonmetric
version of MDS to spatially represent the distances between observations (in our case, the
observations are the DMUs, that is, the bike-sharing stations in Malmöbybike): similar
observations are located close to one another, and the goodness-of-fit of this representation
is summarized by a single parameter, the Kruskal stress value, σ [71]. The second map,
which is conditional on the first, generates vectors that display the relationships among
the variables (which, in our case, are inputs and outputs, Section 3.3). Each variable has its
vector: if two variables are highly correlated, the vectors describing them are close together,
and if their correlation is negative, the vectors describing them go in opposite directions.
In this case, we have a goodness-of-fit for each variable, which expresses the goodness of
the regression with respect to the observations, and is visualized by the length (magnitude)
of the vector (for more details, see [62,67]).

The procedure to identify correlated variables and outliers consists of repeating the
Robust Co-Plot several times, removing, before each repetition, respectively, some variables
correlated to each other and outliers. DMUs identified by a specific input/output variable
are positioned in the same direction of that input/output vector. Correlated variables
are represented by vectors having the same directions in space, while DMUs outliers are
represented by points positioned far from the center of gravity (the point where the vectors
diverge) compared to the other points of the chart.

Figure 7 shows, for example, the Robust CoPlot obtained for the 20 inputs and five
outputs described in Section 3.3 in the first repetition.

The DMUs (bike-sharing stations) are graphically represented by red dots: as ex-
plained above, similarities between the stations in the dataset are transformed into dis-
tances on the map such that similar stations are closer together than less similar stations.
The Kruskal stress value σ is 9.18%, showing a goodness-of-fit between good and fair [71].

The inputs and outputs are each represented by a black vector (labeled, with notation
and magnitude). Those vectors having the same directions in space are highly correlated,
hence we decided to not consider some of them and repeat the procedure, so to apply the
DEA only considering the most significant variables.

Note that the analysis to remove the highly correlated inputs and outputs has to be
done separately for inputs and outputs. Looking at the outputs (Figure 7), we can see
that O2 and O3 are almost overlapping, and O4 and O5 have a similar direction. Hence,
we selected O1, O3. and O5 since they seem to be the less correlated outputs and more
significant for this dataset. Similar reasoning was applied to the 20 inputs, also taking into
account those more meaningful in the Malmö context. The procedure was repeated three
times, progressively removing those vectors with higher correlation, obtaining at the end
the configuration shown by Figure 8, with 11 inputs and three outputs (the rule of Dyson
et al. [27] is satisfied). When removing a variable, there is a rearrangement of the remaining
ones in the Robust CoPlot map, depicting the associations in the new configuration.
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σ

Figure 7. Robust CoPlot map of 25 variables (20 inputs and five outputs) describing the bike-sharing
stations of the Malmöbybike system.

σ

Figure 8. Final Robust CoPlot map of 14 selected variables (11 inputs and three outputs) describing
the bike-sharing stations of the Malmöbybike system.
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Looking at Figure 8, the efficient DMUs (bike-sharing stations) are represented with a
blue cross (28 in total), while the less efficient are represented with a red dot. By eliminating
variables with low correlations, the goodness-of-fit is slightly improved and the Kruskal
stress value σ results equal to 9.01%. We did not remove any DMU since we did not notice
any significant cluster/variable positioned too far from the center of gravity.

The estimated efficiency scores for the remaining DMUs as well as the inputs and
outputs are presented and further discussed in the next section.

4. Results and Discussion

Figure 9 presents the efficiency scores yielded by DEA. It shows an overall pattern
of the relative efficiency for the BSS stations included in the analysis based on the data
from June 2020. As represented by the ramp color (dark green to light yellow), stations
exhibit clear differences regarding their efficiency levels. Mapping the efficiency scores
across space is helpful for both identifying the most/least efficient stations and comparing
a subset of the stations to one another or to the contextual conditions. The variation in
the relative efficiency scores demonstrate a meaningful pattern concerning the contextual
factors and highlights three categories of stations according to their level of efficiency: (1)
the efficient BSS stations (having efficiency = 1); (2) the medium efficient BSS stations; (3)
the least efficient BSS stations. Each efficiency category is further addressed and discussed
in the following subsections.

 

Figure 9. Monthly stations efficiency map for the Malmöbybike system using DEA, June 2020.

4.1. The Efficient BSS Stations

The stations visualized in the darkest green color represent efficient stations, that is,
those having efficiency equal to one (for instance, stations no. 30, 18, or 63). Located in
different areas of the city, the efficiencies of these stations may be attributed to varying
land use contexts. However, the availability of separated cycling lanes indicates that
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the catchment areas for these stations contain a high level of bicycle infrastructure. This
pattern reflects the results found in previous studies [35,72,73]. Consistent with the lit-
erature [4,15,20], another common property of this category is the proximity to a green
area or an activity center such as commercial buildings, public facilities, and job centers.
Considering the spatial properties and the urban context of the station locations, three
groups can be identified.

The first group includes stations located in the northern part of the city with good
access to nature, e.g., green areas and the waterfront. Trips originated from or ending at
these stations are likely made by cyclists visiting the area for outdoor activities. Therefore,
the presence of natural resources seems to positively contribute to the efficiency of these
stations. This result is similar to the finding reported in the study by Kim et al. [74].

The weather or the seasonal conditions may be considered another external factor
contributing to a larger number of trips connected to this area [18]. The last week in June
coincides with the start of summer vacations in Sweden, hence the increased usage of
shared bikes in areas with a larger share of recreational activities. In general, a combination
of the mentioned contextual factors is likely to improve the DEA based evaluated efficiency
for these stations.

The second group of efficient stations is located in those areas with a high level of
access to public transport (no. 18, 16, 1, 24, 25 next to railway stations), and close to the city
center. In this case, the shared bicycles users are likely the passengers who are travelling
by public transport, using bikes as first/last-mile feeder mode. Such trips can be both
commuting and noncommuting trips, meaning the efficiency of these stations may be
less affected by the weather or seasonal conditions in June. Hence, good access to public
transport may be a major contributor to the higher efficiency of these stations. This result
confirms the findings of previous research suggesting that successful BSSs complement
existing transport infrastructure such as public transport [16,75].

The third group includes those stations located in areas further from the city center (if
compared with the first two groups), but still in the urban area, e.g., stations no. 46, 57, 89.
Most of them are newly added stations that have a station age of less than one year. They
are located in areas with high population density, next to the buildings which are public
facilities or commercial centers, with good bicycle infrastructure available, and close to
bus stops. Previous studies have provided strong evidence that these factors contribute
to increased use of BSS services [4,74,76]. In some cases, the density of BSS station within
1 km is rather lower than the average level (farther than 500 m to the next station, e.g.,
stations no. 57, 89) which could contribute to the efficiency of these stations. The pattern of
this group may indicate that, for the less dense areas that are located further away from the
city center, locations next to the public facilities and commercial centers where often the
bus stops are planned are likely to be the optimal spots for planning efficient BSS stations.
At the same time, a good quality cycling infrastructure should be provided.

4.2. The Medium Efficient BSS Stations

Those stations colored in mid-range green are categorized as medium efficient stations,
such as stations no. 11, 14, 99. Most of these stations are located in the central area of the
city with a higher concentration of public facilities and commercial buildings. The central
area is often characterized by a high density in terms of population and jobs which, in
turn, implies that it generates or attracts a larger number of trips and, due to the densely
built environment, makes traveling by bikes or public transport more convenient than by
cars [77]. Similarly, this context may create a higher demand for cycling compared to the
peripheral areas, which often motivates the need for a medium/high level of BSS service
provision in urban centers.

In the case of Malmö, although these stations did not fall into the efficient station
group, many of them have obtained an efficiency score close to 1 (that is, the maximum
efficiency score in DEA). Their slightly lower efficiency scores are probably due to the very
high density of the BSS stations in the area. Most of the stations in this category have
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overlapping catchment areas and/or more than one BSS station may be present within their
300 m catchment area. Reducing the density by removing some stations would likely make
the remaining ones more efficient. However, given the urban form context in the city central
area, the level of the current efficiency of all the stations rather demonstrates the success of
the BSS service in the area. In a similar urban context, previous studies have suggested the
buffer to be between 200 and 400 m when planning for new stations [18,29,78]. In general,
a smaller radius seems to contribute positively to the usage of the service.

The stations located further away from the city center (no. 64, 87, 90) are commonly
placed within a maximum of 600 m distance from another. While this radius falls within
the reasonable distance range noted in the previous studies, these stations seem to further
benefit from proximity to bus stops or large public facilities/commercial buildings. Ad-
ditionally, despite the lower population size in the peripheral areas, a higher residential
density in the form of apartment housings, as opposed to single family houses areas, could
be observed in the catchment area of these stations. In general, the observed pattern
further confirms the results discussed in the earlier section and previous studies that for
the noncentral urban area, the density of the BSS stations, proximity to bus stops, and large
public buildings, as well as the high population density could contribute to the efficiency
of the BSS stations.

4.3. The Least Efficient BSS Stations

The least efficient stations, visualized in the lightest shade of green/yellow, mostly
include those added during 2019, meaning that their age is less than one year (e.g., stations
no. 52, 53, 56, 60, 66, 68, 71, 74, 83, 85, 86, 93). Most of these stations are located further
away from the city center and in areas with lower population density. While some of the
stations (such as no. 71, 74, 75) are located in proximity to small scale public facilities
and commercial buildings, the low population density in their catchment areas indicates
a low travel demand [28]. Similarly, the cycling infrastructure connected to the stations
is rather poor which can significantly impact cycling behavior [18]. Station no. 60 is an
exception to this, most likely because it is located next to two other BSS stations (no. 59
and 63) which are, respectively, next to a train station (no. 59) and public facility buildings
(no. 63), providing sufficient service demand in the area. In this single case, removing
station no. 60 perhaps would make stations no. 59 and 63 more efficient, reducing the
running cost in general. This shows how in the areas far away from city center, where the
population density is relatively low, even though there is demand due to the connection to
the public transport and access to the public facilities or commercial areas, a higher density
of BSS stations may not be needed. This issue has been discussed in the previous studies
which have suggested different buffers according to the distance between the location of
the stations and the central area [11,18].

Station no. 85 is located in a villa house area. The low efficiency of the station may
be due to a low population density around the station and to the socioeconomic features
of the population living in the catchment area. More specifically, the residents in the area
seem to be associated with larger household size and being part of a higher income group
who is more likely to travel by car than bicycle [79]. However, we would like to argue
that, although the station has low efficiency, from a behavior nudging perspective, it is still
worth placing the BSS service here for promoting and normalizing cycling for the groups
living in these contexts.

Based on the examination of the three efficiency categories in relation to the urban
contexts, the relative efficiencies evaluated by the DEA method seem highly reasonable
and well supported by the previous studies.

5. Conclusions

The study proposed and tested a method, the data envelopment analysis, for evaluat-
ing the relative efficiency of BSS stations. The method was tested by applying DEA to a
Swedish case study, the BSS Malmöbybike in Malmö.
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The efficiencies were evaluated starting from a pool of input and output variables
supported by literature, reports, and BSS planning guides, with declinations which allow
the same procedure to be applied potentially to any city. This method does not only
evaluate the efficiency of each shared-bicycle station but also enables the possibility of
considering the influence of external variables, thereby contributing to the literature as
a methodology for analyzing the efficient operation of shared-bicycle stations and the
management of shared-bicycle systems.

The results provided by the application to the Malmöbybike BSS are meaningful in
relation to both the specificities of the urban context and the findings reported in previous
studies. This seems to indicate that the suggested method can provide a reliable evaluation
of the BSS efficiency and that it can be used by decision-makers and planners for developing
operational strategies to plan BSS stations and networks.

One of the limitations of the proposed methodology is related to the identifica-
tion of a specific timeframe under evaluation. If external factors change during the
days/weeks/months after the analysis, the calculated efficiencies are no longer correct.
Furthermore, the analyst should have a good knowledge of the urban context under
examination to be sure to include the most suitable variables capable of representing it.

It is important to point out that the objective of the study is to propose and test the
DEA methodology rather than carrying out a comprehensive evaluation for the BSS in
Malmö. In future studies, broader spatial and temporal information should be included
and compared to achieve a more complete evaluation of the Malmöbybike efficiency. The
evaluation should be carried out during the seasons when cycling is the most and the
least popular. The differences between and within days, weeks, and months should all be
analyzed and compared to gain a good overview of the efficiency for supporting effective
operational and planning strategies.

Some of the input variables may be difficult to be expressed in a quantitative way, such
as the station visibility. This type of variable could be defined through fuzzy sets. A new
formulation of the methodology proposed here which considers a fuzzy DEA approach [66]
is currently being prepared.

A further line of research should possibly investigate the inclusion of the suggested
methodology in bike-sharing network design models, to take into account the potential
efficiency of BSS stations when planning or expanding such a system.
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Abstract: A new mobility ethos is needed for cities looking to overcome the problems that have
been accumulated for decades by a transport paradigm that prioritises automobiles over people.
Bike-sharing, a measure promoting voluntary travel behaviour change, could be part of a refined
toolbox that will help in forging this new ethos. Despite a rapid emergence during the last handful
of years, as evidenced by 1956 operational local schemes and approximately 15,254,400 self-service
public use bicycles across the world, bike-sharing has been attracting negative attention lately. Tens
of schemes have closed down, deemed as financial or operational failures, stigmatising bike-sharing’s
brand and putting the future of the concept itself in jeopardy. However, discounting bike-sharing
as flawed may not be fair or accurate. This paper identifies a formula of success for bike-sharing
operations based on a state-of-the-art case study analysis, which is supported by primary data
evidence from two survey-based studies in Sweden and Greece. This paper suggests that residents
in cities hosting or looking to host bike-sharing schemes are usually very supportive of them but
not always likely to use them. More importantly, this paper delivers some key policy and business
lessons that form a survival guide for effectively introducing and running public bicycle schemes.
These lessons include, among others, the need for: tailoring the system design and expansion strategy
according to the host city needs, city-operator and commercial partner synergies, more bike-friendly
infrastructure and legislation, pro-active cultural engagement, anti-abuse measures, enhanced fleet
management and realistic profit expectations.

Keywords: bike-sharing; public bicycles; shared use mobility; cycling; sustainable transport

1. Introduction

An excessively car-centric transportation system has been the cornerstone of urban development
for decades now; a cornerstone associated with adverse effects on social, economic and environmental
sustainability. These effects that characterise the century-long reign of the conventional, fossil-fuelled,
human-led, privately-owned car include increased traffic congestion, climate change, local air and
noise pollution, road injuries and casualties, obesity and chronic diseases, decline in physical activity
and a loss of social engagement [1–3]. All of them will continue to increase without appropriate
interventions [4–6]. A new mobility ethos is needed, therefore, for cities looking to effectively address
these challenges, which, among other actions, will require policy-makers and mobility providers to
promote voluntary travel behaviour change via powerful active and shared transport initiatives [7].
This will push forward the transition to a paradigm change [8] that will help cities plagued by
conventional unsustainable thinking to transform into smart cities [9,10]. Bike-sharing, the greenest
form among shared use mobility interventions, can potentially be a key to this transition. Bike-sharing
is defined as a system referring to the provision of affordable short-term access to locally branded bicycles on an
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‘as-needed’ basis that could extend the reach of public transit services to final destinations and be a door-opener

for increased bicycle usage [11].
Bike-sharing, typically framed as an ideal and innovative first- and last-mile travel solution

for congested metropolitan environments [12,13], and less often tested for the context of smaller
and medium cities [14], is now more relevant than ever before [15]. The recent game-changing
introduction of stationless and free-floating schemes where bicycles are unleashed from docking
stations, allowing users an extra layer of mobility freedom [16], expanded the traditional dock-based
bike-sharing provision and transformed the concept into one with a door-to-door travel potential.
Bike-sharing has, from that point onwards, emerged rapidly across the globe, with 1956 operational
schemes and approximately 15,254,400 self-service public bicycles and pedelecs in use [17], as an easily
implementable modal shift mechanism that is iconic for the host city’s commitment to sustainable
transport operations [18,19].

However, at the same time bike-sharing, especially with a growing number of reckless and
under-designed implementations of dockless systems, is attracting negative attention, with numerous
schemes shutting down as huge financial or operational failures. This has forced usually smaller
bike-sharing companies to go bankrupt and even put some iconic ones in danger. The withdrawal of
Mobike from Manchester and Ofo from London in the UK, reflecting the retreat of the two strongest
and most recognisable international bike-sharing operators, and the closure of Bluegogo, China’s
third-biggest bike-sharing company with 20 M users and £226 M in deposits at its zenith, underline a
burning need. Research needs to revisit what makes bike-sharing services efficient at an operational
level and how local schemes can transform into valuable smart city ingredients that flourish in the
long term.

This paper aims to re-invent the formula of long-term success for bike-sharing operations by
developing policy and business lessons that will help policy-makers and transport providers in
establishing and managing these schemes more effectively, and, to a degree, other micromobility
systems. This paper provides support to the argument that the concept of bike-sharing is not a failing
one that will be dismissed as a whole in the near future, but a resourceful one that is being harshly
“tested” at present by substandard decision-making, planning and management, on many occasions.

Hereafter, the paper provides a literature review, a description of the chosen methodology,
a concise analysis of the key results, a discussion that will identify lessons learnt and suitable policy
and industrial recommendations, and a conclusion section that will epitomise the genuine contribution
of this work to academia, policy and practice.

2. Literature Review

Cycling is being promoted as a travel mode with the capacity to increase sustainable transportation,
alleviate environmental problems and support healthier lifestyles [20]. It is viewed as an integral part
of any urban mobility policy intervention package looking to increase the quality of life in modern
cities [21]. One natural promoter of cycling is bike-sharing [22], a sustainable mobility initiative that
dates back to 1968, with the famous “White Bicycles” system in Amsterdam [23]. Bike-sharing has
boomed over the last decade, especially with the introduction of dockless fleets, because of its potential
to complement public transport services and provide affordable and green first- and last-mile travel
solutions. As a matter of fact, bike-sharing has, according to recent research [24], experienced the
fastest growth of any mode of transport in the history of the planet.

The possible benefits of bike-sharing include, among others, flexible mobility, emission reductions,
physical activity benefits, reduced congestion and fuel use, individual financial savings and support
for multimodal transport connections [25]. These benefits are difficult to measure per se because
bike-sharing schemes are parts of complex multimodal transport systems and cannot be easily examined
in isolation. Lately however, there is more and more evidence about some quantifiable bike-sharing
gains. For example, recent research concludes that bike-sharing programmes have significant positive
externalities in terms of economy, energy use, the environment and public health [26]. A panel dataset
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analysis of 96 urban areas in the US that have introduced local schemes argues that these schemes can
reduce peak-hour congestion, at least in the context of larger cities [27]. The promotion of bike-sharing
scheme use among car drivers can significantly increase health benefits [28]. Bike-sharing has great
potential to reduce energy consumption and emissions based on its rapid development; in 2016 alone,
bike-sharing in Shanghai saved 8358 tonnes of petrol and decreased CO2 and NOX emissions by 25,240
and 64 tonnes, respectively [29]. A review of the existing evidence suggests that bike-sharing can
increase cycling levels but, in principle, needs complementary pro-cycling measures and wider support
for sustainable urban mobility in order to thrive [30].

In contrast, according to Nikitas (2019) [11], problems typically associated with bike-sharing
include: (i) systematic underuse, (ii) vandalism and theft, (iii) lethargic and complicated planning
procedures, (iv) sluggish or over-ambitious scheme expansion usually referring to station-based and
station-less systems, respectively, (v) a one-bike-fits-all business model which may not be ideal for all
populations and environments, (vi) strict cycling regulations including compulsory helmet use for
some countries (e.g., Australia), which make schemes impractical or at least reliant upon a supporting
rent-a-helmet mechanism, (vii) political friction if local authorities (or residents) are unwilling to forsake
street parking space for bike stations, (viii) road traffic safety concerns generated by the co-existence of
bicycles with other modes in a heavily car-dominated environment, but also the pedestrians versus
bicycles narrative in mixed usage situations and (ix) lack of adequate cycling infrastructure (e.g., bike
lanes, cycle paths, parking racks) that could complement and promote a bike-sharing scheme.

There is an extensive and still growing body of research about the traditional dock-based
bike-sharing [31], but the sustainability performance of new-generation dockless schemes has not
been thoroughly examined as of yet [32]. A Dutch study found that station-based business models
are well institutionalised but harder to scale up, while the dockless model has the greatest scaling
potential if institutional adaptations and geo-fencing technologies are successfully implemented [33].
This study also reported that peer-to-peer sharing is likely to remain a niche with special purpose
bikes. In dock-based schemes, satisfaction is flawed by a set of factors such as the mechanics of the
bikes, the picking and dropping system, and the apps used to organise the service [34], while dockless
shared mobility models are potentially useful in generating participation but face substantial technical,
analytical, and communication barriers [35]. The rapid expansion of dockless bike-sharing may be the
reason behind a large-scale renaissance of the very concept since 2016, however, this is coincident with
the serious oversupply of bikes [36] in many programmes. In these lesser used schemes, the presence
of unusable bicycles increases the level of user dissatisfaction [37], while overuse is one of the most
important issues faced by bike-sharing systems operating in China [38]. Bike-sharing usage is a
key determinant of scheme success and has been studied by the literature. Some researchers [39]
suggest that weather-related variables, land-use and built environment characteristics have significant
effects on the overall bike-sharing usage. Larger bike fleets are associated with higher usage but
also with diminishing marginal impact (i.e., each new bike may induce fewer new trips), while high
land-use mixtures, easy access to public transportation, more supportive cycling facilities, and free-ride
promotions positively impact the usage of dockless bikes [40]. Increasing bike-sharing fleet size does
not necessarily increase performance according to other studies (e.g., [41]). Bike-sharing systems
should also be carefully developed to appreciate the quality and timely interplay between the physical
design of the system and the provision of services being offered [42].

Despite some progress, there is a need for more research as a means of evaluating the dynamic
concept of bike-sharing as it spreads across the globe. On the one hand, there is still relatively limited
evidence on existing schemes as to whether they achieved their objectives [30] and secured passenger
satisfaction, since the vast majority of implemented schemes has not been closely examined as of
yet; the reported findings in the literature are generated from less than 10% of the existing schemes.
On the other hand, there is a paucity of research with large numbers of people who are not bike-share
users, notwithstanding that these studies are critical to bike-sharing user growth [43]. The economic
efficiency of public bikes is also being heavily questioned [44]. Theft, vandalism and uncivilized usage
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of public bicycles is a massive barrier, especially for dockless fleets, that can single-handedly endanger
some schemes’ economic viability [45,46]. A better understanding of the planning and management
of bike-sharing as a key ingredient of smart cities, in conjunction with citizen’s perception, is yet to
be attained [47]. This can be partly achieved by generating a comprehensive evaluation framework
and indicator system for researchers and operators to improve the sustainability performance of
bike-sharing in practice [48].

The present study aims to fill in this important research gap and provide a comprehensive
policy, business and academic guide that will indicate how bike-sharing schemes can be effectively
safe-guarded from future failures. This work underlines that bike-sharing can survive its recent
failures and be a tool supporting efforts, to some modest degree at least, aiming to restructure the still
car-dominated mobility paradigm.

3. Methodology

This work adopts a two-stage methodology for generating evidence-based findings that could
be widely representative and generalisable. It is a research effort analysing primary, secondary and
news feed data that allows the author to develop an empirical and theoretical understanding of how
bike-sharing can address current flaws and inefficiencies and re-establish its reputation as a pragmatic
long-term transport alternative.

The first part of the work is based on quantitative evidence from two survey-based studies held in
Gothenburg, Sweden (mid-sized city, ~520,000 residents) and in Drama, Greece (small city, ~60,000
residents), looking at acceptability and usage determinants. The two surveys, conducted and analysed
by the author, captured road user attitudes for Gothenburg’s 1000-bike station-based scheme Styr &
Ställ that was established in 2010, and for a hypothetical small-scale forthcoming city-centre scheme in
Drama. The combined sample refers to 1175 respondents that could be users, future users or non-users
of the local schemes; 535 respondents in Sweden and 640 respondents in Greece. Both samples allowed
the generation of statistically significant correlations for the two survey studies and thus sample sizes
are deemed satisfactory. The choice of the cities aimed to: (i) address the severely understudied
context of bike-sharing acceptance for non-metropolitan urban environments and (ii) understand
differences between cities like Gothenburg with an established pro-cycling culture that are familiar
with shared transport initiatives versus cities novel to shared use mobility that only recently started to
develop pro-cycling initiatives, like Drama. Another factor that makes this comparison interesting
is the contrasting contexts of Northern Europe (higher salaries, higher GDP, lower temperatures,
more rainfall) and Southern Europe (lower salaries, lower GDP, higher temperatures, less rainfall).
Some aspects of this work, including detailed statistical analysis, have been covered extensively in [1]
and [11] for Gothenburg and Drama, respectively, but they have not been compared systematically
with each other and contrasted with the latest bike-sharing developments that have aspired a sense
that public bicycle schemes are losing their edge.

The two surveys have almost identical formats and thus contain questions and sections easily
comparable with each other. The survey in Drama has 19 main questions organised in four parts,
referring to: the respondents’ general travel behaviour choices; their views on bicycles and cycling; their
attitudes towards public bicycles and their suitability for the city of Drama; and their socio-demographic
characteristics. The survey in Gothenburg had similar questions organised in the same order as the
questionnaire in Drama, with the addition of an extra thematic part regarding the respondents’ actual
public bicycle experience. Five-point Likert-scales were used to record responses, varying from strongly
agree to strongly disagree with a neutral mid-point. The time needed for completing the survey in
both cases was approximately 10 to 12 minutes. Since pre-notification [49] and financial incentives [50]
enhance response rates, both were adopted. The incentive was an entry into a prize-draw, whilst
several reminders through social media alerted the volunteers to fill in the questionnaire. Also,
the introduction of each survey discussed why its completion could be a meaningful and timely task
for the respondents. The surveys were both available to the public in an online form; hard copies were
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also used in Drama to make sure that groups not having access to computers or the internet (which is
far more typical in Greece than Sweden) are represented. The response rate for the hard copy part of
the study in Drama was 13%.

Perhaps more importantly though, this paper identifies, lists and discusses for the first time
the key findings of an extensive state-of-the-art analysis of the latest developments in bike-sharing
operations, using exemplary bike-sharing case studies from across the world. Some of these case
studies refer to successful implementation and service delivery stories, and others to systems that
failed to establish commercially viable operations capable of adding value to the image of the city hosts.
The originality and value of this case study approach is highly significant since the academic literature
of local success and failure stories is extremely limited to date; this work analyses in depth, using for
the first time academic lenses, these anecdotes as reported by local media and technical literature.

This unique mixed method approach allows the delivery of some important theoretical and
empirical lessons, valuable to transport academics, urban policy-makers and mobility providers. These
could be applicable to a broader context, at least for similar urban environments and bike-sharing
schemes to the ones negotiated in the present work.

4. Results

4.1. Primary Data Analysis

This part of the article provides evidence that if bike-sharing is introduced, operated and promoted
adequately, it can be acceptable in small and medium sized cities (including those that have yet to
establish a pro-cycling culture), even for people not intending to ever use them. Usage or intended
usage rates were, in contrast, significantly smaller than acceptance rates. The two common key usage
barriers refer to road safety concerns and the lack of adequate cycling infrastructure. It is safe to
argue that bike-sharing is not for everyone to use and not a relevant or feasible choice for many trips.
Acceptability, however, is argued to be equally, if not more, important than strict usage-related criteria
for measuring success; people’s willingness to “allow” their cities to invest more in bike-sharing
was very high (and was relatively unrelated to actual or potential usage of their local scheme) due
to bike-sharing’s potential to add to their city’s capacity to be sustainable. This overwhelming
local community acceptance should therefore underpin a drive to create win–win synergies between
bike-sharing providers and city hosts, since the underusage of schemes should signify that these might
not be commercially successful when only supported by subscriptions and short-term rentals, and need
the addition of other streams of income to prosper.

These are valuable lessons providing robust evidence that bike-sharing is not a fundamentally
flawed concept that somehow emerged because of a rush to establish relatively affordable
sustainability-centric mechanisms; it is a sound shared use mobility initiative that in some cases
suffers from mismanagement, a lack of long-term vision and ability to create channels with the city
hosts and local communities, and unrealistic profit expectations.

4.1.1. Studying Bike-Sharing in Gothenburg

Gothenburg’s dock-based Styr & Ställ is assessed as being a worthwhile institution by more than
90% of the city’s residents, despite usage rates reflecting some level of participation to the scheme by
only a quarter of the study’s sample [1,51].

More specifically, the vast majority of the respondents believed that Styr & Ställ is an affordable
travel mode with the capacity to promote healthy living, improve road traffic conditions, make cycling
more popular, complement the city’s other public transport services and help the city becoming more
liveable. Also, 85.3% of them recognised bike-sharing’s potential to make people’s travel behaviour
less car-dependent. The most important finding of the survey however was that the participants
acknowledged the significance of bike-sharing for their city; 92.4% agreed or strongly agreed that
the scheme is good for Gothenburg and 93.5% disagreed or strongly disagreed with the notion that
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Styr & Ställ is a sub-standard transport initiative. Even the respondents that had never used it before
or self-reported no (or little) intention to bike-share in the future were positive towards the scheme.
Many respondents were also supportive of the scheme’s further expansion through more bike-sharing
investments by the local authorities, and considered that the scheme is a viable public service for the
city; 86.5% and 96.1% agreed or strongly agreed with these notions, respectively. Also, only 6.5% of the
people that had actually used the scheme considered that there is something fundamentally wrong
with it. It was almost a unanimous decision for Gothenburg respondents that their local scheme is a
good addition to their city’s transport system that needs to continue its operations and expand further
to more destinations.

Despite these high acceptability rates, the majority of the respondents rarely used the scheme
even as a secondary travel option; 76.8% of the respondents stated that they never use the scheme
while only 2.8% use it as their main mode choice. Nonetheless, longitudinal data collected for four full
operating years of Styr & Ställ (based on respondents’ self-reporting capacity) indicate a small but
distinct annual increase in the number of participants that used the scheme, especially for those using
it as a main or a secondary travel alternative to their typical modal choice. This underuse indicates
that there is, in theory, a massive untapped potential for utilising, in real usage terms, the scheme’s
wide acceptance [1].

The reasons for which the respondents in Gothenburg do not bike-share frequently or at all have
also been captured (each respondent was limited to give only two reasons when filling in the survey).
A considerable 14.9% of the respondents answered that limited road safety could act as an obstacle for
them in using bike-sharing, while 30.9% felt that a lack of good bike-sharing-related infrastructure was
an issue. Improving safety and enhancing bike-sharing and pro-cycling infrastructure, therefore, are of
vital importance for the attractiveness of a local scheme. Another 16.9% of the respondents thought
that cycling was not ideal for the city, and 11.5% that bike-sharing was not convenient for all purposes.
Nevertheless, the most popular response (i.e., 41.1%) was that respondents had no need to bike-share
because they had their own bicycle. Figure 1 presents the full set of these results. A detailed statistical
analysis solely focused on this study is presented in the author’s recent work [1,51].

 

Figure 1. Reasons for not using bike-sharing frequently or at all (Gothenburg, Sweden).

230



Sustainability 2019, 11, 3206

4.1.2. Studying Bike-Sharing in Drama

The survey results from Drama were in many ways very similar to Gothenburg’s key findings.
Close to 90% of Drama’s respondents thought that bike-sharing could be a good scheme for their
city, despite lower usage intention rates that could have been still significantly exaggerated due to
unintended optimism bias [11].

Overall, Drama’s respondents recognised that bike-sharing could be beneficial for their city. The
vast majority of them considered that bike-sharing is a sustainable modal option that could improve
road traffic conditions, complement other means of public transport, offer an inexpensive transport
option for the society, promote wellbeing, make cycling a more popular travel choice and reduce
people’s reliance on automobiles. However, perhaps the strongest finding, directly referring to the
public acceptance of an eventual scheme, was people’s disagreement to the notion that “public bicycles
constitute an investment that they would not like to see being materialised”. In absolute numbers,
86.5% of the respondents disagreed or strongly disagreed with this notion; only 5.1% agreed or strongly
agreed and 8.4% were neutral respectively. The respondents self-reported relatively high levels of
potential usage with expected usage on a somewhat frequent basis being 46.9%, and “rarely or never”
being 31.5%. Still, these rates, which may be too optimistic, were considerably smaller than the reported
acceptance rates.

The main reasons according to the respondents of Drama for being reluctant to cycle and potentially
use public bicycles are principally associated with the lack of bike-friendly urban infrastructure and the
feeling that currently there is only limited road safety for cyclists. Almost one in every two respondents
made the case for each of these two specific answers, making clear that physical and cognitive barriers
associated with the way a cyclist is hosted in one’s respective urban environment constitute the key in
giving up the ideas of cycling and bike-sharing. Well-designed bike-sharing infrastructure therefore
and the establishment of a safer pro-cycling urban environment would be critical for making a local
scheme a more attractive choice. It is true that the construction of bike lanes, bike roads and bicycle
racks has only recently been initiated in the city of Drama; thus, these specific attitudes were well
justified [11]. Dislike of physical effort was chosen by 12.5% of the respondents, lack of time by 13.8%
and cycling and bike-sharing not being suitable for the city by 21.9%. Figure 2 presents the full set of
these results. A detailed statistical analysis solely focused on this study is presented in the author’s
recent work [11].

 

Figure 2. Reasons for not cycling and being reluctant to eventually bike-share (Drama, Greece).
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4.2. Case Study Analysis

This part of the analysis concentrates on the examination of successful and unsuccessful
bike-sharing applications as a means of identifying best and worst practice examples. This will
allow the author to generate a set of policy and industrial recommendations that would inform the
people responsible for local bike-sharing systems about the things that they need to do and need to
avoid when establishing and running them.

Perhaps the most critical problem for conventional bike-sharing schemes is that station-based
operations do not allow door-to-door convenience; traditional dock-based bike-sharing assumes that
users can rent a bike from one of the existing bike-sharing stations and return it either to the original
station or another station in a different location after using them. Schemes like Seattle’s (U.S.) Pronto
paid the price (among other reasons, including local politics, hilly topography and mismanagement) for
its poorly and sparsely placed docking stations, and the lack of a systematic and incremental expansion
strategy, by ceasing its operations [52]. Research found that subscribers used Pronto bikes more at
stations that had more scheduled bus trips nearby; thus, bus–bike integration helps in promoting
bike-sharing, but at the same time some users may shift to using buses during peak hours and rainy
weather [53].

Over the last five years, many operators are actively trying to solve this door-to-door problem
by providing station-less, maintenance-free, intelligent bicycles that lock and unlock through the use
of mobile applications (i.e., dockless bike-sharing). This transition is led mainly by a few Chinese
bike-sharing start-ups including Mobike and Ofo, a pair of operators with a combined valuation likely
to have exceeded the £3bn threshold in 2018, since they have been supported by two of the biggest
internet giants, Tencent and Alibaba.

Mobike has bike-sharing operations in 200 cities and 16 countries around the world and is
responsible for as many as 30 million daily trips, with a fleet of 8 million bikes including electric
options [54]. As of July 2018, Ofo claimed to have around 15 million bikes in operation in more than
300 cities across 22 countries, as well as 250 million global users, however, since then it has considerably
scaled down its operations outside China [55].

Introducing, with an unprecedented speed, hundreds of schemes of this new breed of door-to-door
bike-sharing systems, in China, wider Asia and finally over the last two to three years in North America,
Australia and Europe, the homeland of conventional public bicycle programmes, has the power,
in theory, to transform the world of cycle hire. This transformation can replicate to a degree the one that
saw Uber and other similar ride-sourcing initiatives changing the car-sharing landscape by replacing
many of the trips associated with carpooling and taxi-related services. Nevertheless, this monumental,
and in many cases somewhat rushed, “embracement” is neither unproblematic nor without a fair share
of early fiascos and overwhelming question-marks that have recently disrupted the rise and somewhat
stigmatised the public image of bike-sharing.

4.2.1. Stories of Failure

In November 2017, China’s third biggest bike-sharing company and the first dockless bike-share
system to launch in the U.S, Bluegogo, went bankrupt, creating for the first time a dark cloud over the
future of dockless bikes. The bankruptcy of a company that grew at an incredible pace to compete
with Mobike and Ofo, peaking at 350,000 bicycles in China alone and poised to conquer San Francisco,
raised concerns that there are simply too many bikes at very low prices on offer and insufficient
demand. Bluegogo collapsed leaving vast bike-share graveyards that challenged the “sustainability”
and “eco-friendly” value of the dockless bike-sharing concept, after falling $30 million in debt and
struggling to repay customer deposits, with the surviving bikes being sold for as low as $5 per
piece [56]. Bluegogo’s chief executive apologised for this collapse saying that he had been “filled
with arrogance” [57], which practically meant that the company had unrealistic revenue expectations,
expanded too soon on an unsustainably big scale and was mismanaged.
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Wukong Bicycle, a minor Chinese start-up of 1200 bikes in the notoriously hilly Chinese city of
Chongqing, went out of business after only six months of operations in July 2017, since 90% of its bikes
were lost, presumed either missing or stolen. This was the direct consequence of the operators’ fatal
mistake to not install GPS devices in their fleet [58]. Beijing-based bike-sharing firm 3Vbike also went
bankrupt in June 2017 after losing more than 1000 of its bikes in just four months of operations; not
having its own mobile app to track the bikes and having to depend on a cycle location tracking function
on its WeChat page was the key reason for this downfall. This scheme also failed to gain traction due to
limited fundraising; the owner had to purchase the bikes himself in the absence of other investors [58].

The operations of the Mobike Manchester scheme, the first of its kind in the UK, launched
in June 2017, is another story of misfortune for the concept of dockless bike-sharing. In a span of
15 months, Mobike had to cease its operations in Manchester because of “unsustainable” losses from
theft and vandalism, making this the first time the Chinese operator has abandoned a city because of
anti-social behaviour. Manchester Mobikes have been found dumped in canals and bins, vandalised,
and others have been stolen, making the company representatives suggest that the system has been
“misunderstood” [58] and that “the learning is already being put to good use for creating a more
suitable scheme in the not too distant future” [59].

Ofo, in an even more dramatic fashion, was forced to withdraw from most of its UK market
including the cities of Norwich, Sheffield and Oxford, and as of January 2019 from London which
was home to 3,000 Ofo bicycles. The company admitted that its UK business was loss-making and
needed to move to a different direction [60]. Perhaps this retreat proves again that supply should not
exceed demand and that international bike-sharing concepts should adapt to the city host for local
applications. In the case of London, there was also direct competition with a well-established and
popular dock-based system that has strong links with the city.

Similarly, Hong Kong-based bike-sharing operator Gobee shut down its operations in France in
February 2018 after suffering what the company called a “mass destruction” of its fleet. Gobee, which
had 2000 bikes in Paris alone and claimed around 150,000 users across the country, reported that 3400
of the company’s bikes have been damaged and more than 1000 have been stolen [61]. Gobee pulled
out of Belgium for similar reasons meaning that this was not an isolated country-specific issue.

OBike, another start-up with international reach, also exited from some of its key markets, with the
most important ones being in Singapore and Melbourne, Australia, during 2018. These cities having
a long track record of supporting environmentally friendly urban growth are now trying to ensure
responsible bike-sharing use, introducing stricter licensing regulations that prevent visual pollution
and unsustainable public space intrusion. Complying with these regulations, and in other cases with
the helmet rules that govern bicycle use in Australia, can be expensive as it requires investments in
technology, security, and management. Operators like OBike may sometimes decide that this extra
investment is excessive, so they concentrate on other cities with softer regulations.

Another obvious case of mismanagement is the so-called Velib-gate, where a city project with
a new operator intending to enhance the very popular local scheme in Paris, France went seriously
wrong, creating huge technical and political issues. A notable dysfunction was the cyber-attack that
Bycyklen suffered in Copenhagen, Denmark, which saw all its smart bikes being hacked. This caused
serious operation disruption, since the only way to make the bikes usable again was to reboot all 1850
of them individually.

These fiascos have generated concerns about the long-term viability of bike-sharing and mainstream
allegations that there is now a body of evidence proving that bike-sharing has been opportunistic
or even failing as a concept. Recent research [62] concludes that most schemes typically benefit the
privileged, help little to increase mass cycling transport and are used as easily deployable technological
(false) solutions to contemporary problems, while advancing unjust tendencies to privatise public
space and services.

233



Sustainability 2019, 11, 3206

4.2.2. Stories of Success

Nonetheless, as the primary data research has indicated there is much more than failure, misfortune
and negativity associated with bike-sharing operations; there is also hope and genuine potential for
improvement that could help to restore the image of bike-sharing. There are many examples indicating
that bike-sharing can still be a viable transport option inspiring modal shift and making bicycle usage
more popular and mainstream.

The government of the city of Hangzhou in China launched Hangzhou Public Bicycle in January
2008 starting with 2800 bicycles, 30 fixed stations, and 30 mobile stations (stations which can be moved
to meet demand). This scheme went on to become the world’s largest bike-sharing system with
100,000 bicycles and 4100 stations, as of December 2018. This scheme has been successful in acting as a
complement to existing public transit and as a tool for modal shift; members exhibited a higher rate
of auto ownership than non-members meaning that bike-sharing was attractive to car owners [63].
Some of its key success factors are: the low subscription fee, the availability of bicycles throughout the
city, the subsidies from the local authorities, the fact that this was an initiative that the local transport
agency created and is still a not-for-profit scheme (i.e., riding is free for the first 60 min), its complete
integration with the other public transport services, its high-quality real-time information system,
the upgrade of the bike hardware and the existence of a green corridor that promotes cycling in general.
Hangzhou, a city with a registered population exceeding 9 million, widely considered as an emerging
technology hub (home to the e-commerce giant Alibaba) also hosts some dockless bike-sharing fleets
from Mobike, Ofo, Hello Bike and Qibei. Researchers [64] argue that Hangzhou Public Bicycle has
already become rooted in the city as one of the public transportation modes, and because of its stable
performance and the city’s features fit for cycling, the habit of riding bikes has been awakened in
Hangzhou. This has, in turn, provided an ideal environment for free-floating bikes to come into use.

Introduced in 2011, originally as Barclays Cycle Hire, London’s bike-sharing scheme is a
station-based system that can be accessed by anyone with a credit or debit card, with daily usage
charged at £2 for unlimited journeys of up to 30 min. Santander Cycles offer the option of annual
membership charged at £90 (~25p per day). The scheme, after incremental strategic expansions, now
spreads across 100 km2 of London and is the largest cycle hire scheme in Europe, with 11,500 bicycles
available across 750 docking stations [65]. It has approximately 240,000 active members making over
10 million annual bicycle hires, and its continued expansion is viewed as a central component of
the Mayor’s policy to transform London’s transport system into one which is based on sustainable
modes [66]. Therefore, the scheme is subsidised and promoted heavily by Transport for London and
is well-linked with all the public transport modes of the city. Santander Cycles have demonstrated
the capacity to normalise the practice of cycling in city life; its users are not solely representatives of
particular social cohorts such as sporty people [67]. Also, the scheme has become more equitable over
time; it encourages women to use it, and with the eastern extension increased the share of trips made
by residents in poorer areas, features that have been partly offset by increased prices [68]. As a whole,
this is an award-winning intervention recognised not just for its impact on transport in England’s
capital city and its sustainability value, but also for its innovative design, the public relations exercise
and the accurate delivery timescales.

Dublinbikes is a public bicycle rental scheme, which has operated in Dublin, Ireland since June
2009. At its launch, the scheme, which is sponsored by JCDecaux in exchange for 72 free advertising
spaces around Dublin, used 450 bicycles organised in 40 stations. Now, the scheme has 114 stations
and 42,000 active annual subscribers, and is one of the cheapest schemes in Europe with a €25 annual
fee. Dublinbikes is widely considered as one of the most successful local applications in the world,
as reported regularly in media [14,69,70], however occasionally there were reports suggesting that
progress has stalled. Synergies with industry have been notable for the Dublin scheme. Coca-Cola
Zero was a commercial partner with Dublinbikes for three years (June 2014 to June 2017), with Just Eat
taking over in July 2017 for the next three years with plans to invest €2.25 million in the scheme over
its tenure; in both cases the name of the scheme was rebranded accordingly.
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Bicing, the local scheme of Barcelona, Spain, inaugurated in March 2007, is another system that
is broadly regarded as successful. With 424 stations situated every 300 to 400 metres across the city,
and more than 6,000 bicycles and electric bicycles, the initiative managed and maintained by the City
Council and Clear Channel is an inexpensive option (annual fees range from €35 to €50). One of its
unique features is that it is not a scheme for tourist use; it is open only to local subscribers and is
marketed as an ideal complement to the traditional public transport of the city, intended to cover
the small daily journeys that take place in Barcelona. A sign of early success was the fact that the
usage and expansion targets were accomplished surprisingly fast. Bicing’s initial foresight referred to
reaching 15,000 subscribers at the end of the first year of operations, and 400 stations after a 10-year
cycle, but the reality was that almost 100,000 subscribers subscribed in less than 12 months from the
scheme’s launch while the 10-year expansion plan happened in only 1.5 years [44]. The scheme is
financed by subscriptions and by the local on-street parking control system profits. The system has
been viewed as one that allows, through its digital footprints, the possibility to gain an understanding
of human behaviour and city dynamics [71], and as a system with greater benefits than risks to health
that reduces carbon dioxide emissions [72].

BIXI Montréal is a bike-sharing scheme serving Montreal, Canada. It launched its operations in
May 2009, originally managed by Public Bike System Company (PBSC), to become North America’s
first large-scale bike-sharing scheme and an award-winning innovation. However, PBSC had to file
for bankruptcy at the beginning of 2014 after problems including program mismanagement, breach
of contract litigation and the surmounting of debt. BIXI Montréal from that point forward became a
non-profit organisation owned and managed by the city of Montreal with 7250 bikes and 600 stations.
The annual subscription costs $94. BIXI members can get a $15 discount on the local car-sharing
service; packaging bike-sharing with car-sharing services is used as a promotion tool. BIXI attracts a
substantial fraction of the population, accounting for more than one million trips annually [73] and
is more likely to attract younger and more educated people who currently use cycling as a primary
transportation mode [74]. The implementation of BIXI was associated with a shift toward active
transportation, even if modal shift was complex and not simply the result of a discrete transition
from one mode to another [75]. Also, research found that the accessibility of the bike-sharing docking
stations in neighbourhoods was high, despite awareness inequalities that have decreased over time [76],
something that is a key for increased usage. The city of Montreal announced that the service would be
expanding in 2019 with 60 new stations offering 2625 docking points and 1000 additional bicycles in
new areas.

Some of the schemes that have been labeled as good practice examples include among many:
the French schemes Vélo’v in Lyon and Bicloo in Nantes with some of the highest annual growth
rates in rentals and subscribers; many of the China-based operations of Mobike and Ofo; New York’s
(US) CitiBike system that averages 8.3 trips per bike and 42.7 trips per 1000 residents; Mexico City’s
(Mexico) Ecobici bike-share system and JUMP electric bikes and scooters that have spread in 19 cities
in US and four in Europe.

5. Lessons to Be Learnt

The primary data analysis provides strong statistical evidence that bike-sharing is still a timely
and meaningful proposition for urban policy-makers, and that it is widely accepted even from those
citizens not expected to be scheme subscribers or occasional users. The survey respondents coming
from two very different urban environments, in terms of size, socio-economic characteristics and
pro-cycling culture, support in an almost identical degree (at around 90% of the sample) the notion
that their respective cities should invest (i.e., Drama) or continue to invest (i.e., Gothenburg) in local
bike-sharing schemes. This clearly reflects the acceptance of the bike-sharing concept and the general
public willingness to see local city-specific schemes supported by their city hosts. Usage (or intended
usage) rates are not mirroring acceptability rates closely; they are significantly lower. If there is a
critical mass of scheme subscribers, however, this work makes the case that usage should not always
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be considered as the sole success parameter of a scheme; acceptability is equally important. The author
also identified some of the key reasons that may make people reluctant to bike-share with traffic safety
and insufficient bike-friendly infrastructure concerns being the two most critical.

The case study analysis identifies that inflexible standardised business models and operation
strategies lacking the ability to tailor their offering to different areas, largely adopted from China, are not
suitable for all urban environments. Dock-based systems, despite their inability to provide door-to-door
services, seem to do better than dockless schemes for now, although the two can complement each
other and work together, as seen in Hangzhou. Expansion tactics that have been over-aggressive,
defied established competition, did not actively seek the collaboration and support of the hosting cities
and were not adequately justified by travel demand data have failed. Schemes that were tailored to the
city host needs, were integrated with or complemented the public transport provision, had a clear
incremental expansion strategy, kept relatively inexpensive prices, secured the support of the local
authorities, forged synergies with commercial partners and embraced technology have been successful
and set the bar for the industry.

Some key recommendations that this work can provide, primarily to operators but also to cities
looking to host sustainable and long-lived bike-sharing schemes, that will add value to their image
suggest that they should:

• Make unique city-specific plans for delivering each scheme. The “one business model fits all”
approach is fundamentally flawed. The ability to tailor, to some degree, an offering to reflect the
character of a city and the norms of its citizens is critical.

• Prioritise the scheme’s long-term success over easy profit and unrealistic revenue return
expectations; bike-sharing should be user-centric and not profit-centric if it is to succeed.

• Realise that that the bulk of benefits that a bike-sharing scheme can deliver refers to avoiding the
negative externalities of excessive car usage. This is a profit worth paying so operators should
actively seek the support of the cities when possible in subsidies and supporting infrastructure.
Profits from subscriptions and rentals may not be enough for a scheme’s long-term commercial
viability so there is a need to establish other streams of funding.

• Work together (operators and cities) so that the latter will be incentivised to support their local
schemes. Private–public partnerships can work.

• Seek strategic commercial collaborations like the London and Dublin schemes. Extra financial
support and a brand adding value might be a key in sustaining business.

• Acknowledge that an oversaturated bike-sharing market can be lethal. Travel supply should
mirror travel demand. This is critical, especially for smaller providers, although bigger operators
could also face problems as evidenced by the examples of Bluegogo primarily and Ofo to a smaller
extent. When there is established competition, a new scheme needs to offer a different “twist” to
what is already available (e.g., electric bicycles) in order to have success potential.

• Invest more efforts in regulating the responsible usage of bikes. Anti-social behavior, theft and
vandalism have plagued many schemes and led to their closure. Protection mechanisms and
penalties for vandalism and theft should be in place from day one. Cities should support these
efforts with better policing.

• Initiate market research and education campaigns to understand better users and non-users and
promote bike-sharing culture to encourage people to adopt a positive attitude towards these bikes.
Cultural engagement from the outset is a prerequisite for success.

• Focus on providing fair and affordable fares, member subscriptions, and “ways out”.
• Finance better business planning and bike management; companies need to constantly innovate

to stay on top of this very dynamic market.
• Acknowledge that dock-based systems, for now at least, have been more successful in securing

long-term viability than most dockless schemes. The option of docking stations, and enough
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people on the ground to ensure that schemes are reliable and serve their purpose, should be
provided when possible.

• Appreciate that technology is not always a panacea; it is only one of the several tools in the
toolbox of successful bike-sharing provision [77]. However, mobile apps, rental machines, GPS
tracking, and locking systems are of vital importance for scheme success and should be modern
and user-friendly.

• Concentrate on providing better bike-sharing infrastructure; bikes (and stations when applicable)
should be well-designed, attractive, safe and prevent anti-social behaviour.

• Diversify the provision of bikes so that some of them are more suitable for usually underserved
populations. More specifically, explore ways to increase female participation in schemes by
offering some bikes with more feminine designs. Also, introduce electric bicycles, pedal assist
systems, tricycles and other inclusive vehicles, and make bike-sharing technologies more easily
accessible (e.g., easier pick up and drop off services) as another way [11] to enable some individuals,
and especially older people who can be open to a transport intervention if they feel that it is
pro-social [78], to engage.

• Collaborate with city and even national authorities to resolve concerns referring to limited traffic
safety for cyclists and inadequate pro-cycling infrastructure provision. Complementary to the
schemes, bike-friendly road infrastructure (e.g., bike lanes, bike racks, bike prioritisation) and
wider bicycling investments are very important for supporting bike-sharing and alleviating traffic
safety concerns.

• Manage the distribution of bikes more effectively and responsibly. Operators need to be more
accountable about visual pollution. In exchange, cities could be more flexible with their regulations
(e.g., easing helmet use regulations or supplying shared use helmet schemes).

• Help and push the relevant decision-makers to establish more pro-cycling national and local
legislation and governance.

6. Conclusions

This work provides an evidence-based roadmap, generated by blending two “twin” survey
studies and a best-practice versus worst-practice international case study comparison. This mixed
method approach intends to help a still growing, but somewhat jeopardised and stigmatised, mobility
innovation to avoid a path that leads to an unsustainable and short-lived future. This paper disengages
“scheme success” from a strict usage rate perspective, and informs policy-makers and scheme suppliers
that citizens want to see systems that deliver sustainability benefits being supported by the local
authorities. This result, combined with field evidence that bike-sharing schemes could be underused
and thus may not be commercially profitable when income depends solely on subscription and short
rental rates, signifies the need for establishing strong links and commercial partnerships with the
city hosts and private industries interested to associate their brand (and pay for it) with bike-sharing,
respectively. The city support can therefore take the form not only of complementary cycling
infrastructure investment and more bike-friendly legislation, but also of direct city funding under the
precondition that schemes meet local authority and general public expectations.

More importantly though, this study generates policy and business lessons “reading carefully
through” the current public bicycle practice, by identifying successful and unsuccessful bike-sharing
implementation cases. These lessons include, among others, the need for: tailored, according to
the explicit host requirements, system design and expansion strategy; city-operator and commercial
partner synergies; more bike-friendly infrastructure and legislation; pro-active cultural engagement
of the local communities; anti-theft and anti-vandalism measures; easy to understand and fair usage
terms; enhanced fleet management; and realistic profit expectations.

All in all, this paper’s intended contribution is to function as a policy-minded survival guide for
establishing, running and securing the future financial and operational viability of bike-sharing schemes,
something that could be of significant value to academics, mobility providers and policy-makers.
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