Ride-Sharing: A Multi Source-Destination Path
Planning Approach

Jamal Yousaf', Juanzi Li!, Lu Chen?, Jie Tang!, Xiaowen Dai?, and John Du?

! Department of Computer Science and Technology,
Tsinghua National Laboratory for Information Science and Technology, Tsinghua
University, Beijing, 100084, China
2 General Motors, China Science Lab, Shanghai
{jamalyousaf,1jz,jietang}@keg.tsinghua.edu.cn,
{lu. chen,xiaowen.dai, john. du}@gm .com

Abstract. Ride-sharing is considered as one of the promising solutions
for reducing fuel consumption of fuel and reducing the congestion in
urban cities, hence reducing the environmental pollution. With the ad-
vancement of mobile social networking technologies, it is necessary to
reconsider the principles and desired characteristics of ride-sharing sys-
tems. Ride-sharing systems can be popular among people if we can pro-
vide more flexible and adaptive solution according to preferences of the
participants and solve the social challenges. In this paper, we focus on
encouraging people to use a ride-sharing system by satisfying their de-
mands in terms of safety, privacy, convenience and also provide enough
incentives for drivers and riders. We formalized the ride sharing prob-
lem as a multi source-destination path planning problem. An objective
function is developed which models different conflicting objectives in a
unified framework. We provide the flexibility to each driver that he can
generate the sub-optimal paths according to his own requirements by
suitably adjusting the weights. These sub-optimal paths are generated
in an order of priority (optimality). The simulation results have shown
that the system has the potential to compute multiple optimal paths.

Keywords: Ride-sharing, Path Planning, Dynamic Optimization.

1 Introduction

We are entering “a new era” enabled with new smart phone applications and
more intuitive software that will help us find efficient and easy-to-use shared
rides. Technology thus plays a major role in overcoming carpool barriers such as
perceived ease-of-use and flexibility. As our society adapts to these new tools,
our perception of carpooling will change as well. Apparently, there is plenty of
room for improvements, for example, when considering the fact that on average
cars carry 1.58 passengers, i.e., only an estimated 25% of emissions are caused by
people traveling, and the rest by moving empty seats [0]. The growing ubiquity
of mobile Internet technology has created new opportunities to bring together
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people with similar itineraries and time schedules to share rides on short-notice.
Encouraging ride-share is, after all, an easy and cost-effective solution to helping
reduce congestion and gas emissions.

Internet-enabled smart-phones allow people to offer and request trips when-
ever they want wherever they are. By dynamic ride-sharing, we refer to a sys-
tem where an automated process employed by a ride-share provider matches up
drivers and riders on very short notice [5], which can range from a few min-
utes to a few hours before departure time. Dynamic ride-sharing systems are
developed to publicize formal ride-sharing in urban areas. Most of the current
ride-sharing systems are covering formal requirements of users. Safety, security,
flexibility, enough incentives for drivers and riders are the critical issues for users
and it is also necessary to understand that riding and meeting with people are
often related activities. Gathering enough participants is also major concern for
web based and mobile ride-sharing systems. This paper addresses the following
questions.

Q1) How can we provide more flexibility to drivers in finalizing the path based
on his own preferences?

Q2) Can we use social networking features like social strength or closeness in
the path computation?

Q3) Could we provide a ride-sharing system that encourages the people and satis-
fying their demands in terms of safety, flexibility, privacy and convenience?

In our approach for ride-sharing system, we particularly focus on encouraging
people to use a ride-sharing system by satisfying their demands addressed above.
We provide the flexibility to each driver that he can generate the sub-optimal
paths according to his own requirements by suitably adjusting the weights. An
objective function is developed which models different conflicting objectives in
a unified framework, different objectives can be assigned with different weights.

With a GPS-enabled phone, a user can select his current location as the origin
of the trip. For security purpose, the system will generate an auto pin number
for the riders and also provides an option to see the complete description of
the vehicle and the proposed path before finalizing the trip. The system allows
the riders to rate the driver and the ride including the vehicle (zero to five
stars), and optionally a comment just after the ride. Such ratings are converted
into the feedback score. In addition, the driver could also rate participants by
monitoring cancelations, no-shows and late arrivals. Such ratings are converted
into a reliability score. Both the reliability and feedback scores are computed
and recorded by the ride-sharing system and have great importance on the trust
building of the system. If the driver and the rider both agree on the proposed
arrangement, the driver picks up the rider at the agreed time and location.

The rest of the paper is structured as follows. In Section 2, we will introduce
the related work. In Section 3 and 4, we will formulate the ride-sharing problem
and discusses the route matching factors and finally the cost function is devel-
oped. In Section 5, we explain our approach to solve the dynamic ride-share
problem and the simulation results are discussed in Section 6. Finally, in Section
7, we summarize our main insights in the form of conclusion.
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2 Related Work

Many solutions concerning to the Ride-sharing System have been proposed in
the literature and many of them were implemented and are used on the Web. In
this section we will summarize the related work in cotext of ride sharing systems
and the path planning.

Ride Sharing System: Real-time ride-sharing is becoming a new, mainstream
mode of transport and a lot of work has already been done in this regard. In a
recent work, Trasarti et al. [2] introduces a methodology for extracting mobility
profiles of individuals from raw digital GPS traces. In his experiments, the impact
of car pooling application based on profile matching is measured and showed
as it may foster an intelligent car pooling service. In another work Kleiner et
al. [3] presents an incentive compatible dynamic ride-sharing solution based on
auctions. It also provides tradeoff the minimization of vehicle kilometers travelled
with overall probability of successful ride-share.

Resnick [16] suggests to drop the concept of a few standardized pickup and
drop off locations and replace them with dynamically chosen collecting points
regarding the current position of the rider and driver. Kelley [II] introduces
an automatic system by which needed information is retrieved by special RFID
tags. Smart Jitney [12] is a slightly different system design approach. Murphy
et al. suggests to equip every vehicle with identifiable and trackable hardware.
Just as a cab, this device can be contacted to reserve a seat.

SafeRide [9] is a draft of a dynamic ride-sharing system for modern Smart-
phones. Morris proposes to use existing Web technologies such as Google Transit
and combine them in order to facilitate user interaction. Further, he recommends
the riders to rate the driver (and vice versa) in an also included eBay-like rep-
utation system. With Ride Now! Kirshner [§] introduces a testable computer-
and telephone-based dynamic ride-sharing system. The system finds a feasible
driver for this request and informs the rider about the drivers contact details.
Vanoutrive et al. [I] find that the most carpool-oriented sectors are construc-
tion and manufacturing and also in the wholesale and retail sectors carpool is
popular. It is rather unpopular at universities, health sector and in public trans-
port companies, and seems to be an alternative at locations where rail is no real
alternative.

Multi Objective Path Planning: In this section, we will give a brief overview
of some efforts directed towards solving the multi objective shortest path find-
ing problem. There are of two main broad categories of multi objective shortest
path problem. The first category is the deterministic (global optimal) approaches
which are generalizations of the traditional single objective shortest path label
setting and label correcting algorithms, and the second category is the approxi-
mation schemes, mainly evolutionary algorithms.

Herbwai et al. [4] presents evoulutionay multiobjective route planning algo-
rithm for solving the route planning problem in the dynamic multi-hop ride-
sharing. They have used the time expanded graph to represents the drivers of-
fers. In another independent work, Martins et al. [I8] have provided a detailed
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theoretical study for different types of labeling algorithms to solve the multi
objective path problem. They have proved that it is bounded if and only if ab-
sorbent cycles are not present in the network. Miiller-Hannemann and Weihe
[17] have identified a set of key characteristics that exists in many applications
of shortest path problem that makes the number of Pareto optimal paths at each
visited node to be limited by a small constant.

Shad et al. [15] have analyzed and concluded that the genetic algorithm per-
forms poorly on large size networks. However, Mooney et al. [I4] have devel-
oped an evolutionary algorithm for the multi objective shortest path problem
and showed its feasibility through a set of experiments over real road networks.
Pangilinan et al. [I3] have explored the behavior of a multi objective evolution-
ary algorithm when applied to solve the shortest path planning problem. The
behavior of the algorithm is described in terms of the diversity and optimality
of the solutions in addition to its computational complexity.

Summary: To summarize the literature review, the majority of the existing
systems provides one fixed path to the driver and the rider based on their lo-
cations. The drivers do not have the flexibility to change or compute the path
according to his own requirement. This is one of the main motivations of this
work because the driver can be any person from any discipline of life therefore
his choice of preferences are different at different times and on different days.
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3 Problem Formulation

The target system of our Ride-sharing System approach is a smart-phone appli-
cation for dynamic ride-sharing, does not require pre-declared paths or pickup
points, and can be used from virtually any location at any time. The system pro-
motes ride-shares among people with connections within social networks (e.g.,
Facebook) in order to favor ride-shares among users that trust each other.

3.1 Ride Sharing

Ride-sharing system continuously receives a sequence 7Z of trip announcements
over time from potential participants and stored this information in the database.
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A trip announcement contains an origin and a destination location, and ad-
ditional information that specify its potential timing. With this information,
the provider automatically establishes ride-shares over time, matching potential
drivers and riders. Now the goal of our system is twofold, on the one hand the
system needs to minimize the distance or path length and on the other hand it
increases the number of passengers for optimal utilization of the resource.

We suppose that the database has set of drivers D = {d;,da,.,d,}, a set of
stations S = {s1, $2,.,8m} and a set of driver’s offers O = {01, 02,.,0;}. Each
offer consists of a starting station s;, ending station s,, departure time ¢; and
arrival time o, and a cost ¢ such that Yo € O : 0 = {s1,809,t1,t2,¢ : 51,82 €
S, st s1 # sa At; < ta}. We also have set of riders R = {r1,r2,.,7,} with
request q for sharing a ride, it contains the source station s1, destination station
s2, and the earliest departure time ¢; and the latest arrival time to. Similarly for
all requests Vg € Q : ¢ = {s1,82,t1,t2 : 81,82 € S, s.t 81 # s2 At1 < t2}. Now
we have the multiple drivers’ and the riders’ presents as agents in the system.

The basic motivation behind the ride sharing system usage is to reduce the
travel cost. In this work, we focus on systems designed to enable users to share
variable trip costs. When such costs are roughly proportional to distance trav-
eled, cost reduction is only possible when the length of a ride-share trip is shorter
than the sum of the lengths of the separate trips. We consider this as a first con-
dition for a feasible match only if it provides positive cost savings: i.e a ride-share
between driver d and rider r is feasible iff C(P) > 0, where

C(P)=Cy) +Clp) — (Ciza) + Clap) + Ciiy)) (1)

3.2 Modeling Drivers’ Offers

Here we will model the two sets of group to solve the route matching problem.
We are using the geodetic grid (latitude/longitude) system with a resolution of
0.5 degree in each axes to efficiently map the drivers’ offer and riders’ request
in each grid element as shown in the Fig. 2l Whenever a new request r € R and
offer o € O comes from the rider and driver respectively, it will be first directly
assigned to some grid element and then it is processed. Each grid element has its
own local list of the drivers and riders based on the trip announcements. If there
is no driver already present to any grid element or no successful match found
then the respective grid element is expanded to neighboring eight grid elements
to find suitable match for the ride-sharing. The request of the rider is evaluated
with the driver’s list based on the following factors as discussed below.

4 Route Matching

In this section we will discuss about the various factors which will be used in
matching the new request r» € R from the rider to each driver d € D present on
the network.
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4.1 Detour and Range Factors

At this stage we make use of the detour distance and the range factor as an initial
measurement criteria of route matching and further it is used for calculating
the relevancy rate. The ride request which has higher relevancy rate value will
occupy the higher position in the recommendation list of drivers. The number of
riders assigned to each driver depends upon the nature and capacity of vehicle.
Moreover the detour distance and range factor between new request from rider
and default paths of online drivers are computed in respective grid elements.

Definition (Detour and the Range Factor): Given two ride requests R1
and R2 which have start and destination locations (a,b) and (z,y) as shown in
the Fig. [l Now if u(z,y) denotes the length of the shortest path of the driver
from point x to y and u(a, b) denotes the length of the shortest path of the rider.
The detour factor is then defined as:

~ (p(x,a) + pla,b) + p(b,y) — p(z,y))
falFa, Rz) = w(z,y) @

and the range factor is defined as:

_ mean(u(z,a), u(b,y))
fr(Ry, Ry) = () (3)

The value range of detour factor will be [0, +00). Now we define a transformation
E : R0+>) — (0,1] for uniform comparison of the values between driver and
different riders. We define this transformation as relevancy rate:

E(RI,RQ) = effd(Rl,RQ) (4)

The range of the values of relevancy is between (0, 1] and 1 means the maximum
matching of the routes. The value of the range factor needs to be less than 0.5 as
the first step for suitable match. The system determines drivers that are online
and compatible for this ride based on the relevancy of both the paths, the value
of the range factor, condition of the Eq.[Iland whether the deadlines will comply.
In this way system assigns multiple riders to single driver based on these factors.

Graph Generation: From drivers’ perspective, each driver may have single or
multiple riders associated with him based on vehicle capacity. Now just before
starting the drive, the driver computes the path for the whole ride. The system
will generate a number of sub-optimal paths for the driver based on the multiple
riders requests and the weights of the objective function set by the driver as
shown in the Fig. Bl

Now each driver has its own local network, rider nodes are sorted in ascending
order with respect to the distances, the drivers’ initial point I and final point F
are then inserted at the start and end of the list. Each start point node in this
sorted vector is a candidate for connection to all start nodes ahead of it and no
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Fig. 3. The drivers’ setting dialog

unrealistic edge (e.g inserting destination node without the source node and vice
versa) is allowed into the grid. Therefore, the node N; is connected to all source
nodes and hence with their corresponding destination nodes I, N;i1, ..., Ny, F'.
Each edge is evaluated under several constraints like length, time etc and as-
signed the edge cost based on the objective function as described below.

4.2 Cost Function

In the ride-sharing system, new riders and drivers continuously enter and leave
the system. Some drivers want the shortest route and some may want the maxi-
mum riders on the weekends or holidays. Some people may only feel safe sharing
rides with friends or acquaintances and possibly also with the friends of friends.
The different objectives need to be considered when defining the edge cost. Of-
ten these objectives are conflicting, and thus there is a need to incorporate them
into a single multi-objective function that satisfies route requirements. In this
study the objectives considered are: 1) Minimization of the path lengths 2) Min-
imization of the travel time 3) Maximization of the available seats (occupancy)
4) Mazimization of social closeness.

The first objective can be modelled as LL’:JM, where Lg is the edge length
and normalized by the maximum length L,,,,. The travel time is the time spent
in the vehicle while actually traveling from origin to destination. The second
objective of minimization of travel time can be transformed into an equivalent
objective of minimizing the path length. It can be modelled by dividing the edge
distance by the average velocity of the vehicle i.e Afgjipl' The third objective
of maximum utilization of the available seats(i.e occup‘ancy) can be modeled

as (Sa)cmw, where ¢ is the constant usually taken to be 1 (the same for all

the edges) and the (Sa)may is the maximum number of the riders used for
the normalization of the cost. This objective may be beneficial for a ride-share
provider whose revenues are linked to the number of successful ride-shares. In
social closeness calculation, we adopt the same method as defined by Gilbert
et al. [I0]. From their method we consider some measures like social distance,
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demographic and some structural information to compute the social closeness.
Finally we normalize the net social closeness as S. We assign the -S to the edge
cost, where 0 < .S < 1. The edge cost can be written as:

B W xCr+Wr x Cy+ Wsa x C3+ Wsg x Cy (5)
cost ™ Wi+ Wr + Wsa + Wsa
Here FE,,s; is the edge cost and Wi, Wp, Wg, and Wg, are user defined weights
for four objectives as shown in the Fig. Bl where

L L c
=" 0 i CS:(Sa) ,

= ,04 = —S
Lmax’ Avgvel ’

5 Path Planning

In this section we will discuss how we have exploited the greedy algorithm to
compute a number of suboptimal paths available to the driver.

5.1 Path Optimization

Our goal is to select an algorithm that solves the minimum cost problem given
in Eq. Bl above, furthermore we would like to work out a number of sub-optimal
paths also. The edge cost components discussed above can be negative, the choice
of the optimization algorithm therefore needs to be done accordingly. Since the
Bellman-Ford algorithm works well with the negative edge costs and computes
the shortest path between two given nodes in a weighted digraph. The Bellman-
Ford algorithm in the process of finding the optimal path from the start node
I to the final node F, also finds lowest cost paths from the start node to all
other nodes. This feature of the algorithm is used here in the computation of
a number of sub-optimal paths. We have extended the Bellman-Ford algorithm
and incorporate the constraints directly into the runtime. In the algorithm, we
have assigned the labels to nodes and the edges. Each label consists of three tags
i.e cost, name and the time. The cost tag indicates the cost in going from the
node I to that node and the name tag contains the name of edge that connects to
the node I on the shortest path found so far and the third tag contains the time.
The algorithm can be divided into four parts. The graph generated in above
section is a directed graph with an edge j starting from node b(j) and ending at
node e(j) with cost E’. Let C¢ be the cost of the shortest path of the i" node
from the node I, P} is the edge previous to the i'" node and T} is the time to
the i*" node on that path.
1) During the initialization part, first assign a label (0,0,0) to the initial node I,
and the labels (00, 0,0) to all other nodes and the edges respectively. The zero
present in the name tag indicates that neither preceding edge assignment has
been made, nor the edge originates from the initial node I.
2) The forward and reverse phase computations are done for generating the
multiple paths. At the start of the algorithm we check if the start node of an
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edge is the initial node I, in which case the cost of the end node of the edge is
compared with the cost of the edge itself. If the cost of the edge is smaller, the
label of the end node and the time tags are updated accordingly. If an edge does
not originate from the initial node I, we check if a preceding edge assignment for
the edge start node exists. Then previously stored cost at the end node of the
edge is compared to that accrued by going through this edge. In case of a lower
cost, the end node label and the edge label are both updated whenever there is
an end node assignment, there is also an edge assignment as the reverse is not
possible. If however the cost at the end node while going through the edge is
not lower, then this cost is compared with the cost stored in the edge label. In
case of a lower cost, only the edge label is updated. This implies that this new
path from I to e(j) via the j*" edge results in a lower cost, and hence the label
of the j** edge now contains this cost. During forward phase computation, we
have traced for each edge j, the shortest path vector j2I from e(j) to initial node
I by linking each node to preceding node as:

J2I = [e(i), b0, bPD,BPED (P, )

The shortest path vector 12j from I to e(j) can be obtained by reversing this.

3) Similarly treatment is done in the reverse phase computation, we interchange
the roles of b(j) and e(j)and also the nodes I and F, the shortest path vector
from I2j from I to e(j) is obtained along with the corresponding cost C7 and the
time T IJ The paths are generated in an order of priority if one path does not
meet user satisfaction for some reason, the next path can be considered.

4) Now during the multiple path computation, we finds the corresponding list
of the path vectors [12j U j2F], where j2F is the shortest path vector from edge
j to the final node F, computed during the reverse phase computation. This will
give the multiple best paths in the order of priority defined by the driver that
fulfils all the required constraints.

6 Simulation Results

The above algorithm is coded into a software application for generating the op-
timal paths from given set of offers and requests at any time t. We utilized the
OpenStreetMaps (openstreetmap.org) data together with the MoNav planner
that offers exact routing without heuristic assumptions at very little computa-
tional demand due to a routing core based on contraction hierarchies Vetter [7].
As a test bed for our experiments we used the following case study.

6.1 Case Study

In this section, we will discuss the different scenarios and monitors the perfor-
mance of our algorithm. Optimal paths (satisfying all constraints) are computed
using the above algorithm and the effect of varying the weights is studied here.
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The case study considers a person (driver) who has uploaded his schedule
of departure from home to the office with the route map. Similarly, numerous
people, who intend to reach airport for catching a flight have also uploaded their
schedule along with departure point. Based on the information uploaded by the
riders, the riders are automatically assigned to a suitable driver as per defined
criteria described in section [l All the scenarios consider r1,72,73 € R are three
riders with requests q1, g2, g3 € @ and one driver d; € D with offer oy € O and
their default paths are shown in Fig. [l

In the first scenario, the objective function is optimized for the shortest path
with weight settings Wi, = 1, assuming that all other weights are considered to
be zero. Similarly in the second scenario, the objective function is optimized for
the maximum occupancy by adjusting weight as Wg, = 1. The third scenario
is worked around optimizing the minimum time constraint, with the weight
Wr = 1. In the fourth scenario, the paths are computed on the basis of the
social closeness value by mining the riders social network. It can be achieved by
setting the weight as Wgy = 1. Finally we applied multiple constraints like time
and social closeness by assigning the weights as W = 0.4, Wgq = 0.6.

In all the five scenarios, the optimal paths are generated by the application
based on priority settings adjusted by the driver and the paths which are not
complying with the constraints are simply rejected. The path computed clos-
est to the objective function will be ranked the highest and is shown in red,
similarly the next path in green and the third path is shown in blue color as
shown in figures Fig. Bl B [1 Bl Bl respectively. Moreover Fig. Bl shows that the
shortest closeness path(red) comes as a first choice in comparison with Fig. Bl
output.
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Internet-enabled mobile technology allows car travelers to announce trip requests
and ride offer on short notice. In this paper we have presented a novel path plan-
ning approach that: 1) Allows more flexibility than state of the art system, as it
gives more freedom to the users in the choice of ride sharing partner such as social
interests matching and provides more security and convenience. 2) Furthermore
it provides multiple feasible paths along with the ranking that minimizes a multi-
objective cost function and weights of the factors can be specified by the driver
to achieve the optimal objectives, such as the length, time, occupancy and social
closeness. 3) Our simulation study results have shown that the proposed system
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may have the potential to compute that multiple optimal paths against different
user defined objective function.
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