
        

Citation for published version:
Zhang, J, Meng, M, Wong, YD, Ieromonachou, P & Wang, DZ 2021, 'A data-driven dynamic repositioning model
in bicycle-sharing systems', International Journal of Production Economics, vol. 231, 107909.
https://doi.org/10.1016/j.ijpe.2020.107909

DOI:
10.1016/j.ijpe.2020.107909

Publication date:
2021

Document Version
Peer reviewed version

Link to publication

Publisher Rights
CC BY-NC-ND

University of Bath

Alternative formats
If you require this document in an alternative format, please contact:
openaccess@bath.ac.uk

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

Take down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Download date: 23. May. 2023

https://doi.org/10.1016/j.ijpe.2020.107909
https://doi.org/10.1016/j.ijpe.2020.107909
https://researchportal.bath.ac.uk/en/publications/daf943f0-2c4c-42e0-b894-92c3545f3dc6


 

A Data-Driven Dynamic Repositioning Model in Bicycle-Sharing Systems 

 

 

Abstract: The new generation of bicycle-sharing is an O2O (online-to-offline) platform 

service that enables the users to access the bicycle with a smartphone App. This paper 

proposes a dynamic repositioning model with predicted demand, where the repositioning 

time interval is fixed. A data-driven Neural Network (NN) approach is introduced to forecast 

the bicycle-sharing demand. The repositioning objective function at each time interval is 

defined to simultaneously minimize the operator cost and penalty cost. In addition to the 

normal constraints in static repositioning problem, flow conservation, inventory-balance and 

travel time constraints are taken into account. Due to the non-deterministic polynomial-time 

hard (NP-hard) nature of this model, a hybrid metaheuristic approach of Adaptive Genetic 

Algorithm (AGA) and Granular Tabu Search (GTS) algorithm is applied to calculate the 

solution. Based on predicted demand, the initial repositioning plan is made by AGA 

statically at the beginning of study horizon, which ensures the global optimization of the first 

solution. As time goes on, repositioning plan is checked and updated according to the real-

usage patterns using GTS algorithm, which has the advantage of high-performance local-

search within a short computing time. Numerical analysis is conducted using the real cases. 

The simulation results reveal that the proposed methodology can effectively model the 

dynamic repositioning problem in response to real-time bicycle-sharing usage. The proposed 

methodology can be a value-added tool in enhancing the feasibility and sustainability of 

bicycle-sharing program.  
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1 Introduction 

With the increasing recognition of transport sustainability, cycling has become an 

important alternative mode of public transport for short distance trips. Many cities have 

successfully set up bicycle-sharing systems to facilitate point-to-point trips, especially for 

first/last mile trip stages. Bicycle-sharing system (BSS), also known as public bicycle system 

or bicycle-share system, is a self-service public bicycle rental scheme, which enables a user 

to borrow a public bicycle at any station and return it to any other station to complete the trip 

(Zhang & Meng, 2019). The new generation of bicycle-sharing system allows users to find 

the closest bicycle using their smartphone, scan a Quick Response code and then ride. This 

one-way usage characteristic tends to cause imbalanced distribution of bicycles across 

stations over time and space, which can escalate very rapidly during peak hours (Zhang et 

al., 2019). Take the morning peak as an example, stations with high borrow rate are quick to 

run empty (e.g. near residential areas, near last-mile transit stops) while stations with a high 

return rate tend to rapidly become full (e.g. near office buildings, near first-mile transit 

stops). In this case, users could no longer have bicycles to borrow at the empty stations, nor 

return bicycles to the full stations. A repositioning vehicle (e.g. a light truck) is used to move 

bicycles from (near) full stations to (more) empty ones. The repositioning problem has been 

studied, but it is principally predicated on a static, ‘end-of-day' method, in which 

repositioning operation is affected during quiet (night) periods, when the bicycle-sharing 

demand is negligible (Caggiani et al., 2018). Given the inherently uneven demand-supply 

(borrow/return) situations at stations, repositioning should be done regularly to address the 

imbalance of bicycles. Some BSS schemes have introduced intelligent management system 
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to detect the availability of bicycles and docks in each station by means of sensors, predict 

the forthcoming demand using historical data, and make repositioning decision from the 

control center in advance to ensure the optimal usage in the system (Zhang et al., 2017). 

Among these modules, bicycle detection and demand forecasting have been well studied 

(Lin et al., 2018). Clearly, it is invaluable to develop an optimization method that integrates 

these modules aiming at timely redistributing the bicycles among stations.  

In this paper, a dynamic repositioning model in BSS is developed, where the forthcoming 

demand is predicted based on a data-driven Neural Network (NN) approach. One case study 

is conducted to investigate how the proposed model can minimize the vehicle’s 

transportation time and users’ waiting time. The contributions of this research are: (1) the 

proposed method is one of few studies that combines the demand prediction in bicycle 

reposition, which makes the dynamic operation more accurate; (2) the data-driven NN 

method has been demonstrated introduced and applied in bike repositioning study; (3) the 

dynamic repositioning approach could achieve minimum vehicle’s transportation time and 

users’ waiting time.  

The remainder of the paper is organized as follow. Section 2 summarizes related literature 

to specify the research problem. Section 3 introduces the data-driven Neural Network 

approach to predict the bicycle-sharing demand. Section 4 develops the dynamic 

repositioning model, followed by the solution algorithm in Section 5. Case study is discussed 

in Section 6, and the conclusion is given in Section 7. 

2 Literature Review 



 

The repositioning in BSS relies on an intelligent monitor and scheduling system. Control 

center first receives real-time usage information from bicycle-sharing stations, then 

calculates the request for repositioning service, and finally schedules the repositioning 

vehicle’s route as shown in Figure 1.  

 

Figure 1 Schematic diagram of repositioning routes (map source: Google map) 

However, as the bicycle-sharing usage changes at any time, the repositioning results based 

on the previous time interval may not meet the requirement of the real-time demand. 

Therefore, the control center usually predicts the forthcoming demand first, and then makes 

the repositioning schedule. Many prediction methods have been introduced and tested in 

applications in the mobility-sharing demand prediction problem, such as time series method, 

regression-based method, gradient boosting machine, NN, and Bayesian Network (BN) (Dai 

et al., 2019). A brief comparison of the performance of several typical mobility-sharing 

demand prediction models is listed in Table 1.  

From Table 1, it can be summarized that there is no perfect prediction method which could 

be used in all situations. The selection of prediction method should be based on the research 
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objective, design and the possible data sources. For this study, one of the research tasks is to 

predict the bicycle sharing usage in next time interval based on the historical data in large 

scale. NN could be one of the best candidates in this situation as it is capable of modelling 

dynamic process. The key advantage of using NN is that NN eliminates the need to assume 

explicit functions for returned or picked up bicycles as NN learns directly from the historical 

observed bicycle usage data. NN has demonstrated the ability to capture subtle functional 

relationships within the empirical data, even though the underlying relationships are 

unknown or hard to describe. Unlike traditional statistical models, NN is a type of data-

driven and non-parametric models. It does not require strong model assumptions and can 

map any nonlinear function without a priori assumption about the properties of the data 

(Meng et al., 2015). Therefore, this study shall use NN method to predict bicycle sharing 

usage which shall be used as input to the repositioning model.  

Table 1 Initial repositioning request 

Method  Input  Characteristics Literature  

Time series 

method 

 

Historic time series 

data 

Statistical technique with 

good accuracy; parameter 

calibration highly affects 

prediction accuracy  

Kaltenbrunner et al., 

2010; Borgnat et al., 

2010 

Regression-

based 

model 

Historic data and 

choosing proper 

dependent variables 

(determining the 

result accuracy) 

Model is simple; parameters 

need to be calibrated  

Hampshire and 

Marla, 2012; Han et 

al., 2014 

Machine 

learning 

method 

(e.g. 

Gradient 

boosting 

machine, 

NN, BN) 

Historic data 

Could model dynamic 

process well; suitable for 

large-scale prediction; 

usually needs more 

computational effort 

Thirumalai, and 

Koppuravuri, 2017; 

Xu et al., 2018; Ai et 

al., 2019; Rahim et 

al., 2019  



 

 

The main concept of repositioning problem in BSS revolves around the following three 

questions: (a) how many bicycles to be carried by the repositioning vehicle, (b) how to route 

the vehicle, and (c) the frequency of repositioning. The first two questions belong to the 

wide class of Pickup and Delivery Vehicle Routing Problem (PDVRP), which is classified 

into different types based on different criteria: (a) PDVRP with single or multiple depots; (b) 

PDVRP with single or multiple objectives; (c) PDVRP with or without time windows; and 

(d) PDVRP with or without capacity limitation (Zhang et al., 2015; Zhang et al., 2018; 

Abdulkader et al., 2018). In general, the number of bicycles at each station can be considered 

as the inventory of the station, and the delivery service viewed as the inventory restocking 

service (Ting and Liao, 2013; Li et al, 2019; Bernardo et al., 2020). Unlike inventory 

management which only offers the supply service, the repositioning in BSS simultaneously 

provides collection (from full/near-full station) and return (to empty/near-empty station) 

services. The number of repositioned bicycles is usually a variable value which is calculated 

according to the actual field counts or, in rare cases, a fixed constant (Raviv and Kolka, 

2013; Lin et al., 2013; Liu and Ceder, 2020). The objective of vehicle routing optimization is 

to minimize the total route cost, which has been widely discussed using various approaches, 

e.g. graph theoretical approach, mathematical approach and simulation approach. 

The third question of repositioning frequency can be either during quiet (night/end-of-day) 

period when the demand is negligible, called static repositioning, or anytime during the day 

when the inventory at some stations achieves a certain level, called dynamic repositioning. 

At present, static reposition models have been much studied; linear programming 
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formulation, non-linger mixed-integer formulation and bi-level optimization formulation 

have been developed and detailed results were obtained in their applications (Forma et al., 

2015; Ho and Szeto, 2014; Li et al., 2016; Wang and Szeto, 2018).  

Important advances have been realized and published in several recent studies on the 

formulation and analysis of dynamic models, where user demand over time is considered. In 

theory, a continuous dynamic repositioning model along a continuous updating time is 

preferable. However, for practical application, a continuous dynamic repositioning model is 

not necessarily reasonable, considering the limited number of repositioning vehicles and the 

unsustainable continuous operation of the repositioning vehicle in BSS. Therefore, it is 

reasonable that all the existing studies dealt with the dynamic repositioning problem in a 

discrete form, where the study period is divided into a certain number of time intervals and 

system status is updated at the beginning of each time interval.  Contardo et al. (2012) 

formally defined this issue as a dynamic public bicycle-sharing balancing problem and 

proposed a mathematical model on a space-time network using an arc-flow formulation.  

Although several drawbacks have been found in this model, such as neglecting loading and 

unloading times, complicated application in practice, this model represented the first major 

attempt at tackling the repositioning issue from an operations research perspective by 

combining Dantzig-Wolfe and Benders decomposition in a nested way. Raviv and Kolka 

(2013) presented a dynamic inventory model of a bicycle-sharing rental station by 

introducing a user dissatisfaction function to measure the performance of a station. Regue 

and Recker (2014) proposed a framework that incorporated demand prediction in the 

dynamic bicycle-sharing repositioning problem. Four core models were included in the 



 

framework, namely demand forecasting model, station inventory model, redistribution needs 

model and vehicle-routing model. Simulation results based on Boston’s bicycle sharing data 

indicated that BSS performance improvements of 7% are achieved thereby reducing the 

number of empty and full events by 57% and 76%, respectively, during evening peaks. 

Sayarshad et al. (2012) and Shu et al. (2013) studied the repositioning process with a fixed 

long time interval, where one repositioning cycle could be completed within one time 

interval. Kaspi et al. (2017) studied the regulation of one-way station-based vehicle sharing 

systems through parking reservation policies using BSS as the interpretative example.  

Recently, Ghosh et al. (2017a) modelled the dynamic repositioning issue by using a mixed 

integer linear programming approach, in which the routes for repositioning vehicles and the 

future expected demand were considered. Ghosh et al. (2017b) further considered this issue 

from the bicycle trailer point of view to generate the repositioning task for the trailers to 

better meet the customer demand. In a similar way, Lowalekar et al. (2017) proposed an 

online approach to compute dynamic repositioning and routing policy using demand samples 

from historical data. The above dynamic models dealt with very long interval in updating 

reposition plan (in the order of 20, 40, and 60 minutes, or more than one hour), where the 

short-term usage demand changes may not be reflected precisely.  

In this study, we adopt a dynamic approach with a relatively short fixed time interval, 

where the forthcoming bicycle-sharing demand is predicted by NN approach based on 

historical data. The result from the prediction model shall be set as the input for the vehicle 

repositioning. The repositioning decision is only checked at the beginning of the time 

interval. Bicycle borrow/return counts, and hence required repositioning vehicle number, 
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within the time interval are regarded to have occurred at the beginning of the time interval. 

The judgment criterion for conducting repositioning is based on the available bicycle docks 

(or placement lots as in dockless operation). Since the assumptions only consider local real-

time demand without a plan that is calculated in advance for a lengthy period, it ensures a lot 

of flexibility to the model in concurrently considering real-time usage level and inventory, 

and thereby greatly reducing the complexity of calculations.   

3 Bicycle-Sharing Demand Prediction 

As mentioned earlier, NN method has been widely used in demand prediction in mobility-

sharing operations, where the four basic steps of NN include: data collection; network 

structure definition; network training; and network simulation. The schematic of a typical 

NN is shown in Figure 2, which consists of one input layer, one output layer and multiple 

hidden layers. The network learning process comprises forward computing of data stream 

and back propagation of error signals. During forward computing, the input information is 

handled from the input layer to the output layer through weighted processing in multiple 

hidden layers. If there is error between the expected value and the output value obtained 

from the transfer function, the error shall be sent back through the original connection path 

and be reduced by adjusting the weight layer by layer. The two processes repeat until the 

output meets the requirements.  



 

 

Figure 2 Schematic of a typical NN 

In this study, a typical NN structure with three layers is used where there is only one 

hidden layer besides one input layer and one output layer. The number of neurons in hidden 

layer is determined by the following equation: 

 h p on n n conn= + +   (1) 

where nh is the number of neurons in hidden layer, np is the number of neurons in input layer, 

no is the number of neurons in output layer, conn is a constant number, ranged from 1 to 10.  

The demand prediction process includes two main parts: ( )id s prediction and ( )ia s

prediction, where ( )id s  is the number of bicycles borrowed by users leaving from station i at 

time interval s; ( )ia s  is the number of bicycles returned by users arriving at station i at time 

interval s. Taking ( )id s prediction as example, ( )ia s prediction follows the same procedure. 

The components in input ( )0 1 2 3, , ,X x x x x=  represent the number of borrowed bicycles in 

different time periods, where 
0x  is the number of borrowed bicycles in the previous time 

interval in the same day; 
1 2 3, ,x x x  are the number of borrowed bicycles in the same time 

interval in the previous week, previous second week, and previous third week, respectively. 

These four inputs are all from historical data, which do not include any external source. O=o 
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is the output representing the predicted number of borrowed bicycles in the coming time 

interval. Based on Eq.(1), it can be calculated that the number of neurons in hidden layer can 

range from 4 to 12. The output should be rounded to get integers to link with the number of 

bicycles for the repositioning.  

4 Vehicle Repositioning Modelling 

The dynamic repositioning model is activated at constant time interval and it uses the 

forthcoming demand and the system inventory as the input to determine the relocation path 

and the relocation amount for the repositioning vehicle.  Given a bicycle-sharing system, let

N represents the set of nodes, 0nN N N=  ; nN  represents the set of bicycle-sharing stations, 

 1,2,...,nN n= , which is indexed by ,i j ; 0N  represents the set of depots,  0 0N = ;V represents 

the set of repositioning vehicles, which is indexed by v , {1,2,..., }V v= . Divide the study period 

0 1,s s  into S numbers of small interval with length of 
1 0( )s s S = − ; Let S  represents the set 

of time intervals, which is indexed by s , {1,2,..., }S S= . 

The objective for each round of repositioning is to minimize the total vehicle’s 

transportation time and minimize the users’ waiting time due to lack of bicycles. We use 

operator cost to represent the vehicle’s transportation time and penalty cost to represent the 

users’ waiting time. Let ( )*G s denote the optimal objective value for one repositioning round 

at time interval s which follows the linear structure:  

 𝐺(𝑠)∗ = 𝑚𝑖𝑛[𝜔1𝑂𝑃𝐸(𝑠) + 𝜔2𝜁𝑈𝑆𝐸(𝑠)]  (2) 

where OPE(s) is the operator cost at time interval s; USE(s) is the penalty cost from the user 

side caused by the shortage of bicycle at the station at time interval s; 
1w and 

2w are the 



 

weight of operator cost and the penalty cost;  is the weight factor of the operator cost 

relative to the penalty cost. 

The operator cost includes two parts: fixed cost and travel cost. Fixed cost refers to the 

cost for one repositioning vehicle, such as charge for usage and expenditure on manpower, 

which is equal to the unit cost multiplied by the number of repositioning vehicles. The travel 

cost is measured based on the vehicle’s travel time. Therefore, the operator cost (OPE) is 

obtained as follows: 

 0 0

0 1 0 0 1

( ) ( ) ( )

n V n n V

jv v ij ijv

j v i j v

OPE s c x s c t x s

= = = = =

= +   (3) 

where 
0c  is the fixed costs for one repositioning vehicle; ( )ijvx s is a binary variable, which 

equals to one if the departing repositioning vehicle v drives directly from node i to node j at 

time interval s, and zero otherwise; 
vc  is average repositioning vehicle’s travel costs per unit 

time; ijt  is the travel time from node i to node j. 

The penalty cost is directly related with the available services at the station. If the bicycle 

could not be relocated on time, user will not wait for it, which will affect the satisfaction and 

loyalty. Moreover, the location of bicycle-sharing stations influences the importance of this 

station in the system. Then the penalty cost (USE) in the system could be measured by: 

       ( ) ( ( )) ( ( ) ( ( ) ( )))

n

p i i i i i

i

USE s c t s d s a s b s= − +  (4) 

where 
i is the weight factor of the station i to other stations based on its function in the 

network, 
1

1

n

i

i


=

=  ; ( )ib s  is the number of bicycles at node i at time interval s; ( ( ))p ic t s  is the 



 

14 

 

unit penalty cost at time ( )it s  from the user side caused by shortage of bicycle, where ( )it s  is  

the time that repositioning starts for station i at time interval s. There is no penalty cost if 

there are enough bicycles or available docks at the station, as follows: 

( )) 0, ( ) ( ) ( ) ( ) ( ) ( )( i i i i i ip i it s if d s a s bc s or a s h d s b s=  +  + − that is  

       ( )) 0, ( ) ( ) ( ) ( )( i i i i ip ic t s if b s a s d s h b s= −  −  −  (5) 

where 
ih is the number of bicycle docks at node i, referred to as the station’s capacity. If the 

user could not rent or return the bicycle at the station, he/she may wait at the station for a 

short time until there is available bicycle or dock, especially at the stations with large 

demand. Assume that there is an acceptable range for waiting time. If the repositioning 

vehicle could not arrive at this station within this acceptable range, the user will leave this 

station and thus the situation should be penalized. Therefore, if the following constraint  

( ) ( ) ( ) ( )i i i i ib s a s d s h b s−  −  −  could not be satisfied, the function of ))( (ip t sc  follows the linear 

trend as follows: 

 

0, ( ) ( )

( ( ) ( ))
( )) , ( ) ( ) ( )

( ) ( )
(

, ( ) ( )

i i

u i i
i i i i

i i

i i

pc
T

if t s T s

c M s t s
t s if T s t s M s

M s s

M if t s M s

 


−
=  

−
 

 (6) 

where ( ), ( )i iD s T s    is the demand time window for station i at time interval s, where ( )iD s is 

the lower bound and ( )iT s is the upper bound; ( )iM s is the tolerance repositioning time for 

station i at time interval s, )( ) (i iM Ts s  ;
uc  is maximum penalty cost; M is a large number 

which is used to avoid the unacceptable situation.  

 



 

There are five types of constraint: (a) capacity constraints for station and repositioning 

vehicle; (b) number of repositioning vehicles and repositioning constraints; (c) flow-

conservation constraints for links and vehicles; (d) time constraints; and (e) non-negativity 

constraints. Parts of the constraints are extended from the static repositioning model by 

Forma et al. (2015). All constraints are conditioned by the following functions. 

 
1

( ) ( 1) ( ( ) ( )) ( ( ) ( )),

V
U L

i i i i iv iv

v

b s b s a s d s z s z s i

=

= − + − + −    (7) 

 ( ) ( ) ( ) ( ), ,U L
iv iv ijv jiv

j i j i

z s z s z s z s i v

 

− = −    (8) 

 ( ) ( 1) ( 1) ( 1), , , ,L U
ijv ijv iv ivz s z s z s z s i j v i j= − + − − −    (9) 

 0 ( ) ( ), , , ,ijv v ijvz s q x s i j v i j     (10) 

 0

1 1

( )

V n

jv

v j

x s V

= =

  (11) 

 
0,

( ) 1, ,
n

ijv

j j i

x s i v
= 

   (12) 

 
1

( ) ( ),

V
L
iv i

v

z s b s i

=

   (13) 

 
1

( ) ( ),

V
U
iv i i

v

z s h b s i

=

 −   (14) 

 
1 1

( ) ( ),

n n
L U
iv iv

i i

z s z s v

= =

=    (15) 

 
0, 0,

,( ) ( ),
n n

ijv jiv

j j i j j i

x s ix vs
=  = 

=   (16) 
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1

0 0,

( ) ( ) ( ( ) ( ))

( ),

n
L U

j i iv iv

i

n n

ij ijv

i j j i

t s t s Lz s Uz s

t x s v

=

= = 

= + +

+ 



 
 (17) 

 ( ) {0,1}, , ,ijvx s i j v   (18) 

 ( ) 0, ( ) 0,integer, ,U L
iv ivz s z s i v    (19) 

 ( ) 0, ( ) 0,integer,i ia s d s i    (20) 

 ( ) 0, integer, , ,ijvz s i j v   (21) 

 ( ) 0,integer,ib s i   (22) 

where ( )L
ivz s  is the number of bicycles loaded onto repositioning vehicle v at node i at time 

interval s; ( )U
ivz s is the number of bicycles unloaded from repositioning vehicle v at node i at 

time interval s; ( )ijvz s is the number of bicycles carried on repositioning vehicle v when it 

travels directly from node i to node j at time interval s; ( )ijvz s  is zero if the repositioning 

vehicle v does not travel directly from node i to node j at time interval s; vq is the carry 

capacity of repositioning vehicle v; L is the time required to remove a bicycle from a station 

and load it onto the repositioning vehicle; U is the time required to unload a bicycle from the 

repositioning vehicle and hook it to a bicycle dock in a station.  

Eq. (7) is the inventory-balance constraint at the bicycle-sharing station. Eq. (8) and Eq. (9) 

are the conservation of bicycles on the vehicle. Eq. (10) is the capacity limitation of one 

repositioning vehicle. Eq. (11) limits the total number of vehicles for repositioning and Eq. 

(12) ensures that each station is served at most by one vehicle.  Eqs. (13) and (14) limit the 

number of loading and unloading bicycles by all vehicles. Eq. (15) is the conservation of the 



 

total number of loading and unloading bicycles and Eq. (16) is the flow-conservation 

constraints for link. Eq. (17) is the arrival time calculation, which stipulates that the arrival 

time at node j is equal to the arrival time at the node i plus the loading/unloading service 

time at node i and the travel time between nodes i and j. Eq. (18) is a binary constraint. Eqs. 

(19) and (20) are the non-negativity and integrality constraints for the bicycles being 

repositioned by vehicle and used by users, respectively. Eqs. (21) and (22) are non-

negativity and integrality constraints for the number of bicycles carried on the repositioning 

vehicle and the inventory at the node.  

 

5 Repositioning Algorithm  

The vehicle repositioning problem is proved to be a type of non-deterministic polynomial-

time hard (NP-hard) problem, where solution time increases quickly as the size of the 

problem grows. Till now, there is no efficient mathematical approach to give an accurate 

solution to this problem in practice. Herein, metaheuristic technique which can speed up the 

process of finding a satisfactory solution is widely used in application for solving this NP-

hard problem, such as genetic algorithm (GA), ant colony optimization, simulated annealing 

(SA), tabu search (TS) and guided local search. These approaches offer a good practical 

compromise between computational effort and solution quality by using a variety of 

knowledge like organic evolution, artificial intelligence, etc. Due to the limitation of each 

approach, the use of hybrid algorithm is widespread in this field. In this study, a 

hybridisation of two well-known metaheuristic methodologies, namely adaptive genetic 
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algorithm (AGA) and Granular Tabu Search (GTS) is adopted to find the approximate 

optimal solution for the proposed model.  

The detailed hybrid AGA-GTS algorithm consists of two parts: (a) the construction of the 

initial repositioning plan estimated by the AGA solution at the first time interval, and (b) the 

repositioning revision using GTS procedure according to the real-time usage pattern, as 

illustrated in Figure 3. For a system with certain number of vehicle depots and bicycle 

stations, an AGA algorithm is used to find the approximate good initial solution. As time 

goes on, when the new demand is added into the system (the new blue station at left side in 

Figure 3(c)), GTS is selected for solving the repositioning problem. The hybrid algorithm 

combines the AGA’s parallel computation at the initial time interval to set a right direction 

for next reposition and the GTS’s fast local search to guarantee the calculation time.  

 

(a) Depots and stations 

 

(b) Approximate initial solution using AGA 

 

(c) GTS local search at the updated time interval 



 

 

Figure 3 Example of the solutions obtained by the proposed hybrid algorithm 

5.1 Preliminary preparation 

The type and the capacity of each station vary, and some stations may have demand 

several times larger than other stations, hence a single repositioning vehicle might not satisfy 

such large repositioning request for that time interval. Therefore, virtual nodes are added for 

these stations by separating one station into several virtual stations at the same location. The 

virtual stations shall be treated as new stations same as other stations, except sharing the 

location with the original station. Consequently, the repositioning request is thus individually 

allocated to each of these virtual stations. One virtual station represents one affordable 

repositioning request, which is usually set as one or half time the capacity of the 

repositioning vehicle.  

The repositioning vehicle constraints, non-negativity and integrality constraints are 

represented in the chromosome (individual) in AGA with specific genetic operators to 

ensure that every solution in the chromosome is a feasible solution. The capacity constraints 

are dealt with by introducing penalty parameter with a large value. If the solution in the 

chromosome exceeds the capacity constraints, it will be assigned with a penalty which is 

hundred times larger than the optimal value such that it could hardly ever go to the next 

generation due to the smallest fitness. In order to maintain the population size, some 

infeasible solutions may also move into the next generation. But after many rounds of 

iteration, the approximate optimal solution will take the lead position.  
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5.2 Initial solution 

The first repositioning solution is calculated based on AGA, where the chromosome 

represents the service sequence of all the repositioning vehicles.  The overall flow of AGA 

algorithm is shown in Figure 4. After initializing the parameters, we first code the nodes 

based on integer coding rules and generate the initial population randomly, second calculate 

the individual’s fitness, third implement genetic operators’ operations, and then iterate until 

the maximum generation is reached. The basic items in AGA include encoding, initial 

population, selection operator, crossover operator, mutation operator, fitness function and 

adaptive probability of crossover and mutation.  

 

Figure 4 Flowchart of AGA 



 

Firstly, all nodes are coded by integer coding rules, where the depot is coded as 0 and 

stations (including virtual stations) are encoded following their sequence {1, 2, …, n}. 

Secondly, the initial population is generated randomly. The size of initial population should 

be defined according to the real problem, where the common size is 20 to 100. After 

determining the initial population size, the initial population is generated randomly. Thirdly, 

the selection operator is to determine the parent solution with the better fitness among initial 

population by using roulette wheel selection where the selection probability is calculated 

based on the ratio of individual fitness to the population fitness. Fourthly, crossover is to 

produce the child solution from more than one parent solution. It includes two phases: match 

the parent solutions based on the adaptive probability of crossover, and then determine the 

crossover point. Fifthly, to avoid local minima by preventing the population of chromosomes 

from becoming too similar to each other, the mutation operator is added to some solutions 

randomly to change its value. As a result, there is a potential for increasing the searching 

speed.  

Fitness function is used to calculate each individual’s fitness which is the only criterion 

during the searching process and thus affects the overall performance of the algorithm. In 

term of repositioning objective in BSS, since the objective is to find the solution with lower 

cost, the fitness function in this study is used as follow: 

       ( )
( )

1

1
f a

G a
=

+
 (23) 

where ( )f a  is the fitness of one individual a, G is the individual’s objective value. 
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The key advantage of AGA compared with traditional GA is to adopt the probability of 

crossover and mutation based on the fitness statistics of population at each generation, as 

first established by Srinivas and Patnaik (1994) who found that the value of the probability 

of crossover and mutation should be varied with the difference between the maximum fitness 

value and average fitness value of the population to avoid the same importance level of the 

solutions with highest and lowest fitness value. The adaptive strategy for updating 

probability of crossover and mutation is expressed as follows: 

 
1 max max

2

( ') ( ) , '

, '

avg avg

c
avg

k f f f f if f f
p

k if f f

− − 
= 


 (24) 

 
3 max max

4

( ) ( ) ,

,

avg avg

m
avg

k f f f f if f f
p

k if f f

− − 
= 



 (25) 

where 
cp and 

mp are the probability of crossover and mutation, respectively; max , , ',avgf f f f  

are the maximum fitness of the population, the average fitness of the population, the larger 

fitness of two crossed individuals, the fitness of one individual, respectively. 
1 2 3 4, , ,k k k k  are 

the parameters, where generally 
1 2, [0.8,1]k k   and 

3 4, [0.001,0.1]k k  . 

Eqs. (24) and (25) are developed based on the following ideas. Figure 5 shows that the 

diversity (measured by fmax-favg) decreases if the algorithm converges to local minima. Hence, 

cp and 
mp have to be increased in order to enhance the exploration, which means that 

cp and 

mp vary inversely with fmax-favg. However, it will prevent the algorithm converging to global 

optimal. To solve this issue, the good individuals (measured by fmax-f  or fmax-f’) should be 

preserved. 
cp and 

mp have to be decreased for the high fitness individuals, which means that 

cp and 
mp  vary proportional to  fmax-f  or fmax-f’.  



 

 

Figure 5 fmax-favg decreases as the algorithm converges 

5.3 Repositioning revision 

Due to the strong time-spatial variation of bicycle-sharing usage, as well as the uncertain 

traffic condition (which affects repositioning vehicle’s travel time), the initial repositioning 

plan would not satisfy the system’s real-time requirement. Thus, dynamic revision of the 

repositioning plan is required, where the variable information includes demand changes, 

number of repositioning vehicle changes and network changes (e.g. system capacity 

changes). 

Some new stations may submit request to be serviced after the initial repositioning plan 

has been established. These requests can be inserted into the initial reposition plan as initial 

solutions in the repositioning revision process. Then an updated reposition plan shall be 

given based on the new results from the revision algorithm (GTS algorithm in this study). If 

the capacity of the initial vehicle could not satisfy the updated demand, BSS control center 

can assign a new repositioning vehicle to service the system. Some requests may be 
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cancelled before the vehicle arrived, and these cancelled requests can be removed from the 

plan directly and the plan re-adjusted correspondingly, unless the repositioning vehicle is 

already on the way to that station. The original requests can also be changed including 

changes in the number of bicycles and/or the required arrival time window. The 

requirements would not be added into the current repositioning plan for revision if the 

revised request can exceed the vehicle’s capacity or decrease the total user’s satisfaction.   

TS algorithm is well-known for its intelligent ability to escape the local optima by using a 

short-term memory of recent solutions. TS algorithm has been developed and improved by 

many researchers, while excellent results have demonstrated the great potential of TS 

algorithms for solving vehicle routing problems. To revise repositioning plan according to 

real-time requests in BSS, an improved TS algorithm, the GTS algorithm, is applied in this 

study which considered drastically restricted neighbourhoods to speed up local searching. 

We use the initial repositioning plan from AGA as the initial solution, then create the 

granular neighbourhood to find the best admissible solution. In this phase, intra-route moves 

(performed in the same route) and inter-route moves (performs between two routes assigned 

to the same depot or to different deports) which are adopted from Escobar et al. (2014) are 

considered as described in the following and a tabu list is build.  

Each search for an improving move in a granular neighbourhood of the current solution 

and the best move (minimum cost) from among some promising moves randomly selected is 

used to obtain a new current solution. Eq.(2) is used as the objective function for any 

solution. 



 

The neighbourhood is constructed to identify adjacent solutions that can be researched 

from current solution. The GTS algorithm uses restricted neighbourhoods, called granular 

neighbourhoods, by removing a large quantity of unpromising moves and restrict the 

searching to only within a small subset of the most promising ones. The promising 

neighbour is obtained from a sparse graph which includes all the routes with a cost not 

greater than a granularity threshold value 𝜗 = ε𝑧̅  (where  is a sparsification factor and z is 

the average cost of the route), the route belonging to the best feasible solution, and the route 

(i, j) incident to the depot for which the distance factor is not greater than the maximum 

duration (Escobar et al., 2014). In this way, granular neighbourhoods ensure less 

computation time compared to complete searching. Those unpromising moves will be 

recorded in the tabu list, which is the short-term set of forbidden moves. The length of the 

tabu list is commonly set as a constant value, where each time the new route is added to the 

bottom of the list, the oldest route inside of the list is removed from the top.   

 The aspiration criterion is used to allow the moves in the tabu list to be reselected to avoid 

the overridden. Usually, the objective value-based aspiration criterion is used to exempt the 

move from the tabu list. When a certain move has a sufficiently attractive objective value 

than other previous solutions, this move will be visited in the next iteration.  

The detailed procedure of GTS is listed in Figure 6. 
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Figure 6 The flowchart of GTS 
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5.4 The algorithm flow 

The detailed procedures are described below: 

Step 1: Initialize parameters: population size pop_size; maximum generation max_gen; 

adaptive pc and pm parameters k1, k2, k3, k4; maximum iteration number max_it; length of 

tabu list ts_len; granularity threshold parameter ; 

Step 2: Preliminary preparation and remove the requests that have been serviced and set 

time s=1; 

Step 3: Generate the first reposition plan using AGA algorithm;  

a) Set generation G=1; 

b) Generate the initial population by coding method; 

c) Decode and calculate the fitness value; 

d) Implement genetic operator operations; 

i. Select and reproduce according to the fitness value; 

ii. Calculate the adaptive probability pc and crossover;  

iii. Calculate the adaptive probability pm and mutation. 

e) Update population and check: if G > max_gen, go to Step 3.f; otherwise G = G+1, go 

to Step 3.c; 

f) Output the best individual (repositioning plan); 

Step 4: Conduct the repositioning plan s=s and record the trip time;  

Step 5: Does the system time reach the next time interval? If yes, s=s+1, go to Step 6; 

otherwise go to Step 4; 

Step 6: If s < S, take Step 7; otherwise go to Step 8; 



 

28 

 

Step 7: Does the demand have any update? If the demand has been changed, take Step 7.a; 

otherwise go to Step 4; 

a) Code the new request into the repositioning plan; 

b) Randomly generate initial solution of per sub-routing of station nodes according to 

the decoded individual. Initialize the tabu list TL, current solution x0, and the best 

admissible solution x1; 

c) Set iteration it=1; 

d) GTS local searching: 

i. If it > it_max, go to Step 7.e; otherwise take Step 7.d.ii; 

ii. Generate granularity neighborhood solutions based on the current solution x0 

of the 2-opt neighborhood functions  

iii. Determine best admissible solutions x’ based on the objective value; 

iv. Is x’ better than x1, if yes, take Step 7.d.vii; otherwise, go to Step 7.d.v; 

v. Is x’ in TL? If yes, take Step 7.d.vi; otherwise, go to Step 7.d.vii; 

vi. Delete x’ from the set of granularity neighborhood solutions, and go to 7.d.iii; 

vii. Let x0= x’, x1= x’ and update tabu list TL; 

viii. Does x0 meet the aspiration? If yes, go to Step 7.e; otherwise it = it +1 and go 

to Step 7.d. i; 

e) Output the best individual (repositioning plan); go to Step 4; 

Step 8: Stop and output all the repositioning plans at each time interval.  



 

5.5 Efficiency of the algorithm  

To evaluate the performance of the AGA-GTS, a set of experiments is tested in Matlab on 

a ThinkPad T460s Laptop with 2.60GHz CPU with GA and TS algorithms. To the best of 

the authors’ knowledge, such a set of benchmark scenarios does not exist for dynamic 

repositioning problem yet. All the current studies used their own random data. To avoid the 

influence from the data source and network structure, we followed Contardo et al. (2012)’s 

idea to generate 30 instances randomly. There are 25, 50 and 100 stations in a plane with the 

x and y coordinates in the interval [0,60]. We adopted one of the cases from Contardo et al. 

(2012) that the total study period is 2 hours with 24 time intervals. The stations are randomly 

distributed in the plane and the stations are alternately pickup points or delivery points. For 

each combination, 10 instances are generated. In total, there are 30 instances. More details 

can be found in Contardo et al. (2012).  The demand matrix is same for all instances at each 

time interval. The rest of parameters are set as: V=5, qv=18, L=U=0.5, =2, 0.037i = , 

1 2 0.5w w= = , pop_size=40, max_gen=200, 
1 2 3 40.3, 0.1k k k k= = = = , max_it= 500, ts_len= 7, 

1.5 = . Since these algorithms are randomised algorithms and different results will be 

obtained by several implementations, every instance shall be solved for 10 independent runs, 

in which the best solution cost (Best), the worst solution cost (Worst) and the average 

solution cost (Average) are recorded as well as the average standard deviation (STD) among 

all relevant instances and the average CPU time (CPU) in seconds of one run among relevant 

instances. The summary of the results is shown in Table 2.  From Table 2, it can be found 

that the proposed AGA-GTS performs well for instances of different sizes. For each size, the 

AGA-GTS algorithms mostly dominate other algorithms in terms of CPU time. For all test 
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instances, the best AGA-GTS solution cost deviates on average by 9% among other three 

algorithms. This implies that the proposed AGA-GTS can significantly improve the 

solutions of these heuristic solutions and our algorithmic approach is highly competitive. 

Table 2 Summary of the results for instances 

Algori

thm 
  

Instances with 25 

stations 

Instances with 50 

stations 

Instances with 100 

stations 

OPE USE G OPE USE G OPE USE G 

AGA-

GTS 

Best 1532.1 109.2 875.2 4311.4 271.3 2427.0 
10001.

0 
502.7 5503.2 

Worst 1544.2 120.2 892.3 4367.4 279.1 2462.8 
10022.

3 
534.5 5545.6 

Avera

ge 
1538.3 113.2 882.3 4343.8 276.3 2448.2 

10014.

9 
519.9 5527.3 

STD 9.1 10.4 9.8 15.5 17.1 16.5 20.1 21.9 20.6 

CPU 24.0 39.2  52.2   

GA 

Best 1634.3 128.1 945.2 4568.1 385.7 2669.7 
11054.

3 
581.5 6108.6 

Worst 1667.5 134.4 968.1 4599.4 421.7 2721.4 
11103.

9 
620.4 6172.3 

Avera

ge 
1643.0 129.8 951.3 4576.7 409.8 2698.1 

11089.

2 
597.2 6141.8 

STD 10.5 11.6 11.3 24.6 28.4 26.1 30.9 32.4 32.0 

CPU   38.1     61.2    110.1   

TS 

Best 1612.4 130.3 936.5 4489.3 449.4 2694.0 
11084.

2 
621.5 6163.6 

Worst 1622.9 149.6 961.0 4581.1 458.0 2748.5 
11102.

7 
682.0 6233.3 

Avera

ge 
1619.6 137.4 947.2 4491.6 454.8 2700.6 

11099.

3 
641.1 6190.7 

STD 11.1 12.9 11.9 26.4 28.6 27.1 33.9 35.2 34.7 

CPU   33.8     45.8     77.9   

 

6 Simulation Implementation 

6.1 Study network 

The BSS in Shouguang, China is used as the case study to test the efficiency of the 

proposed method. This BSS contains 1 depot, 91 stations and 10 repositioning vehicles. The 



 

fixed cost for every repositioning vehicle is c0 =10 and the variable cost between two nodes 

is cv=3.5, which are adopted from Qin’s study (2013) based on the real operational setting. 

The maximum user penalty is cu=100, and the large value to avoid unacceptable waiting is 

set at M=1000. The distance and travel time among each node are abstracted from Qin’s 

study (2013), where the travel time is assumed to be constant without considering the 

influence of real time traffic condition. Therefore, the operator cost between two nodes can 

be calculated. Study period is from 7:20 am to 9:20 am, which is equal to
1 0 120s s− =  

minutes. The average travel time between two stations is 5 minutes and the average 

repositioning time at one station is 3 minutes, then the time interval is set as 5 3 8 = + =  

minutes, and the number of time intervals is 120 8 15S = = . Other parameters are set as 

follows based on Shouguang’s network: qv=25, L=U=0.5, =2, 0.037i = , 
1 2 0.5w w= = .  One 

affordable request is set as one times the capacity of the repositioning vehicle
vq .  

The BSS control center  predicts the forthcoming demand in the next 16 minutes (2 time 

intervals) for the initial plan and predict the demand in next 8 minutes (1 time interval) for 

the next plans. The demand matrix will update at each time interval according to the real-

time usage. The demand prediction model shall provide the input for the dynamic vehicle 

repositioning model. Therefore, the demand prediction also needs to be updated regularly, in 

which the update time interval is same with the interval used in the vehicle repositioning 

model. BSS control center will revise the repositioning plan using the GTS algorithm. If the 

new requirement from the station could not satisfy the model constraints, control center may 

add a new repositioning vehicle.  
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6.2 Demand prediction results  

We took the prediction of the number of bicycles borrowed at each station for example. 

The master data set with data points from 50 days is divided into three subsets for training, 

validation and testing. The data used each process is set as 30 days (60%), 5 days (10%) and 

15 days (30%). Hence, the training subset consisting of 30 day *24 hour/day* 7.5 time 

interval/hour = 5400 data points was used for setting the network. The validation subset 

consisting of 5 day*24 hour/day* 7.5 time interval/hour = 900 data points was used to 

prevent the network from learning the idiosyncrasies in the training process. The testing 

subset consisting of 15 day *24 hour/day* 7.5 time interval/hour = 2700 data points was 

used to evaluate the performance of trained network. The whole process was implemented 

by Matlab with Neural Network Toolbox.  The input data was scaled into the range [0,1]. 

The scaled conjugate gradient training method with the Levenberg-Marquardt algorithm was 

selected to train the network. The batch training approach was used where the weights and 

biases were only updated after all the inputs and targets are presented once. The model was 

set to be trained for a maximum of 10,000 cycles. At the end of each cycle, the trained model 

was tested on the validation set and the prediction error was calculated by mean squared 

error. If the prediction error is less than that in the previous cycle, the model will be saved 

and the training process continued. The training process was set to stop if the prediction 

error in the validation process increased by a specified threshold. After 6,202 rounds of 

network training, the average mean squared error (MSE) from three datasets is less than 0.03 

(0.0327, 0.0023, 0.0296). Then, the trained network could be used for the prediction.  



 

Considering the situation when time interval duration is 8, the actual demand level, the 

distribution of each station’s average prediction error and average percent error are shown in 

Figure 7. The X and Y axes in Figure 7 represent the location of the station,  which is same 

for Figures 9 and 10. The different shades of black of the station represent the demand level, 

average absolute prediction error and average percent error according to the index on the 

right side. The color represents the value of the number. The darker for the nodes means the 

greater value of the number. Results show that the largest prediction error (difference 

between the borrow count and the return count) at single station is less than 5, while the 

largest average percent error at single station is less than 10%. It could be found that the 

average percent error of the station with low traffic demand is generally higher than the 

stations with high traffic demand, while the average prediction error of the latter stations is 

smaller. The overall prediction results could meet the requirements. 

   

(a) Demand level           (b) Average absolute error 
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(c) Average percent error 

Figure 7 Actual demand level, the distribution of each station’s average prediction error 

and average percent error 

Figure 8 suggests that there are little usage differences between two time intervals if the 

time interval duration is set as 4 minutes, especially during non-peak period. Therefore, the 

predicted and real values of borrowed bicycles at station 40 in a typical day with 8 and 16 

minutes time interval durations are shown in Figure 9 to show the model performance. It can 

be seen that the prediction method performs well during both peak and non-peak periods, 

where the results could be used as the input for repositioning model. 
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Figure 8 (a) Predicted and real values of borrowed bicycles with 8 minutes time interval 

duration at station 40 in a typical day  

 

Figure 8 (b) Predicted and real values of borrowed bicycles with 16 minutes time interval 

duration at station 40 in a typical day  

6.3 Repositioning simulation results 

Parameters used in AGA algorithm are set as: population size pop_size=50, the number of 

generations max_gen=300, the parameters of adaptive probability of crossover and mutation 

rate
1 2 3 40.3, 0.1k k k k= = = = . The BSS control received 19 repositioning requests at the 

beginning time interval as shown in Table 3, where negative value means the number of 

unloaded bicycles and positive value means the number of loaded bicycles. After running the 

AGA algorism using MATLAB, the initial solution is obtained as shown in Table 4, where 6 

repositioning vehicles are needed to reposition the bicycles in the system. Vehicle 1 will start 

from the depot, and services the bicycle-sharing stations according to the order of 71-72-28-
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22, then returns back to the depot. The routes for the repositioning vehicles are shown in 

Figure 9. In this case, the total operator cost is 140.9 and the total penalty cost is 0.  

Table 3 Initial repositioning request 

Station Reposition demand [ Di(1), Ti(1)] Mi(1) 

10 -5 [7:20,7:28] 7:30 

11 2 [7:28,7:36] 7:36 

12 4 [7:28,7:36] 7:38 

13 -4 [7:20,7:28] 7:30 

14 8 [7:28,7:36] 7:38 

22 5 [7:28,7:36] 7:38 

28 -2 [7:28,7:36] 7:36 

31 -4 [7:20,7:28] 7:28 

36 -5 [7:20,7:28] 7:30 

54 8 [7:28,7:36] 7:36 

62 -3 [7:20,7:28] 7:28 

65 11 [7:28,7:36] 7:36 

69 4 [7:20,7:28] 7:28 

71 -6 [7:20,7:28] 7:28 

72 3 [7:20,7:28] 7:30 

74 -6 [7:20,7:28] 7:28 

87 -12 [7:20,7:28] 7:28 

88 -10 [7:28,7:36] 7:32 

89 -2 [7:20,7:28] 7:30 

Table 4 Initial repositioning plan 

Vehicle Reposition route OPE USE 

1 0-71-72-28-22-0 20.3 0 

2 0-74-88-54-0 29.1 0 

3 0-89-62-12-11-0 20.3 0 

4 0-31-69-36-0 34.0 0 

5 0-13-10-14-0 17.4 0 

6 0-87-65-0 19.8 0 

Total  140.9 0 



 

 

Figure 9 Initial repositioning routes 

When the time reaches at 7:28, which is the first information update point, the 

repositioning vehicle information is listed in Table 5, where vehicles 2 and 4 are on the way 

to next stations and the vehicles 1, 3 5 and 6 are stopping at the stations for the repositioning 

services. The real-time demand has changed as shown in Table 6, and the repositioning 

request at this time interval is updated in Table 7. Based on the above information, the 

revised repositioning plan is obtained by GTA in Table 8, where the parameters in GTS are 

listed as follows: maximum iteration number max_it=270; length of tabu list ts_len = 5; 

granularity threshold parameter 𝜗 = 1.5. The repositioning routes for all vehicles at 7:28 are 

shown in Figure 10. 

Table 5 Vehicle information at 7:28 

Vehicle Position Status ( )ijvz s  

1 72 Service 6 

2 74 On the way to 6 

3 62 Service 2 

4 69 On the way to 4 

5 10 Service 4 

6 87 Service 12 
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Table 6 Changes in repositioning request 

Station Changes Original request  Updated request 

11 Cancel 2 0 

15 -3 0 -3 

22 -2 5 3 

27 -6 0 -6 

33 -5 0 -5 

37 -2 0 -2 

38 4 0 4 

45 9 0 9 

54 2 8 10 

64 6 0 6 

67 -5 0 -5 

70 -5 0 -5 

90 -4 0 -4 

 

Table 7 Revised repositioning request at 7:28 

Station Reposition demand [ Di(2), Ti(2)] Mi(2) 

12 4 [7:28,7:36] 7:38 

14 8 [7:28,7:36] 7:38 

15 -3 [7:36,7:44] 7:44 

22 3 [7:28,7:36] 7:38 

27 -6 [7:36,7:44] 7:46 

28 -2 [7:28,7:36] 7:36 

33 -5 [7:36,7:44] 7:44 

37 -2 [7:28,7:36] 7:38 

38 4 [7:36,7:44] 7:46 

45 9 [7:28,7:36] 7:38 

54 10 [7:28,7:36] 7:40 

64 6 [7:36,7:44] 7:44 

65 11 [7:28,7:36] 7:36 

67 -5 [7:28,7:36] 7:36 

70 -5 [7:28,7:36] 7:36 

90 -4 [7:36,7:44] 7:48 

24 -7 [8:18,8:22] 8:23 

 

 

 



 

 Table 8 The revised repositioning plan at 7:28 

Vehicle Reposition route OPE USE 

1 72-78-22-27-0 15.9 0 

2 88-54-64-0 21.8 0 

3 62-12-67-23-0 14.4 0 

4 36-37-38-0 21.8 0 

5 10-14-15-0 14.4 0 

6 87-65-33-0 20.8 0 

7 0-70-45-90-0 32.1 0 

Total  141.1 0 

 

 

Figure 10 Repositioning routes at 7:28 

Following this procedure, the final repositioning plan in each time interval is listed in 

Table 9. Table 9 shows that 9 vehicles were used during the study period and each vehicle 

conducted repositioning task twice. Programs are run in MatlabR2014b on a Lenovo 

notebook with an Intel Core CPU (2.50 GHz) under Windows 7 Professional with 4 GB 

memory. The time unit used in the following calculation is second, while the cost unit is 

RMB. When the simulation is complete, the total operator cost is 426.9 and the total penalty 

cost is 55.3.   
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Table 9 The final repositioning plan  

Vehicle Route Start time End time OPE USE 

1 
0-71-72-28-22-

27-25-26-0 
7:20 8:08 20.5 0 

2 
0-74-88-54-64-

32-34-0 
7:20 8:08 25.5 0 

3 
0-89-62-12-67-

23-0 
7:20 7:52 20.5 0 

4 
0-31-69-36-37-

38-49-43-0 
7:20 8:00 29.0 0 

5 
0-13-10-14-15-

78-24-0 
7:20 8:00 18.5 0 

6 0-87-65-33-35-0 7:20 7:52 29.0 12.4 

7 
0-70-45-90-68-

82-48-30-0 
7:28 8:08 26.0 0 

8 
0-19-20-17-61-

16-21-0 
7:36 8:08 22.5 10.0 

9 
0-75-336-48-86-

47-59-46-66-0 
7:52 8:40 22.5 8.5 

1 
0-11-8-7-9-18-

17-73-24-0 
8:16 9:04 34.5 10.0 

2 

0-22-16-15-23-

67-11-78-13-21-

0 

8:16 9:12 27.0 0 

3 

0-70-52-51-58-

81-84-85-91-74-

34-0 

7:58 8:56 37.0 6.9 

4 
0-32-39-41-57-

55-54-44-0 
8:08 8:56 33.5 0 

5 
0-65-27-63-35-

33-29-71-26-0 
8:08 8:48 26.0 0 

6 
0-30-45-40-69-

31-70-0 
7:56 8:38 39.0 0 

7 
0-61-7-6-5-8-10-

14-78-0 
8:16 9:04 27.0 0 

8 
0-31-75-37-36-

30-40-0 
8:32 9:12 24.5 7.5 

9 
0-29-34-64-43-

42-0 
8:56 9:20 27.0 0 

 



 

6.4 Sensitivity analysis 

This section assesses the effects from different parameter settings on the performance, 

including: (1) the number of hidden layers in demand prediction; (2) the number of inputs in 

demand prediction; (3) the number of time interval in vehicle repositioning.  

Table 10 shows the average absolute error and average percent error under different 

number of hidden layers in demand prediction at station 40.  It could find that the accuracy 

in demand prediction increases first and then decreases when the increase of the number of 

hidden layers. When the number of hidden layer is 4, the accuracy of the demand prediction 

reaches the highest level with average absolute error of 1 and average percent error of 1.9. 

However, the high prediction accuracy sacrifices the CPU time. When the number of hidden 

layer is 4, the prediction time needs more than 60s, which will affect the computing of 

repositioning algorithm. With one hidden layer, the model can achieve the accuracy at 

94.8%, which is accurate enough to support the bicycle relocation. Therefore, it is reasonable 

to use one hidden layer in the proposed model.  

Table 10 Comparation of predicted results with different parameters 

Number of hidden layers 
Average absolute 

error 

Average percent 

error 
CPU 

1 3 5.8 16.5 

2 2 3.8 28.3 

3 2 3.6 46.6 

4 1 1.9 61.2 

5 2 3.3 68.7 

6 3 5.9 75.8 

 

Table 11 shows the average absolute error and average percent error under different 

number of inputs in demand prediction at station 40.  It could find that the more neurons will 
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lead to better prediction accuracy but require more running time. With one hidden layer and 

4 neurons, the proposed model can achieve the best performance in terms of high prediction 

accuracy and short computation time.  

Table 11 Comparation of predicted results with different parameters 

Number of neurons 
Average absolute 

error 

Average percent 

error 
CPU 

1 9 15.7 5.4 

2 7 10.9 7.9 

3 4 6.8 13.4 

4 3 5.8 16.5 

5 3 5.8 19.1 

6 3 5.8 24.6 

 

Table 12 compares the results from different numbers of time interval in vehicle 

repositioning. When S=1, the repositioning plan is in essence equivalent to a static plan, 

which is current real operational method in Shouguang BSS. The static reposition results has 

been validated by Qin, 2013. The comparison is conducted by applying the dynamic model 

inclusive of a static case where the number of time interval is set as 1,5,10,15S = , respectively. 

The static plan’s results were used in Shougang’s BSS real operation, which has been 

validated using historical data and supported by Shouguang’s government. Therefore, this 

static model is used as static validated model in this comparison. Dynamic (S=1) is the 

results from our algorithm. The dynamic repositioning demand within a single time interval 

is accumulated at the beginning of the time interval. From Table 10, it can be seen that the 

results from the proposed method with S=1 are in line with the results from the static 

validated model; with increase of the time interval, the dynamic repositioning plan is much 

better than the static model in terms of penalty cost, where the operator cost increases by 



 

34.6% and the penalty cost decreases by 65.9%. Therefore, it is concluded that the proposed 

method can perfectly model the Shouguang BBS’s real network. Although the repositioning 

plan can be modelled by a static method, a dedicated dynamic approach taking the penalty 

cost into account is clearly superior.  Meanwhile, the results also reflect that the greater 

number of time interval sets, the more vehicle required, and lower total cost achieved. A 

long duration of time interval shall compromise the ability to respond timely to real-time 

demand changes, and thus some of the requests could not be serviced. Overly short time 

interval duration leads to increase in operational cost but would not much increase the 

penalty cost. Therefore, it is necessary to set the time interval duration within a reasonable 

range. The setting could be further examined in future study. 

Table 12 Results of static operation method and proposed method 

Method 
Vehicle number 

requirements 
OPE USE G CPU 

Static 6 317.1 162.0 320.6 16.5 

Dynamic 

(S=1) 
6 302.9 150.0 301.5 15.3 

Dynamic 

(S=5) 
8 352.1 100.5 276.6 38.4 

Dynamic 

(S=10) 
9 418.4 64.1 273.3 71.2 

Dynamic 

(S=15) 
9 426.9 55.3 268.8 90.6 

 

 

 

7 Conclusions 

Bicycle-sharing is a convenient and a flexible alternative mode for short-range trips, but 

the imbalanced demand distribution in bicycles/docks has been a critical issue in almost all 

BSS, especially during peak hours. This study proposes a dynamic repositioning model in 
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BSS with fixed time interval, where the bicycle-sharing usage is predicted by Neural 

Network (NN) method. The objective is to minimize the operator cost and minimize user 

(customer) penalty simultaneously. A hybrid algorithm of two well-known metaheuristic 

methodologies, namely adaptive genetic algorithm (AGA) and Granular Tabu Search (GTS), 

is used to model the repositioning plan. The proposed dynamic algorithm performs well in 

terms of computation time compared with GA, TS and TA algorithms.  

There are several limitations of the method and the experiments: first, external influence 

(e.g. weather) to demand is not considered. Second, the prediction for only one-time interval 

ahead restricted the reposition plan in advance for several time intervals. The final reposition 

plan might not be the optimal solution. Third, the basic parameters like uploading and 

loading time per bicycle, travel cost are set as fixed numbers for all scenarios, which does 

not link to the real situation changes. Fourth, the model is limited to the situation with only 

one deport. Future research will endeavor to overcome the limitations and extend this 

problem with vehicle route choice, with consideration of real time traffic condition. 
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