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Motivation: Bike Sharing System

§ Bike Sharing Systems
§ 1,070 active systems all over the world.

§ Attractive alternative to private vehicles 

§ Reduce traffic congestion, green house 
gas emission and air pollution.

World view of bike sharing systems

DYNAMIC REPOSITIONING IN BIKE SHARING SYSTEM

to minimise the lost demand and our approach is to dynamically reposition bikes with the help of vehicles
while considering future expected demand extracted from past data. Since vehicles incur a significant cost
in executing a repositioning solution, we consider the trade-off between our original problem of minimising
lost demand (alternatively maximising profit) and the problem of minimising cost incurred by vehicles. We
refer to this joint problem as the Dynamic Repositioning and Routing Problem (DRRP).

Minor variations of DRRP can be used to represent repositioning empty cars in car sharing systems
[ex: Car2go, Zipcar] (Kek, Cheu, Meng, & Fung, 2009; Barth, Todd, & Xue, 2004), empty vehicles in
Personal Rapid Transit [PRT] (Lees-Miller, Hammersley, & Wilson, 2010) and idle ambulances in emergency
response (Yue, Marla, & Krishnan, 2012; Saisubramanian, Varakantham, & Chuin, 2015). For instance, in
the case of car sharing, there may be a need to continuously reposition cars to different parking spaces during
the day in tune with the pattern of demands.

Given the benefits of bike sharing systems and the challenges of setting up such systems to operate
efficiently, there have been a wide spectrum of research papers addressing the problem of lost demand and
other issues pertinent to it. We have referred to these papers in the related work section. Some of the key
differences from existing research are as follows: (1) We generate routing and repositioning decisions for
multiple time steps for an entire day using expected demand for bikes at each base station and at each time
step; and (2) We provide novel approaches that employ aggregation of base stations and decomposability in
DRRP optimisation model to minimise lost demand for large-scale BSSs.
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Figure 2: Number of empty and full instances of stations in Capital Bikeshare Company

Due to a trivial reduction from existing Static Bicycle Repositioning Problem (SBRP) which is NP-
Hard (Schuijbroek et al., 2013), DRRP is at least NP-Hard. Therefore, we focus on developing principled
approximation methods. Our key contributions are as follows:
(1) A mixed integer linear program (MILP) formulation to maximise profit for the bike sharing company that
considers the trade off between:

• maximising served demand and

• minimising cost incurred by vehicles

(2) A dual decomposition mechanism to decompose the MILP into two components – one which computes
repositioning solution for bikes and one that computes routing solutions for vehicles.

3

Starvation/congestion in Capitalbikeshare

§ Problem: Starvation or congestion of 
bikes at stations 
§ Increase usage of private vehicle and 

carbon emission.

§ Goal: Repositioning of bikes during the 
day to address availability issues.
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§ Repositioning using trucks
§ Static Redeployment - once at the end of day

§ Dynamic Redeployment - matching of producer and consumer station

§ Problems with trucks for repositioning:
§ Incur substantial routing and labor costs 

§ Increase carbon footprint

§ Limited number of trucks

Background
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§ Repositioning with bike-trailers – Moving beyond trucks
§ Challenges:

§ Physical limitations of the routes for trailers.
§ Limited budget: Employing staffs for trailer is not feasible.

§ Overall Goal: 
§ Develop a self-sufficient system of rebalancing using bike trailers
§ Crowdsource repositioning tasks to customers within a given budget

Contributions
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§ Dynamic Routing and Repositioning Problem using Trailers (DRRPT)

§ Inputs:

§ Outputs: Repositioning strategy for trailers & allocation of tasks  

hS,V, C#, C⇤, D#,0, {�0
v}, P,F,Bi

Generate routing and repositioning 
tasks for the trailer

Design payment mechanism for each 
of the trailer tasks

Task allocation within given budget 
constraint

Solution Approach
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Task Generation for Bike Trailers

§ Constraints:
§ Compute lost demand
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Task Generation for Bike Trailers

§ Constraints:
§ Compute lost demand
§ Trailer should pickup bikes from the neighbor of it origin station

min
y+,y�

X

k,s

Lk
s Minimise Lost demand over k scenarios
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Task Generation for Bike Trailers
min
y+,y�

X

k,s

Lk
s Minimise Lost demand over k scenarios

§ Constraints:
§ Compute lost demand
§ Trailer should pickup bikes from the neighbor of it origin station
§ Trailer should drop-off exact number of bikes at its destination

§ While satisfies the physical limitation of the trailer routes
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Generate routing and repositioning 
tasks for the trailer

Design payment mechanism for each 
of the trailer tasks

Task allocation within given budget 
constraint

Solution Approach
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Observation: Tasks are primarily independent but coupled by the                  
central budget constraint. 

§ Compute the value for task of trailer v

Mechanism Design

#Scenarios

Unit value of LD Lost Demand
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Assumption: Set of bidders for different tasks are 
pairwise disjoint
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§ Mechanism for single task v (Nv users bid for the task):
§ Collect the bids from user i, Ci(v) privately
§ Make payment using standard VCG mechanism

Mechanism Design

Pi(v) = �⇤
i (v)[min

i 6=j
Cj(v)]

�⇤
i (v) =

⇢
1 if i = argmaxj2Nv

⇥
U(v)� Cj(v)

⇤

0 Otherwise

�

Second lowest bid

$10 $12
$14

$12
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Generate routing and repositioning 
tasks for the trailer

Design payment mechanism for each 
of the trailer tasks

Task allocation within given budget 
constraint

Solution Approach
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Task Allocation within Budget Constraint
§ Goal: Allocate a set of tasks                  , each having a valuation of 

and payment of       , within a central budget   .
§ Exactly equivalent to binary knapsack problem

§ : Set to 1 if task v is allocated the payment and 0 otherwise.

T = {1, ...,V}
U(v) P (v) B

x(v)

max
x

X

v2T
x(v) · U(v)

s.t.
X

v2T
x(v) · P (v)  B

Maximise the total valuation of center

Ensure that the total payment is 
bounded by the central budget

Proposition: The mechanism for task allocation for the trailers 
in bike sharing system is incentive compatible (IC) and truthful. 
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Experimental Setup
§ Dataset:

§ Hubway (95 base stations & 3 vehicles)
§ 1 quarter of trip history data
§ Planning period: 6AM-12PM (each decision epoch is 30 minutes)

§ Demand Scenarios:
§ Real-world data for 60 weekdays (Training/Testing: 20/40)
§ Demand follows Poission at origin station (Training/Testing: 30/70)
§ Demand follows Poission for each OD pair (Training/Testing: 30/70)

§ Evaluation Metrics: Average lost demand over testing scenarios
§ Benchmark approaches:

§ Static repositioning: Redeployment at the end of day
§ Online repositioning using truck: Adapted from Ghosh et. al., 2016
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Experimental Results

§ Performance comparison 
with the benchmark 

approaches

§ Reduction in expected lost 
demand over three sets of 
demand scenarios.

§ Effect of bidding parameters 
on lost demand (LD)

§ Hourly Budget

§ % of users interested in bidding

§ Ratio of lower and upper 
bounds of bid (α)

Runtime performance.
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Experimental Results

§ Effect of bidding parameters on lost demand (LD)
§ Hourly Budget: LD decreases as the budget increases
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Experimental Results
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§ Effect of bidding parameters on lost demand (LD)
§ % of users interested in bidding: LD decreases as number of bids 

increases.
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Experimental Results
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§ Effect of bidding parameters on lost demand (LD)
§ Ratio of lower and upper bounds of bid (α): LD increases monotonically 

with α



Supriyo GHOSH                                                                      Singapore Management University           ICAPS, 2017               19

Experimental Results

§ Performance comparison
§ 10 trailers with capacity 3 

reduces the lost demand by 41% 
§ 10 trailers with capacity 5 

perform better than repositioning 
with 3 vehicles  0
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Experimental Results
§ Runtime Comparison:

§ Runtime for the repositioning problem of trucks is around 15 
minutes for each decision epoch.

§ Tasks for the trailers can be generated within a minute
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Summary
§ Dynamic Routing & Repositioning Problem using 

Bike-Trailers
§ Self-sustaining and green mode of repositioning

§ We propose a unique combination of optimization and 
mechanism design to crowdsource the trailer tasks.

§ Experimental results show that trailers can replace the trucks.

§ Future Direction:
§ Develop mechanism by considering the uncertainties in 

completion time of the trailer tasks.
§ Jointly consider the repositioning problem of trucks and trailers 

while considering the central budget constraints.
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Supplementary Slides
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Task Generation: DRRPT
RPT is compactly represented using the following tuple:

< S,V,C#
,C⇤

, d
#,0

, {�0
v},P ,F , B >

S denotes the set of base stations where C
#
s represents the

capacity of the station s 2 S . We have a set of bike trailers
V where C

⇤
v denotes the number of bike slots in the trailer

v 2 V . d#,0 represents the initial distribution of bikes in the
stations. �0

v symbolises the initial locations of the trailers,
i.e., �0

v(s) is fixed to 1 if trailer v is stationed at s initially
and 0 otherwise. P denotes a two dimensional matrix that
stores the relative distance between each pair of stations.
F represents a set of K discrete training demand scenar-
ios. Specifically, F k

s,s0 denotes the demand for the planning
period for scenario k that arises at station s and reaches sta-
tion s

0 in the next time step. Finally, B denotes the amount
of budget allocated for the repositioning tasks for a given
planning period.

In the similar direction of (Ghosh, Trick, and Varakan-
tham 2016), we made the following assumptions for the ease
of representation of the problem; (a) Users complete their
trips within one decision epoch. Specifically, users who hire
trailers at decision epoch t always return their bikes at the
beginning of the decision epoch t + 1; (b) The events at each
decision epoch follow a particular order. First, the users re-
turn their bikes which was hired in the previous time step,
then the repositioning events by the trailers take place and
lastly, the arrival customers hire bikes; (c) Customers are im-
patient in nature and leave the system if they encounter an
empty station. On the other hand, they return their bikes to
the nearest available station if the destination station is full.

We begin with the discussion on how to compute the repo-
sitioning tasks for the trailers and valuations of those tasks
from the center’s perspective. Our goal is to compute the
best routing and repositioning strategy for each of the bike
trailers such that maximum number of expected near fu-
ture demand, F can be met. We represent this problem as
a Mixed Integer Linear Integer Programme (MILP). As the
trailers can travel one station in each time step (equivalent
to bikes), the goal is to pickup a certain number of bikes
from the neighbourhood of its origin station and drop them
to another station. Let y+s,v denotes the number of picked up
bikes by trailer v from station s. y�s,v denotes the number of
bikes dropped off by trailer v at station s. b+s,v is a binary
decision variable which is set to 1 if trailer v picks up bikes
from station s and 0 otherwise. Similarly, b�s,v represents a
binary decision variable which is set to 1 if trailer v returns
bikes at station s and 0 otherwise. Gv symbolises the set of
neighbouring stations from where carrier v is allowed to pick
up bikes. A station is included in the set Gv if it is situated
within a threshold distance from the origin station of trailer
v. Let Lk

s denotes the number of lost demand occured at
station s for demand scenario k, after the repositioning tasks
are achieved. The MILP for the task generation is compactly
represented in Table (1). Our objective is to minimize the to-
tal number of lost demand (delineated in expression 1) over
all the K training scenarios. The constraints associated with
the problem domain is briefly described as follows:

1. Compute the lost demand as the deficiency in supply

min
y

X

s,k

Lk
s (1)

s.t. Lk
s �

X

s0

F k
s,s0 �

�
d#,t
s +

X

v

(y�
s,v � y+

s,v)
�

8k, s (2)

y+
s,v  b+s,v ·min(d#,t

s , C⇤
v ), 8s, v (3)

X

v

y+
s,v  d#,t

s , 8s (4)

X

v

y�
s,v  C#

s � d#,t
s , 8s (5)

y�
s,v = b�s,v ·

X

s

y+
s,v, 8s, v (6)

(b+s,v + b�s0,v � 1) · Ps,s0  Pmax 8s, v (7)
X

s

b+s,v = 1, 8v (8)

X

s/2Gv

b+s,v = 0, 8v (9)

X

s

b�s,v = 1, 8v (10)

b+s,v, b
�
s,v2{0, 1}, 0  y+

s,v, y
�
s,v  C⇤

v , L
k
s � 0 (11)

Table 1: TASKGENERATION(F,t,d#,drrpt)

of bikes: The number of bikes present in a station s af-
ter accomplishing the repositioning task is estimated as
d
#,t
s +

P
v(y

�
s,v � y

+
s,v). Therefore, constraints (2) ensure

that the number of lost demand at station s for scenario
k is lower bounded by the difference between demand
and supply of bikes at that station. Note that, as we are
minimizing the sum of lost demand over all the scenarios,
these constraints are sufficient alone to compute the exact
number of loss in customer demand.

2. Trailer capacity is not exceeded while picking up

bikes: Constraints (3) ensure that the number of bikes
picked up by trailer v from station s is bounded by the
minimum value between the number of bikes present in
the station and the capacity of the trailer.

3. Total number of picked up bikes from a station is less

than the available bikes: As multiple trailers can pick up
bikes from the same station, constraints (4) enforce that
the total number of picked up bikes by all the trailers from
station s during the planning period t is bounded by the
number of bikes present in the station, d#,t

s .

4. Station capacity is not exceeded while dropping off

bikes: Constraints (5) ensure that the total number of
dropped off bikes at station s is bounded by the number
of available slots for bikes at that station.

5. A trailer should drop the exact number of bikes it has

picked up: Note that b�s,v is the binary decision variable
that controls the drop-off location for the trailer v. There-
fore, constraints (6) enforce that the number of drop-off
bikes by a trailer is exactly either equals to the number of

Minimize total lost demand

Compute lost demand

Pickup restrictions by a trailer
from a station

Drop-off restrictions by a
trailer at a station

Physical limitations of 
trailer route

Trailer should pick up from 
one station and drop-off at

other station


