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CHAPTER I

JUSTIFICATION OF RESEARCH

Introduction

The objective of this research is to design an integrated, on-demand transit framework that

efficiently utilizes information collected from GPS systems installed on buses and vans,

real-time arrival information of static transit services, current road and traffic conditions,

and passenger origins and destinations to create optimal bus routes and passenger itineraries

in real time. These routes and itineraries will be determined by utilizing intelligent control

and optimization technologies such as genetic algorithms, simulated annealing, particle

swarm optimization, and others. The framework draws heavily from telecommunications

theory in that large systems of public transit consisting of buses, vans, trains, and bus rapid

transit (BRT) are abstracted as an network of small dial-a-ride neighborhoods analogous

to subnets connected by static, high-speed transportation routes analogous to trunk lines.

Passengers will be routed through the network using a combination of optimization

techniques and new applications of graph theory and data packet routing. The framework is

a highly scalable and novel method that will increase passenger satisfaction while reducing

the costs for the transit company by optimizing and streamlining operation.

Section 1.1 of this paper will motivate the use of on-demand transportation by contrasting

two cities where static transit is successful and where static transit is largely impractical

and will suggest how on-demand transit can benefit the latter of the two cities. Section 1.2

will provide an overview of the past research into on-demand transportation technology

and illustrate the current state-of-the-art. Section 1.3 will cover the research which has

already been undertaken in this work. Finally, Chapter II will formalize the objective of

this research and propose the work remaining to be done.
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1.1 Motivation

Transit systems designed for most cities utilize static bus and train routes. The locations and

times of these routes are chosen by traffic engineers and city planners based on historical

data and studies of when and where passengers are likely to require transit. Based on

these studies, the transit operators will install bus or train routes along the most appropriate

corridors and publish the time-tables so that passengers will know when and where service

can be found. This style of route planning is widely used in nearly every major city with

significant transit infrastructure.

In cities with a high population density and high transit ridership, this type of bus service

works well. In New York City for instance, which has a population density of 27,532 people

per square mile [32, 31] and 10,303,095 [27] average weekday unlinked transit trips, the

typical headway between the Metropolitan Transit Agency’s (MTA) weekday buses is 5-15

minutes [21]. This means that passengers who utilize these routes will not have to endure

long wait times between buses.

However, in cities with low population density and low transit ridership, this strategy

performs less favorably. In the city of Atlanta for instance, with a population density

of 4,018 people per square mile [32, 31] and 504,420 [27] average weekday unlinked

transit trips, typical weekday headway between the Metro Atlanta Rapid Transit Authority

(MARTA) buses is 20-45 minutes [22]. These longer headways lead to significant

inconvenience to transit users and lead more people to choose private automobiles over

transit or shared-ride alternatives.. The much lower ridership of MARTA compared with

the MTA, renders increasing bus frequency financially infeasible.

For low to medium density cities and regions like Atlanta, as well as lower density suburban

areas surrounding large cities, frequent static route bus service may be impractical. For

these locations a different type of service model is needed. Instead of using survey data
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to determine where a bus route should be located and how often the bus should run, it

makes sense to use real-time information about passenger locations and destinations to

create on-demand bus routes on-the-fly. In a demand responsive transit (DRT) system,

passengers communicate directly with the transit operator which allows the transit operator

to create custom transit routes based on a priori knowledge of the passengers’ locations,

destinations, and schedules. Creating routes in this manner reduces waste for the transit

operator by not sending buses along routes which may not have passengers requiring

service, and the system improves service to the passengers by eliminating long headway

between routes to provide service on demand.

Historically in a DRT system, the passengers will provide a dispatcher with desired pickup

and drop-off locations by calling the dispatcher via mobile or land line phone. Once

enough passengers had called in, the dispatcher would organize a trip where one ore more

buses would service the requests of all the passengers and would alert the passengers of

their itineraries. This type of system is known as dial-a-ride (DAR) and the problem

of optimally selecting bus routes to service these passengers is known as the dial-a-ride

problem (DARP). The problem with these types of systems is that the communication

framework is cumbersome and relatively few people chose this type of transportation over

privately owned automobiles. Therefore this type of service has largely been limited to

elderly and disabled paratransit users who are unable to provide their own transportation

[20].

In order for DRT to be adopted by the general public, it needs to be able to compete

with the cost and convenience of private automobile transportation and move beyond the

awkward DAR systems. With the advent of new enabling technologies, specifically the

internet and mobile communication networks, GPS, and smart phones, it is feasible for

DRT users to communicate nearly effortlessly with the transportation operators and trips

can be created within seconds or minutes, rather than hours. These new devices greatly

decrease the difficulty of collecting passenger location and destination information, and
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create new possibilities for DRT as a potential service for populations outside of paratransit

users. Among the new adopters of DRT are American universities, such as Georgia Tech,

Duke University, the University of Pennsylvania, and others who have begun utilizing DRT

for late night transit services when demand does not warrant static bus routes. Also some

cites have installed DRT systems for general public use; cities such as Marin, CA [19],

Charleston, SC [2], and Glasgow, UK [29]. These services are relatively small and do not

necessarily link with high speed static routes in an efficient enough manner to compete with

private automobiles.

What is needed for DRT to become truly practical is an efficient optimization framework

which routes passengers from origin to destination with utmost efficiency at a competitive

cost to the operator. These DRT system will likely intergrate with static route services and

even provide optimal ride-matching for private automobile users.

1.2 Overview of On-Demand Transportation Technology

Creating an efficient system for on-demand transit consists of three basic sub problems.

The first problem is encoding the network of rail, BRT lines, and streets on which the on-

demand system will operate. This encoding will need to be performed in real time and be

highly responsive to changes in the network to reflect up to the minute characteristics of

the street and transit network such as traffic, rail delays, other other information. The

second sub-problem is that of organizing the on-demand framework. The framework

will describe, at a high level, how static routes interact with on-demand routes and

handle passenger tradeoffs between these two sub-systems. The final sub-problem is to

optimize and control the transportation system. This problem includes creating accurate

cost functions which accurately represent the relationship between customer demands and

operator requirements, optimally routing passengers through the system, and deciding

tradeoffs between using static and on-demand transportation options.
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1.2.1 Street Network Encoding

The first challenge encountered when designing an on-demand transit network is creating

an accurate depiction of the street network to use in the dynamic route generation portion

of the optimization framework. The street network needs to accurately depict the true costs

of traveling along each street. These costs may include time, average road speed, average

road throughput, traffic congestion, fuel consumption, even difficult to encode attributes

such as route difficulty and weather conditions [26].

Historically these conditions have been encapsulated as a graph G = (N,E) where the

nodes N represents street intersections as well as potential passenger pickup and drop-

off locations within the system, and edges E represent the street connections between

the nodes. The shortest paths between edges of these nodes is then found via Dijkstra’s

algorithm, A* or similar path optimization algorithms [30][8][14]. These route selection

algorithms encounter two difficult problems when applied to large street network system.

The first problem is their inability to scale with large networks. For instance, Dijkstra’s

algorithm is of O(n2) complexity where n is the number of nodes in G [26]. The second

problem is that these systems need to be able to react to changes in the system and propagate

this information throughout the system very quickly. The standard Dijkstra’s algorithm

may not be able to update quickly enough if new road conditions are continuously updated.

To work around these issues, several improvements in the conventional route selection

algorithms have been proposed in previous research. Notably these methods include the

double bucket approach taken by Eklund et al. and Wang et al. [26]. The double bucket

approach, described in [8], ensures that each node is scanned at most once when executing

Dijkstra’s algorithm. Kim et al. utilize a state space reduction technique which utilizes

two-state Markov chains to represent the congestion status of each link. The specifics of

this approach are described in [15]. Another approach by Miller-Hooks and Mahmassani

associates a probability density function (PDF) of the cost of each link and then takes the
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expected value of this PDF to represent the cost of the link [23]. At this point the problem

can be solved in a stationary manner.

Another method of reducing the computationall burden of maintaining an up-to-date street

network, which has not been thoroughly researched in DRT literature, is the use the

Bellman-Ford equation and distance vector (DV) routing [10]. DV routing is a popular

choice for packet routing in local area networks because it does not require a central server

to maintain information about the entire network. In DV routing, information about the

weights between nodes is distributed across each node, i.e., each node knows the distance

to neighboring nodes and estimates of distances to all nodes [16]. As weight information

is updated, the new information is propagated throughout the network without the need for

rerunning the entire route optimization routine.

The previous research in this area was largely focused on selecting optimal routes for single

vehicles (such as emergency response vehicles) within a city. Even those researchers

who are attempting to encode the network for use in a DRT scheme often overlook a

common problem which only occurs in routing vehicles with more than two stops; i.e.,

handling U-turns. When routing vehicles between only two stops, the U-turn is rarely

necessary. However, when routing a vehicle between many stops, performing a U-turn may

be necessary or when U-turns are not possible, a workaround must be chosen. Adapting

the conventional street network graph to handle U-turns is addressed by Fan et al. by

adding weights to the nodes as well as the edges[34]. This procedure becomes cumbersome

for node which have many links stemming from it. Therefore this research suggests an

alternative to this approach which is discussed in Section 2.2.1.

1.2.2 Review of Dial-a-Ride Frameworks

The dial-a-ride problem (DARP) consists of creating m dynamic bus and van routes to

service a set of n passengers curb-to-curb with a priori information of the passengers’

origins and destinations. A thorough mathematical model of the DARP is presented by
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Cordeau and Laport in [5]. The DARP can be divided into several sub-categories relating

to the number of buses used in the system, how and when passengers are added to the

system, the manner in which passengers set travel time preferences, and the level of

interaction between static and dynamic routes. A review and discussion of the advantages

and disadvantages of these characterizations are given below.

Single Bus versus Multi-Bus DARP

The first characterization separates the DARP problem into single bus systems and multi-

bus system. A single bus DAR system is defined as demand responsive transportation

system in which all passengers are serviced between their origins and destinations on the

same bus. The single bus formation of the DARP is a similar to the classic traveling

salesman problem (TSP). In the TSP a salesman must select the optimal route with which

to visit n cities. The single bus Offline DARP is a variation of the TSP where the bus

represents the salesman and the passenger locations and destinations represent the cities.

The only additional constraint is that a passenger’s destination cannot be visited before

that passenger’s origin. In depth studies of the single vehicle DARP can be found in

[5][7][25][28].

A more complex version of the DARP is the multi-bus DARP. In this version of the DARP,

passengers requesting rides can be split among multiple buses. This new degree of freedom

present in the multi-bus DARP requires two optimization decisions to be made; assigning

the passengers to the optimal bus and then selecting the optimal route once the assignments

are made [30]. These two optimizations steps, commonly referred to as clustering and

routing, can either be performed independently of one another or simultaneously [13]. The

multi-bus DARP can be further divided into homogeneous and heterogeneous systems,

where a homogeneous system is one in which the buses all share the same characteristics

(i.e., capacity, fuel efficiency, etc.) and a heterogeneous system is one in which buses will

have varying characteristics.
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Online (Dynamic) versus Off-line (Static) DARP

The second characterization is the manner in which passengers are added to the system.

The first option is an offline or static system in which all passenger information is gathered

offline and new passengers cannot be added once the system has been optimized and set in

motion. The second option is the online or dynamic system, in which passengers may join,

leave, or change their requirements at any moment and the system must update and quickly

react to these changes [5].

In the static problem, all passenger information is known a priori, which allows the

optimization routine to find a very close approximation of the optimal solution. But the

static method is largely impractical in real-world setting as it requires a critical mass of

passengers to be waiting before service can begin. In the dynamic problem, passengers

and routes are updated continuously based on new passengers joining the system. The

challenge of such a system is calculating the assignment and routing problems in real time.

When passengers are added in real time, bus drivers must be made aware of the changes

in sufficient time to adjust the route accordingly. Furthermore, the route itineraries for

the other passengers must be updated while ensuring that their schedule demands are not

violated [18]. The added urgency of completing the optimization routine in real-time for

the dynamic case has led to many dial-a-ride researchers to resort to heuristic rather than

optimal control techniques[12][1].

Passenger Time-Windowing

Since a portion of the proposed research involves coordinating passenger handoffs between

static and dynamic routes, a brief introduction to on-demand time windows is necessary. In

a DARP with time windows (DARPTW), the passenger provides a time constraint during

which service can be rendered and penalties are placed on the route selection routine for

missing these time windows. Wang et al. provide a concise definition in [26]. Their
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definition is listed in equations 1.1 through 1.5. Where, K is a set of vehicles, V is a set

of customer nodes, the depot node is denoted as customer 0, each vehicle has a maximum

capacity Qk, and each customer has a capacity demand qi. [Tstarti,Tendi] is the time window

specified by passenger i, Ti is the arrival time of customer i , Ti, j is the travel time

between customer i and customer j, and T is the end of the time period. The coefficients

{α1,α2,α3,α4} represent the penalties associated with the number of buses utilized, the

total bus travel time, missing the start of passenger times windows, and missing the end of

passenger time windows respectively. The objective is to minimize Equation 1.1.

min(α1K + ∑
k∈K

(α2

mk

∑
p=1

Titp−1,i
t
p
+α3

mk

∑
p=0

(Tstartitp
−Titp)

++α4

mk

∑
p=0

(Titp−Tenditp
)+)) (1.1)

Subject to the following constraints.

itmk
= 0,∀k ∈ K (1.2)

∑
j∈V

T

∑
t=0

xt
0 j = ∑

j∈V

T

∑
t=0

xt
j0 = K (1.3)

∑
j∈V

T

∑
t=0

xt
i j = ∑

j∈V

T

∑
t=0

xt
ji = 1, i ∈ {V −{0}} (1.4)

mk

∑
p=0

qip ≤ Qk,∀k ∈ K (1.5)

Where,
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{it0, it0, . . . , it0,}:is the route of vehicle k at time t,

x =


1,

0

if any vehicle departs from customer i to j at time t

otherwise
,

and

(x− y)+ = max{0,x− y}.

Equation 1.2 ensures that all buses end at the depot, Equation 1.3 counts the number of

buses utilized in the problem, Equation 1.4 ensures that each passenger location is visited

only once, and Equation 1.5 ensures that each van’s capacity is not exceeded. Time

windows will be used in this research to ensure that passengers reach the appropriate static

transit route with a time window automatically set to coincide with he arrival of connecting

static transit vehicles. Heuristic and approximate solutions to solving the DARPTW can be

found in [12][26] and [24].

Integrated Demand Responsive Transit

Systems which utilize both static and dynamic transportation modes are referred to as

integrated DRT and the problem of assigning and routing passengers in these types

of systems is referred to as the integrated dial-a-ride problem (IDARP). Transportation

engineers have researched the possibility of using on-demand transit as a solution to the

“last mile” problem for getting passengers to static route stops and stations. Lee and

Wang [17] have developed a high-level architecture for a taxi-pooling system in which

passengers who are not within walking distance to a transit station can utilize DRT to

reach the nearest station. Another possible application of integrated DRT is discussed by

Uchimura et al. in [30]. Uchimura suggests a hierarchical transportation system for the city
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of Seattle, WA where the highest levels of the system use high-speed rail for long-distance

travel and the lowest levels of the system use shuttles or DRT to handle transportation

within neighborhoods. Another type of integrated DRT is suggested by Crainic et al. in

[6]. Crainic suggests a hybrid transportation system which is based on static routes with

fixed stops and times but also is capable of deviating from the prescribed route to pickup

passengers on-demand. The efficacy of these types of systems is demonstrated by Horn

in [11], in which Horn develops a planning procedure for passengers to choose between

on-demand and static routing.

A solution to the IDARP was first suggested by Wilson et al. in 1976 [33]. Wilson

suggested a network of DRT neighborhoods connected by a static transit route. Wilson

as well as other researchers have continued to expand and refine the IDARP since then. For

instance, in 1996 Liaw developed an approach to the IDARP which identifies the nearest

static route station and routes the passenger to this stop via DRT. In 2003, Aldaihani

and Dessouky developed a heuristic method of creating combined on-demand and static

routes in a paratransit setting. The study utilized real data to compare curb-to-curb service

with an IDARP to save costs on the part of the operator while minizing travel time

experienced by the passengers. In their study, 18.6% of the trips were converted from

DRT only to integrated DRT trips in order to save costs for the transit operators. These new

integrated routes increased the passengers’ trip time by 5.4% on average [1]. Depending

on the application, this may be an acceptable compromise, and further refinement of their

approach may lead to better results. In 2009, Hall et al. developed an in-depth formulation

of the static IDARP and introduced methods to reduce the solution search area. A simple

IDARP case is presented in their work and solved analytically [9].

1.2.3 Optimization of the On-Demand Framework

The bus routing problem is a modified version of traveling salesman problem (TSP) and is

known to be NP-hard and becomes exponentially more difficult to solve as the number of
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buses and passengers increases in the system [20]. Because of this analytical solutions are

rarely found outside of very simple instances of the DARP. Popular methods of solving the

DARP include numeric estimation methods such as genetic algorithms (GA) [26][30][13],

tabu search [3], and simulated annealing [20] where the order in which passenger locations

are continually adapted and improved until a reasonable solution is found. While these

techniques may find an approximate optimal solution, for medium to large instances of

DAR (i.e., greater than 20 passengers) the computation time required to find a solution is on

the order of 3-10 minutes [1][13]. In a real-time scenario this time delay is not acceptable.

To overcome this computational burden, two popular approaches are taken, reducing the

search space and utilizing non-optimal heuristic methods. Branch and cut and heuristic

search space reduction techniques are presented by Kim et al. and Cordeau in [15][4] with

promising results. Even faster solutions are presented using heuristic methods. For the

online version of the DARP, new passengers are constantly entering the system, requiring

the optimization routines to constantly update the routing algorithms. Jaw et al., Aldaihani

and Dessouky, and Miyamoto et al. have all proposed heuristic methods for quickly

inserting new passengers into the system [12][1][24]. These heuristic methods, which

search a small subset of all the possible solutions, quickly locate a feasible solution, but

they may sacrifice both cost and customer satisfaction. Aldaihani and Dessouky compare

a simple heuristic insertion problem with a tabu search method. Their heuristic method

found a solution to a medium-sized DARP (30 passengers) that required the vehicles to

travel 6% farther than a tabu search solution with passengers spending, on average, 8%

more time on the vehicles. However, the tabu search required 623 seconds to complete

the optimization routine while the heuristic method only took 9 seconds, illustrating the

potential for heuristic methods in the dynamic DARP.
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1.3 The Preliminary Research

Previous research has focused on defining the problem and objective function to be

optimized, working through possible high-level solutions to the problem, and developing a

proof-of-concept demo for early experimentation. Section 1.3.1 will present a top to bottom

definition of the problem to be solved, Section 1.3.2 will present a high level framework

aimed at solving the problem, and Section 1.3.3 will provide early results.

1.3.1 Defining the Problem

The problem this research addresses is the optimal or sub-optimal routing of passengers

through a complex metropolitan or region-wide bimodal transportation system that bal-

ances the costs of operating the system and transporting the passengers with the passenger’s

demands on the system. In this reseach, bimodal refers to a system made up of both static

and dynamic transportation options. Before solutions to the problem can be formulated, it

is important that the fundamentals of the problem are accurately defined.

The most high-level cost function associated with the system is Equation 1.6, where α

and β are the weights associated with operation costs and passenger costs respectively.

Minimizing this cost function is the ultimate goal of this research (i.e., improve the

traveler’s experience while also minimizing costs incurred by transportation operator).

The exact values of these weights and compositions of passenger and operator costs can

vary widely depending on the goals of the operator, implementation specific costs, and

individual passenger demands. However, some assumptions and suggestions can be made.

JTotal = αJO +βJP (1.6)

First consider the operator’s side of the cost function. The operator may be responsible for

operating on-demand vehicles as well as fixed route vehicles. The total costs of operating
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each of these types of vehicles is represented by JDand JS respectively.

JO = αDJD +αSJS (1.7)

For the purposes of this research, the costs of operating fixed-route services are considered

to be negligible since dynamic routing of passengers will have no effect on the schedule

or route of the fixed-route transit and minimal effect on the fuel efficiency and other

operational costs of these vehicles. Since the static costs are not controllable, they will

not be included in the optimization routines. These means that the operator’s cost can be

reduced to the cost of operating the dynamic vehicles as defined by Equation1.8,

JD =
M

∑
i=1

di (1.8)

where di is the costs associated with operating dynamic vehicle i and M is the total number

of on-demand vehicles in the network. Vehicle costs may vary from network to network,

but this research assumes that the cost of operation are heavily related to two factors. The

first factor is vehicle miles traveled which includes the price of fuel and maintenance. The

second factor is the amount of time the vehicle is in operation which includes the costs to

pay a driver and to a lesser extend the price of fuel and maintenance.

Equation 1.9, is the total passenger costs incurred by the system. Where pi is the cost of

routing passenger i.

JP =
N

∑
i=1

pi (1.9)

Passenger costs can result from a number of sources depending on the demands of the

individual passenger. These costs include total travel time, time waiting for the bus, total
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travel distance, optimal travel time subtracted from the actual travel time, transfer time,

and others. It is important to note that for passenger costs, the time a passenger is delayed

by the system or otherwise inconvenienced will not be a linear function (i.e., the longer a

passenger is delayed the faster the costs accumulate for the passenger). This is to ensure

that passengers are not repeatedly passed over in order to accommodate others.

Within this basic problem description, the network inspired transportation system will

attempt to utilize on-demand transit in conjunction with static routes to maximize customer

satisfaction while minimizing operator costs.

1.3.2 The Network Inspired Transportation System (NITS)

The network inspired transportation system (NITS) is a framework in which passengers are

transported through a complex metropolitan transportation system in the same manner in

which a packet is routed through a telecommunications network. In the NITS framework

passengers are transported within subnets, or when a pickup location and destination do

not exist in the same subnet, the passenger is transferred to a gateway hub within the origin

subnet which will transfer the passenger to a static transit route. The static transit route will

then carry the passenger to the destination subnet.

A subnet is defined as an area in which a passenger can be routed via an on-demand vehicle

without the use of a static transit route. A subnet φi acts as a semi-independent dial-a-ride

system, defined by a finite set of on-demand stops and transit gateways. Namely,

φi = {σφi,γφi},

where σφi and γφi denote the stops and gateways contained in φi respectively. Collectively,

all the subnets in a system are denoted as Φ, where Φ = {φ1,φ2, . . . ,φL}.

Operating as a dial-a-ride system, subnets are effective at transporting passengers within

15



its perimeters as long as the number of potential stops as well as passengers utilizing

the system remain low. Known to be an NP-hard problem, as the number of passengers

increases, the problem becomes exponentially more difficult to solve. This is a main reason

that dial-a-ride systems have not been implemented for large city networks and have been

relegated to low-demand services only.

In order to service an entire city, it is possible to keep the individual subnets small while

using a static system of transit to connect the subnets across the city. In this way, only the

source subnet and destination subnets of a passenger will need to be considered during the

routing process, greatly reducing the complexity of the problem. The static transit system

of the city T is defined by a finite set of transit stops and links between the stops. Namely,

T = {ν ,E},

where ν and E denote the set of stops and transit links contained in T respectively.

The static transit can consist of bus rapid transit (BRT), rail, and local bus service. These

modes do not have the ability to alter their routes on the fly as on-demand vehicles do, but

offer other advantages in terms of operating costs. As discussed in Section 1.3.1, the costs

associated with fixed routes is largely independent of the number of passengers currently

utilizing those modes (e.g. transporting 10 passengers along a static bus route is not much

more expensive than transporting 15 passengers on the same bus route). Thefore, when

possible and practical, on-demand vehicles can transfer passengers to the static network to

reduce global operating costs. If necessary, the passengers can ultimately be transferred

back to the on-demand network to complete the “last mile” of the trip.

Besides potential costs savings, BRT and rail offer additional benefits and increased

efficiency due to their dedicated right of way (ROW). BRT and trains are able to travel

over long distances at high speeds since they do not need to stop for traffic lights, other
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vehicles, or pedestrians. For this reason, they can provide the high-speed, high-capacity

backbone for transit system. Using the analogy of the telecommunications network, these

static lines are like high speed trunks that connect large subnetworks across large physical

distances.

Now that the notation for the subnets as well as the static routes is defined, the metropolitan-

wide transportation system Ψ is defined by the collection of subnets, transit links, and

on-demand vehicles. Namely,

Ψ = {Φ,T,D},

where D is the set of all on-demand vehicles in the transportation system Ψ. Optimal

assignment of the on-demand vehicles across the collection of subnets, is an area of future

study.

Outside the realm of this research, but worth noting, is that the nature of these subnets

and static transit networks is highly scalable. Much as packets routed through the internet

are passed up a chain of larger and large networks, passengers wishing to travel between

metropolitan areas can be passed through layers of larger and larger networks. For instance,

a regional network can be made of N metropolitan networks {Ψ1,Ψ2, . . . ,ΨN} serviced

either by high-speed inter-city rail, bus, or even aircraft.

1.3.3 Development of Matlab NITS Demo

Early work in this research developed a demonstration of how an individual subnet will

behave within the larger system. The demo was developed in the Matlab environment

featuring a neighborhood in midtown Atlanta. The demonstration uses a single vehicle

offline dial-a-ride situation, meaning that only a single vehicle services the neighborhood

and passenger requests are known ahead of time.
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The first task accomplished for this demo was to identify and enumerate each bus stop and

intersection in the neighborhood. For this demo, every intersection in the neighborhood is

treated as a bus stop. The neighborhood with enumerated intersections is shown in Figure

1.1. This set of intersections is translated into a graph where the nodes are the intersections

and the weights are the street distances between the nodes. In future implementations, cost

can be distance, travel time, road conditions, or any combination of these.

After the distance between each intersection is found, Dijkstra’s algorithm is employed to

determine the shortest path between each and every pair of intersections. This information

is stored in a large table that is referenced by a routing algorithm in the next round of

optimization.

Figure 1.1: Enumeration of Neighborhood Intersections

Once the locations and destinations of passengers is known, then the optimal bus route

must be found. Solving this problem is akin to solving the traveling salesman problem

(TSP) except with one extra constraint. That constraint is that a passenger’s destination

cannot be visited before the passenger’s location is visited. This leads to a TSP with a

reduced set of possible solutions, referred to as the reduced traveling salesman problem

(RTSP)
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The optimal solution to the RTSP is an NP-hard problem and is not easily solved for large

systems. Therefore this demo will find an approximate solotion using a genetic algorithm

(GA) approach to search a subset of the best route choices. The genetic algorithm attempts

to minimize the following fitness function,

JTotal = α

2N−1

∑
i=1

li +β

N

∑
j=1

[λ1, j p1, j +λ2, j p2, j +λ3, j p3, j],

where N is the total number of passengers requiring service, li is the length of the ith

segment traversed by the on-demand vehicle in the segment, p1, j is the distance the vehicle

traveled before passenger j was picked up, p2, j is the distance passenger j rode on the

vehicle, p3, j is the total distance the vehicle traveled before passenger j reached his final

destination, and the weights α and β are the weights associated with vehicle miles traveled

(VMT) and passenger demands respectively.

The weights λi, j are defined as

λ1, j =


1

0

if passenger j wishes to minimize wait time

else
,

λ2, j =


1

0

if passenger j wishes to minimize ride time

else
,

λ3, j =


1

0

if passenger j wishes to minimize total trip time

else
, and

3

∑
i=1

λi, j = 1, ∀ j.

For this problem the genetic representation of the solution is in the form [P1,P2, ...,PN ,P1,P2, ...,PN ]
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where Pj represents a pickup location or destination for passenger j. Reading the string left

to right, the first time a passenger is encountered, this is interpreted as being a pickup

location, and the second time a passenger is encountered this is interpreted as being the

passenger’s destination. The GA rearrages the above string in order to attempt to find an

optimal sequence of visits to service the N passengers.

This GA approach was tested on set of 15 passengers dispersed throughout the neigh-

borhood. The locations of these passengers is shown in Figure 1.2. Only a portion of

the neighborhood is shown due to space constraints. For each passenger two dots are

present; the green dot represents a passenger’s pickup location and the green dot represents

the passenger’s destination. If a passenger’s destination is outside the neighborhood, that

passenger will instead be routed to the transit station.

Figure 1.2: Passenger pickup locations (green) and destinations (red).

The simulation was run for three different sets of weights α and β to compare the behavior

of the system when attempting to balance operation costs with customer demands. For the

first simulation, β was set to one while α was set to zero, meaning that only passenger

demands were considered in the vehicle’s routing. The passenger preferences for these

simulations are as follows: for passengers 1-5, λ1 = 1, for passengers 6-10, λ2 = 1, and for

passengers 10-15, λ3 = 1,
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The results of this scenario are shown in Figures 1.3 and 1.4.

The graph in Figure 1.3 shows the amount of time each passenger waited for and rode on

the bus. The green area represents the time each passenger waited before being picked up

and the blue area represents the time each passenger rode the bus. From inspection, it is

clear that each passenger’s request was closely met.

Figure 1.3: Passenger miles with α = 0, and β = 1.

The drawback to setting the weights in this way is evident in Figure 1.4. This Figure

shows the order in which each intersection was visited. The important point to notice is

the asterisk at the transit station. This asterisk indicates that this intersection was visited

more than 5 times, a very inefficient method of routing from the perspective of the transit

operator. The total distance traveled by the on-demand vehicle in this example is 11.59

miles.

Figure 1.4: Order of intersection visits with α = 0, and β = 1.

21



The other extreme setting of α and β is to set α=1 and β=0. Setting the weights in this way

will minimize the VMT by the bus, but will ignore the passenger’s requests as is noticed in

Figure 1.5.

Figure 1.5: Passenger miles with α = 1, and β = 0.

Although setting the weights in this manner had a drastic negative effect on passenger

satisfaction, the VMT miles decreased significantly from 11.59 miles to 4.25 miles. It can

be seen in Figure 1.6 that number of visits the bus made to the transit station was reduced

to two.

Figure 1.6: Order of intersection visits with α = 1, and β = 0.

In a final experiment, α and β were both set to one, balancing operation costs and customer

satisfaction. The result of this experiment was a compromise between the previous two

experiments. Figure 1.7 shows the passengers wait and ride times. While the passenger
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requests were not met as completely as in the scenario which only considered customer

satisfaction, the passengers’ requests were considered by the GA route selection process

much more satisfactorily that in the scenario when VMT was the only consideration.

Furthermore, the VMT was not much higher than in the optimum VMT scenario, at 5.55

miles traveled versus 4.25 in the second experiment and 11.59 in the first experiment.

Figure 1.7: Passenger miles with α = 1, and β = 1.

These early results illustrate how a dial-a-ride network can use a transit or static route

station as a gateway to access stops which are not located within the local subnet. Future

work will expand upon these optimization techniques and further develop the notion of a

subnet as well as its interaction with other subnets and fixed-route transit.
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CHAPTER II

STATEMENT OF PH.D. DISSERTATION TOPIC

2.1 Proposed Research

The objective of this research is to design an integrated, on-demand transit framework that

efficiently utilizes information collected from GPS systems installed on buses and vans,

current road and traffic conditions, and passenger origins and destinations to optimally

create dynamic vehicle routes working in concert with static transit services to transport

passengers through a metropolitan or regional transit system. This framework is based

on the internetwork packet routing systems used in telecommunication applications and is

known as the network inspired transit system (NITS).

Optimality in the NITS framework is achieved by minimizing (or maximizing) a prede-

fined objective function representing costs incurred by the operator and service levels

experienced by the passengers. The framework is built upon two layers of optimization

as seen in in Figure 2.1. The first layer of optimization borrows from network packet

routing to create a weighted, directional graph representing real-time road conditions to

provide the proceeding layer with shortest path information. This graph must update

in real time and quickly disseminate new weights throughout the network. The second

layer of optimization will assign passengers to on-demand vehicles and optimally route

these vehicles through the network. The optimization routines of the second optimization

layer will utilize intelligent optimization techniques such as genetic algorithms, simulated

annealing, particle swarm optimization, and others to optimize the given objective function.
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Figure 2.1: Information Flow in NITS Framework

The research will culminate in the creation of an interactive model of the on-demand

system. The purpose of the model is to demonstrate the efficacy of the proposed on-

demand system and provide a test bench for further study of the framework’s routines

and algorithms. The model will be modular so that it can be adapted to a wide range of

city, street, and transit layouts as well as new optimization techniques.

2.2 Work Remaining to be Done

The primary deliverable derived from this research will be an interactive model which

demonstrates the network-inspired on-demand transportation system. Development of this

model and ensuring that the model is modular for both transportation and control engineers

will encompass much of the work related to this research.

The model will be modular in two respects. First, the model should be easily adapted to

new city or regional layouts, and street and transit layouts. This functionality will enable

future transportation planners to use the model to study how an on-demand system can
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benefit their city. The second level of modularity benefits future control system designers.

Allowing the control system to be modular will allow future engineers to implement new

assignment and routing algorithms as well new methods to quickly update the street and

transit information graph. This will allow the model to act as a framework for future study

of optimization routines.

In addition to creating the model and ensuring its modularity the model will be shown to

work on a street layout such as that of midtown and downtown Atlanta. The model will

demonstrate all aspects of the system including proliferation of road condition information

throughout the network, optimal assignment of passengers to vans and ride-share vehicles,

optimal selection of vans to be operated from a heterogeneous fleet, optimal routing of

buses along dynamic routes, and coordinated passenger handoffs between dynamic and

static transportation modes, with each portion of this model operating in real time and

responding to changing road conditions, new passenger requests and real time static route

information.

In order to create this model and demonstrate its use, a set of sub-problems related to

adapting the on-demand system from a single dial-a-ride network to a more complex

network consisting of multiple on-demand subnets linked by a static transit network must

be addressed. These five sub-problems are listed and addressed below.

2.2.1 Proliferation of Road Conditions in Real Time

A major advantage of on-demand transit systems that utilize dynamic routing is the ability

to reconfigure routes based on up-to-the-minute road conditions. As road conditions

change, on-demand routes will adjust in real time to take advantage of recently cleared

roadways or avoid congested links. In order for this aspect of on-demand transit to be

utilized, an efficient method of proliferating road link information throughout the system

must be created.
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For the purposes of this research, the collection of road condition information is not

considered. It is assumed that the conditions, such as speed and traffic volume, of individual

road segments is known by the system. With this assumed knowledge, the optimization

routine can then identify the fastest routes between passenger locations, destinations,

and vehicle locations. In previously completed work, this was done utilizing Dijkstra’s

algorithm. Dijkstra’s algorithm takes a weighted graph and identifies the shortest path

between each pair of nodes, where nodes represent road intersections, transit stations, and

vehicle stopping locations and edges represent road segments. In previous work, Dijkstra’s

algorithm was performed offline using street distances as the only measures between the

nodes on the graph. In a more realistic situation, these weights on these links will measure

the time to traverse the link or the fuel consumption along the link, and will be updated in

real-time. For a potentially large neighborhood with dozens or even hundreds of nodes and

links, a highly efficient algorithm must be chosen.

Future work will adapt routing protocols developed for the Internet Protocol (IP), such as

the Open Shortest Path First (OSPF) protocol, for use in a transit network. Adaptations

will need to consider the physical constraints of a large vehicle such as a van or a bus.

For instance, if the weight of a link represents the time required to traverse it, that

weight will depend not only on the location of the bus, but also its heading. Therefore

a straightforward mapping of intersections to graph nodes and streets to graph edges will

not be sufficient. A novel system of nodes and edges must be created in order to account

for these concerns. A proposed method is to create a separate node for each possible

approach to each intersection. For instance, a four-way intersection will be represented by

four nodes in the graph in order to account for vehicle heading. This obvious down side to

this approach is that the graphs representing the road networks will become considerably

larger. Future research will examine the effects of this approach.
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2.2.2 Adapting the Assignment and Routing Algorithms for a Network Inspired

Transit System

Previous research has led to the development of many algorithms designed to optimize

the assignment of passengers and route selection of dynamically routed buses. These

algorithms treat on-demand systems as fully independent networks that do not interact with

static routes or other on-demand networks. Therefore, all costs associated with routing and

passenger assignment are internal to the individual on-demand sub network.

In contrast to previous work, the NITS framework proposed in this research utilizes

many small on-demand service areas that must cooperate with each other as well as the

static transit network. This new framework requires adapting the previously used routing

algorithms and their associated objective functions to not only consider costs incurred

within each distributed subnet, but also the costs incurred in other subnets as a result of local

control decisions. The distributed nature of the NITS framework ensures that calculating

total costs will not require an exhaustive search of every feasible solution, but will restrict

the search space to the one or two subnets visited by each new passenger. However as the

size of the individual subnets increases, the computation complexity of calculating global

costs will also increase. For this reason, the routing and assignment algorithms must be

efficient and robust.

2.2.3 Interaction Between Static and Dynamic Vehicles

When developing a system which consists of semi-autonomous on-demand networks

working interdependently with static routes, a new challenge arises concerning the hand-

off of passengers between the on-demand and static entities in the transit network. It is

imperative for passenger satisfaction that handoffs between on-demand routes and static

routes are done in a timely manner which minimizes delay for the passenger. This

passenger delay must also be counterbalanced by the requirements of the transit system

operators, e.g. minimize fuel consumption, minimize miles traveled, etc.
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As discussed in the literature review section, the use of passenger requested time windows

has been studied by numerous dial-a-ride researchers . Time windows allow the passenger

to request certain demands on the start time or the ending time of an on-demand trip.

Adoption of weighted time windows for the purpose of meeting static transit schedules

is proposed with some adaptations. For instance, time windows discussed in literature only

apply to one end of the trip (i.e., the pickup time or the drop-off time). When adapting

the time window concept for use with static routes the window must be considered at two

points along the passenger’s journey (i.e., the time window for dropping the passenger

off according to the static route schedule and the time window associated with picking-

up the passenger at the destination subnet). Utilizing these windows will require the

development of effective cost functions to penalize the transit operator for missing train

and BRT transfers. These cost functions will be proportional to the headway of the static

routes.

2.2.4 Determine the Size, Shape, and other Characteristics required of On-demand

subnets

On-demand subnets are defined as regions where entire passenger trips can be served by

a single on-demand vehicle without requiring the passenger to make a transfer. The role

of subnets is to divide a metropolitan region into smaller sub-regions. The reason for

this division is to avoid the computational complexity and inefficiencies encountered when

using one giant on-demand service area to route passengers door-to-door across a city. The

two main roles of the subnets are to provide on-demand transportion to and from local

transit stations as well as transportation within the subnet as explained in Section 1.3. The

structure of these subnets (size, shape, number of gateways etc.) needs to be studied to

determine which structures provide the best service.

If the subnets follow exactly the subnet structure found in telecommunications, the subnets

will be of static size with a single gateway. The advantage of this type of network is
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simplicity in control, i.e. interaction between subnets is not required to determine how

passengers will be routed locally. The main disadvantage of this structure is evident

when routing passengers between adjacent subnets as illustrated in Figure 2.2a where the

hexagonal boxes represent subnets coverage areas and the black diamonds represent transit

stations. In this scenario a passenger wishing to travel between points A and B would be

forced to travel along the dashed line, which forces the passenger to make two transfers in

order to reach the final destination. In this example, a single on-demand vehicle providing

service for the entire route would be more efficient.

X

A

B

(a) Non-overlapping Subnets

X

A

B

(b) Overlapping Subnets

Figure 2.2: Static Subnet Configurations

Since it is not required that the transit model exactly follows the telecommunications

model, other subnet structures can be explored. For instance 2.2b shows a structure

with overlapping subnets and multiple transit gateways located within each subnet. This

scenario will allow single on-demand vehicles to traverse multiple subnets and can often

avoid the problem shown in Figure 2.2a. This is still a non-ideal structure however, as

certain trips are not permitted. Consider a scenario where the red dots represent passengers

all destined for location X. In this scenario, a single vehicle servicing all these passengers

would be the ideal solution; however, this solution is not permitted in this type of subnet

structure.
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Another possible subnet structure which addresses the problems above would create

subnets in real time. These subnets would be of dynamic structure, meaning that their size,

shape, and encompassed transit gateways can change in time. Furthermore these subnets

need not be geographic in nature. For instance a common destination among far-flung

individuals may represent a subnet, especially in the ride-sharing case when static transit is

likely not used. Creating subnets in real time will add significant complexity to the routing

algorithm, but the tradeoff is likely to be improved service for the customer and reduced

costs to the transit operator. Creating and controlling these dynamic subnet configurations

as well as comparing the benefits of each type of subnet structure will be studied in this

research.

2.2.5 Adapt the Van Assignment and Routing Algorithms for Ride-Share Option

The assignment and routing algorithms derived from this research have two immediate

applications. The first application is for use in the NITS architecture. The second

application is to ignore the static transit routes and utilize on-demand vehicles to provide

door-to-door service across the entire metro area. When this type of service does not utilize

hired drivers and instead utilizes the vehicle’s owners or other nominally paid drivers, the

service is known as ride-sharing. Ride-sharing, a form of automated car-pooling, is an

efficient option for daily commute trips from suburban communites to city centers as the

static BRT and train routes necessary for the NITS framework are either non-existent or

sparsely located in suburban and exurban communities.

The Framework previously addressed utilizes advanced passenger assignment and routing

algorithms to determine optimal bus routes and passenger itineraries in the system.

These algorithms can easily be adapted for the ride-sharing option and can can act as

a supplementary system within the NITS framework. The ride-sharing algorithm will

essentially be a version of NITS where on-demand subnets are allowed to grow to

encompass the entire city, which leads to increased computational complexity, but also
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allows the optimization routines to consider every possible on-demand assignment and

route option in its decision-making process. The adaptation of the previously discussed

algorithms to the ride-sharing option will be an integral part of the proposed research.

2.3 Facilities Needed

The primary equipment required for this project is access to computing power, program-

ming software, and passenger transportation data. Previous work has been conducted using

the Matlab software language, which is available to Georgia Tech students. Future research

will likely extend beyond Matlab to include the C programming language and Python.

Open source compilers and editors of these languages are widely available. Transportation

data for this project will be used to compare on-demand transit service with currently

available static service. This data is available from various transit agencies as well as the

National Transit Database.
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