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Martha A. Roper

ABSTRACT

This thesis explores how revenue management (RM) prineigahl integrate into a parking system, and
how advanced reservation-making, coupled with dynamic pgrighased on booking limits) could be used
to maximize parking revenue. Detailed here is a compsiiee RM strategy for the parking industry, and
an integer programming formulation that maximizes parkingmee over a system of garages is presented.
Furthermore, an intelligent parking reservation modealegeloped that uses an artificial neural network

procedure for online reservation decision-making.

Next, the work evaluates whether the implementatioa parking RM system in a dense urban parking
district (and thus avoiding “trial-and-error” behaviors exieith by drivers) mitigates urban congestion
levels. In order to test this hypothesis, a parafleteling structure was developed that uses a real-time
decision-making model that either accepts or rejects segjder parking via a back-propagation neural
network. Coupled with the real-time decision-making maslal micro-simulation model structure used to
evaluate the policy's effects on network performandeis clear from the results that the rate at which
parkers renege is a primary determinant of the value dfrtheementation of RM. All other things being
equal, the RM model in which the majority of parkers isd&d to their precise parking spot via the most
direct route is much more robust to the random elemeititénvihe network that can instigate extreme

congestion.

The thesis then moves from micro-evaluation to mawaduation by measuring the performance of the
urban parking system from the perspective of the set efamt stakeholders using the hyperbolic DEA
model within the context of the matrix DEA construct. eT$takeholder models, including that of the
provider, the user, and the community, have defined inptsits to the hyperbolic DEA model, which
allows for the inclusion of undesirable outputs such asarktdelay and incidence of extreme congestion.
Another key contribution of this work is that of idegitifg design issues for current and future dense urban
parking districts. Clearly, reneging rate and the tenacityeo$pective parkers is a key consideration in

cases where RM policy is not implemented.
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CHAPTER 1 Introduction

1.1 Problem Context

According to Robert G. Cross [12] in his seminal woRgvenue Managementhe termrevenue
managements defined as “the application of disciplined tacticst thigedict consumer behavior at the
micro-market level and optimize product availability anttgorto maximize revenue growth. In even
simpler terms, revenue management ensures that compalhissiviihe right product to the right customer

at the right time for the right price (pp.51-52).” Thesibacharacteristics, as discussed by Cross and others,
of industries to which revenue management concepts may tessiidly applied are: (a) variable demand
over time; (b) variable asset utilization; (c) peridbabssets; (d) limited resource pool; (e) market
segmentation; (f) the addition of new capacity is exppenglifficult, or impossible; (g) the direct cost per

client is a negligible part of the total cost of makservice available; (h) products are sellable in advanc

Although revenue management has its roots in the amliehotel industries, applications are possible in
all of the industries that possess the characteristiesiiabove. As detailed by Teodoroand Lui [49],
parking systems are ideal candidates for the applicafioavenue management principles. Consider the

following:
Parking demand is variable over time.
Like hotel rooms, or restaurant chairs, parking spatseshave daily opportunities to be “sold”.
Any parking lot or garage has a limited number of parkingespthat can be used by drivers.
Market segmentation means that different customers #liegwto pay different prices for the
same asset (hotel room, airline seat). For exaraphgrking professional wanting to park a car
near a meeting point 15 minutes before the meeting woutedsyy to pay higher parking fees
than a pensioner who makes a reservation four days imeglva
Building new garages and/or parking lots is expensive dficidt.

Parking may be easily reserved in advance.



Although revenue management in and of itself cares nothingt ahe rising problem of urban traffic
congestion (it only seeks to increase a business’ veyemtroducing and implementing a well-developed
parking reservation system (using the internet or cathph as a means of requesting service) could

significantly improve the urban congestion caused bytitied &nd error” searches of prospective parkers.

Congestion is one of the most prevalent transportlgnub in larger urban areas. The diffusion of the
automobile has increased the demand for transport tinfcasres, but the supply of infrastructures has
often not been able to keep up with the growth of mgbiSince vehicles spend the majority of the time
parked, motorization has expanded the demand for parking sgaich, vas created a space consumption
problem, particularly in central areas. Pollution, gatesl by the high population of automobiles has
become a serious impediment to the quality of life andtthe& urban populations. Additionally, energy

consumption (and therefore, dependency on petroleum fuelindnyy transportation providers has

dramatically increased.

Congestion occurs when transport demand exceeds transpply é1 a specific section of the transport
system. Congestion can be perceived as an unavoidaméequence of the usage of scarce transport
resources, particularly if there is no demand managertratégy (e.g., congestion pricing) in place. The
building of additional supply has largely proved ineffectuatdmbat this problem, and it has created a
vicious cycle of congestion that supports the constmuotib additional road capacity and automobile

dependency [35].

In the case of a parking system, congestion not only oedues there is excess demand for the parking
resource itself, but also in and around the surroundiad network due to the parking search process (or
the “trial and error” search of prospective parkerg)his congestion observed around high-density parking
districts can be considered from the perspective of ietyaof stakeholders. For instance, the parking
provider likely considers congestion to either be nedespecially, if parking resources are completely

consumed) or an impediment to steady flow, and thereforesungstion of the parking resource being



sold. The parking consumer always views congestion ivebat It is a generator of delay, impeding him

from reaching the destination.

An intelligent parking reservation system is indispersia the effective segmentation of the parking
market in accordance with revenue management, andfdierethe implementation of revenue
management strategies could likely have an effect onndribbehavior. The magnitude of this
improvement (if any) in congestion levels and the extémtelligent parking infrastructure required to see

improvement is a key pursuit within this dissertation.

1.2 Research Contributions

As is detailed inChapter 2, the current body of literature addressing the intexseati both parking
systems and revenue management research is not ovemglgltarge. Many of the papers indicate the
considerable amount of work left to be done. In particula paper has yet to explore how revenue
management principles would fully integrate into a parkirggesy or how advanced reservations, coupled
with dynamic pricing (based on “booking limits”) could be dige maximize parking revenue. This
dissertation addresses the specific literature gap wéloj@ng a detailed implementation strategy for
revenue management within parking systems, and demeasstrat suitability (and potential profitability)

of revenue management principles for this application.

Furthermore, no investigation has been made into megsfiand how much the application of revenue
management in the parking industry and within urban parkstgais might mitigate traffic congestion in
a downtown area. The testing of the principal reselgpothesis of this thesis, that implementation of
parking revenue management will mitigate urban traffic cstige is accomplished through first
developing the concept of parking revenue management and thiag tast hypothesis through parallel

mathematical programming and micro-simulation modeling.



Additionally, this dissertation seeks to evaluate tHeces of intelligent parking/revenue management on
urban congestion from the perspective of the three kesetstdders within the system: the parking
provider, the parking consumer, and the surrounding commutmitgrder to do this, this thesis introduces
the concept of matrix data envelopment analysis (DEAptopare changes in network conditions across
stakeholder perspectives. It is also intended to prowisight into key system design issues for high-
density urban parking districts. The resolution ofsth@inanswered issues in the literature will be

addressed by and will be the chief contributions ofitingsis.

1.3 Organization of Dissertation

The dissertation has three main parts. The structuteafissertation is shown igure 1.1below.
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Figure 1.1 Thesis Structure and Modeling Interactions

Chapter 2 will provide a review of literature that is relatedthe research but is not covered in the three
essays. IChapters 3, 4, 5 the first, the second and the third essay will besgreed, respectively. In

Chapter 6, the results of the three essays will be summarizédgkomg with opportunities for future work.



Additional modeling detail, along with any programming code etip the three essays, is included as

an appendix at the end of this document.

Essay OneQhapter 3) presents a comprehensive revenue management stfatafe parking industry,

focusing on a single-garage scenario. In addition, améntprogramming formulation that maximizes
parking revenue over a system of garages is presentednefffoote, an intelligent parking reservation
model is developed that uses an artificial neural nétywoocedure for online reservation decision-making.
It is concluded that the parking industry is a good canditst®&M strategy implementation, and this
chapter fully develops the formulation, tools, and modelingperate an online decision-making system

that isolates micro-markets and maximizes revenue.

Essay Two Chapter 4) evaluates whether the establishment of a parking reveanagement system in a
dense urban parking district (and thus avoiding “trial-andréfiehaviors exhibited by parkers) mitigates
urban congestion levels. In order to test this hypath#éee intelligent parking model from Essay One is

run alongside a VISSIM micro-simulation model to evalualgepolicy’s effects on network performance.

The primary purpose of Essay Thre&ghg@pter 5) is to evaluate the performance of the urban parking
system from the perspective of the set of relevakehbtders using the hyperbolic DEA model within the
context of the matrix DEA construct. The stakeholder etgdncluding that of the parking provider, the
parking customer, and the surrounding community, had defined inpditsudiputs to the hyperbolic DEA
model, which allows for the inclusion of undesirablepoi$ such as network delay and incidence of
extreme congestion. DMUs are defined within two madricene designated for performance evaluation
within the non-RM model (Base Case) and one desigrfatedvaluation within the model where RM

policy was in place (Alternative Case).



CHAPTER 2 Literature Review

2.1 Parking Modeling Literature

As described irChapter 1, the principal aim of this research is to examinemnee management within the
parking industry and its impact on urban traffic congestidhe body of urban parking-related research is
fairly extensive, and although most of the body oféditere would not be considered a direct predecessor of
this research, much of it can guide or frame the reséarght of previous findings, and therefore, in a

more effective way.

The first and most common theme within the body eféiture is that of survey-based research, including
stated preference parking choice or mode choice résedncthis literature, data is primarily gathered by
means of polling or surveying a relevant population aravallg them to state their preferences based on a
scenario or a given set of data. The results areyzethlby a variety of means to draw conclusions
regarding parking or modal split. In the cases whentrresportation mode choice is being examined,
each of these research initiatives uses parking grigapply, or demand as variables within the model

formulations.

Caicedo et al. [8], Centeno and Rojas [9], Hunt andyTdl], and Van der Goot [59] all use the survey-
based method (among others, in some cases) to evHiegbeocess or effects of parking space selection.
Caicedo et al[8] consider the special case of underground parkingctsires and the particular
considerations for this environment. Hunt and Teply [@diploy a nested logit model of individual
parking location choice. Van der Goot [59] performs a lagdlysis of variables including walking time,

parking charges, and occupation rates gathered by meangreég. s

The researchers that use a stated preference metldetetanine the transportation mode selection (with
parking being a key variable) include Hensher and King [22Jté8hand Burd-Eden [41]; Thompson and

Richardson [55]; and Washbrook et al. [62]. Hensher and Ki2] consider transportation mode choice



based specifically on supply, pricing, and the choice of pgrki Shiftan’s and Burd-Eden’s work [41]
uses the survey-based method to examine the effectsanges in urban parking policy. The research of
Thompson and Richardson [55] indicates that long-ternaréeqce with the parking environment within a
particular urban area may not lead to better decisiaking, and Washbrook et.462] demonstrate that

parking price plays a pivotal role in transportation maaecsion.

Several components of the body of parking-related liteeatuddress the issue of parking demand
modeling. It is clear from this work that assigning aipaldr parking demand function to a specific
functional form, apart from the demand assumptions adapté majority of the literature, is not trivial.
Steiner [44]; Tong et al. [57]; Tong et al. [56]; and Wohgle[65] all develop some variation of a parking

demand model.

Steiner [44] evaluates the popular New Urbanist land dprmetat model. Specifically, she tests the
hypothesis that a neighborhood typical of the New Udiamiovement that contains the “essentials” for
everyday life (i.e. residences, shopping, post office, mesidces) along with infrastructure to encourage
pedestrian travel will reduce congestion and the neegbddking in that neighborhood. In short, the
neighborhood will generate fewer trips and lower parkdegnand. Her findings, however, show the
opposite. By examining several of these types of nerffloools within the Oakland/Berkeley area, Steiner
[44] shows that newly constructed shops, services andopavent within the New Urbanist area generate

additional trips from outside the neighborhood that offsetreduction in trips within the neighborhood.

Tong et al. [56] derive a demand/supply equilibrium modeltfier Hong Kong urban area that aids in
evaluating the adequacy of existing parking facilitiesaddition, Tong et al. [57] amass parking data from
a variety of venues throughout Hong Kong to develop an impeegsirking demand model for Hong

Kong, including parking accumulation profiles from variooses of the city.

Another prevalent topic among the literature is tbfaevaluating the role and effectiveness of urban

parking information systems. Although quite common inoga and some parts of Asia, parking guidance



or parking information systems are relatively rareha United States. Several large cities either have
plans to or have already implemented one of these syst@&ime literature reflects this growing interest in
parking guidance systems. Hae Don et al. [21]; Spencer @&st [MB]; Teng et al. [47]; and Waterson et
al. [63] all address aspects of automated parking guidanise.isue of automated parking information
systems is significant to the central problem of th&earch. If advanced parking reservations are allowed
and encouraged, then a mechanism to direct these padtéirsgha reservation to their space must be in

place. One option to direct parkers is by means ofldngainformation system.

Hae Don et al[21] researched a technology concept to direct parkexgaitable parking areas. They call
the system the Nearest Available Parking Lot ApplicaboNAPA. Spencer and West [43] describe the
planned parking guidance system for the San Jose, Califarezaand they derive a means to assess its
effectiveness. Similarly, Teng et al. [47] use an odi@rebit model to analyze the needs and anticipated
effectiveness of a planned parking information systemeaw Mork City. To evaluate the performance and
potential travel time savings from parking guidance systeWaterson et al[63] consider several
operational parking information systems. Among theinchasions is that parking guidance aids in

spreading demand more evenly over a parking stock.

Two research groups consider parking problems usingree daeory perspective. Hollander et al. [23]
consider a Stackelberg game between the government peyerthe prospective travelers to the urban
core. In particular, they address the common beligf abbundant parking must be made available within
the urban core in order to attract visitors and fasttength and growth. Their research considers sosna

with varying parking price structures, parking availailénd transit availability/use.

Tsai and Chu [58] consider another set of games. In thesegovernment and private firms move to
control and operate groups of parking supply. In each scerthey set prices on their respective
inventory, and travelers to the urban core choose geking locations. Although the government and
private firms (to a certain degree) will strive to nmaide their own welfare, the overall objective function

is to maximize public welfare.



Research at several institutions centers on perfacenaneasurement and evaluation of parking facilities
and systems. Since this research will both examing araluate parking systems under revenue

management scenarios, this branch of research isypartycrelevant.

Randhawa et al. [34] model parking areas (based on attes)land then evaluate their performance using
parameters such as average time spent waiting, numbarsoivaiting at entries and exits, and number of
cars waiting within the parking area. An interesting ri@ee is that the modelers use Poisson arrivals to

the parking area and use several previous papers teegaiecedence for this assumption.

The ARENA simulation package is used by Robert Saltzmgrt¢38/aluate performance measures in one
particular on-street parking arrangement, and changes a hos& ofodeling assumptions to perform

sensitivity analyses. For instance, Saltzman vatiesamount of enforcement, the parking meter price
structure, and the average time spent parked to look afféxet on measures such as delay, amount of

illegal parking, level of service, and others.

Swanson [45] evaluates the effect of influencing factorsparking rates. In particular, the researcher
compares the parking meter conventions in both theedi8tates and Canada, and proposes that a national
coinage structure, along with a meter’s ability to ateewide range of coins has a profound effect on the
ability of meters to levy the appropriate parking prameg can influence whether or not parkers choose to

park illegally.

The body of parking research includes a significant percerghgapers that examine the impact of
parking policy on parking demand, supply, pricing, and several atbning characteristics. A key

delineating factor among this family of research is g@he investigators look at how parking policy
“trickles down” to affect supply, demand, performance, @sdy. Others look at how the current supply,

demand, performance, and other elements impact the padlicyg development process.



Meyer [29] examines the economics and policy of travelatehmanagement in light of parking systems.
In particular, he examines social concerns and thendike of making the true cost of travel (and parking a
vehicle) visible to the traveler. Migliore [30] impdighat using parking pricing in lieu of road pricing
could be an effective alternative. Verhoef et al. [6@]eate parking policies as a direct substitute for road
pricing. In addition, they study the use of parking feersws parking supply restrictions. “The former is
found to be superior for three reasons: an informatrgument, a temporal efficiency argument and an
intertemporal efficiency argument (p. 141).” Using a sytllased method, Shiftan and Burd-Eden [41]
measure the effects of parking policy. The first sareen the abstract of this work reads, “Parking policy
is one of the most powerful means urban planners and pol&grs can use to manage travel demand and

traffic in city centers.”

Shoup [42] looks at the availability of free parking d&miv conventions have encouraged vehicle use. In
particular, he discredits conventional sources used tondiei minimum parking requirements in specific
use urban parking areas. Schank [39] observes the ddalatece of providing adequate parking at rail
stations while accounting for social concerns and conitypressures to limit parking structure height and

prevalence.

There are several research groups that tackle varioagmkpsd parking modeling or reservation system
pursuits. Arnott and Rowse [1] build a parking congestion irtbdé captures individual drivers’ searches
for a parking space. The inherent nonlinearities, asritbesl by the team, create multiple equilibria and
make parking fee determination complex. Dell’Orco et[&4] introduce an agent-based modeling

approach to explore the complexities of parking systems draVioes.

Maximum car ownership under the constraints of road dgpaed parking space supply is examined by
Tam and Lam [46]. This research group uses two-level prognag to capture complexities of trip
distribution, trip assignment, route choice, and destinatimice. It is a unique perspective and frames the

issue of excessive vehicle ownership well. Rojas and Gef3&] provide a keen insight and introduction
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to neural networks and how they can be used to evalustmgaystems. Their work includes a basic

example to illustrate the principle.

Fantoni et al. [17] provide a broad review of premiunpair parking supply, mechanics, and existing
conventions within the United States. This is patéidy pertinent to a study of revenue management
within parking systems because it isolates a key madgrnent. In fact, this paper indicates that premium
parking services is a comparatively easy way for airparking management to “maximize net parking
revenues (p.1).” Additionally, Javid et al. [26] derivées of thumb for determining the needed supply of

parking at high-volume airports.

Several research teams focus on the issue of advancedgpae&ervation systems. A group at Nippon
Telegraph and Telephone Corporation (NTT) Service Intiegrdab developed an internet parking
reservation-making system that includes entry toifesl using smart cards. Inaba et al. [27] leverage
existing technologies at NTT and tailor their conceptstteamline the parking and parking reservation-
making process. Similarly, Mouskos et al. [31] pregtmt idea of a parking reservation system and
propose congestion reducing effects. Likewise, Ram88{droposes an e-Parking system. This effort is
a specific development for a planned parking business inepletion. The desired effect is system

transparency and efficiency.

One interesting area of research received significaantéon in the late 1980’s and early 1990’s. In
particular, teams at the University of Melbourne receifegtling from sources that included the Western
Australia Department of Transport (WADoT) to develop parlgofgjware that would aid in urban planning

in the central business district of Perth.

Thompson and Richardson [55] developed the concept of npaaking search model or choice model.
One of their chief insights was that the long-term exoee in parking within a certain area did not

necessarily lead to better decision-making. Young. ¢6@] developed the CENCIMMsoftware program

! Central City Movement Model
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that was specifically designed for the Perth downtovajept. Thompson and Collins [53][54] developed

both PARKINFO and MICROPARK to provide an early parking egament tool (software package).

2.2 Revenue Management

Several research groups grapple with the issues surroursdiegue management decision-making using
various methods. Lin [28] examines dynamic pricing witH-tieze system learning. In other words, a
system is developed to optimize a dynamic pricing schibateadjusts within the sales window as actual
demand information arrives. De Boer et al. [13] compaeerministic approximation methods of
determining revenue management pricing structures versus ohe sophisticated probabilistic and
dynamic methods. The group conducts a trade-off analfsisi® and resources required to conduct the
more intricate algorithms versus the payoff in incrdag®ss revenue. Secomandi et al. [40] also address
general revenue management modeling topics and incorporfai@are to more effectively segment the

market.

Teodorovi et al. [50] introduce the concept of using fuzzy rules andcI@iphsed on actual collected
demand data) to make revenue-maximizing decisions witkimitline industry. Grossman and Brandeau
[20] look at ways to evenly allocate demand by charging dotgrto the amount of delay a customer
imposes on others (time cost). This approach reisutist subsidies to entities/suppliers with less demand

and revenue sharing from entities/suppliers with greater mgma

As mentioned earlier, the field and study of revenue managehas its beginnings in the airline industry
and has been applied to various others. Belobaba [4] coddseteinal research within this field, the
results of which are guiding principles of universal dielanagement application. His analysis developed
decision rules for airlines and structures for inventantrol. Brumelle and McGill [7] build on the work
of Belobaba [4] by extending decision rules to account foripheltnested fare classes for flight legs.
Bodily and Weatherford [5] address special issues ity gagld management analysis. In particular, they

propose methodologies to incorporate overbooking, multipke dases, and continuous resources. In this
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way, they more closely approach the reality of modaitine business practices. Cross [12], a
revolutionary figure within the field, published a widelgad book entitledRkevenue Managemetitat
narrates the airline industry’'s struggles and issues thi¢h concept and implementation of revenue

management.

In the late 1990's the idea of revenue management becaratgmtewithin another travel-related industry-
--the hotel industry. Badinelli [2] published an appro&mhdynamic yield management for hotels that
addressed variables such as time of arrival, day ofvdek, and number of vacancies at any particular
moment. Lai and Ng [27] added a dimension peculiar to hdézigth of stay. Airline flights have a set
duration, but hotel guests can stay lengths of time thgtgraatly. They use a stochastic optimization

approach that accounts for the random nature of a partgugat’'s length of stay.

2.3 Revenue Management in the Parking Industry and Intelient Parking Systems

In reviewing the body of parking- and revenue-managemenedelégrature, it is clear that the amount of
research devoted to applying revenue management prin@ples parking industry is quite limited. There
are two key papers that have introduced the new reseasttiar. Centeno and Rojas [9] [10] have
studied the topic of parking systems from a variety of pmmtives. This literature review already
discussed two research efforts by Centeno and Rajdsh# duo also introduced the ground-breaking idea
of revenue management in the parking industry at the Institutelustrial Engineers Symposium in 2005.
The work presented at the symposium introduces how revenugemagat might be applied to parking
structures and provides basic modeling techniques, witheassights into opportunities for future work.

It discusses the dynamic pricing nature inherent in nevenanagement systems, but does not seek to
clearly model the time series elements or the dynaiatigre of the problem. It also does not fully discuss
relationships between parking and urban traffic congestio the how mitigation of congestion might

impact business revenue levels.

13



The second paper specifically addressing revenue manageittentthe parking industry is that published
by Teodorovi and Lui [49]. This research leverages the work of that grouedKking paper. In it, the
research team characterizes the elements of thenpankdustry that make it suitable for revenue
management application. This is also the first paper ¢bmbines the ideas of intelligent (online)
reservation decision-making in parking systems with ilea of market segmentation and revenue

management principles.
2.4 Artificial Neural Networks

An artificial neural network is a mathematical modelcomputational model based on biological neural
networks. It consists of an interconnected group ofi@aifneurons, and processes information using a
connectionist approach to computation. In most casesueal network is an adaptive system that changes
its structure based on external or internal informatiai flows through the network during the training
and testing phases. Neural networks can be used to rooagdlex relationships between inputs and

outputs or to find patterns in data. A graphical reprtasien of a neural network is given figure 2.1
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Figure 2.1: Artificial Neural Network

In order to train and test a neural network, meaninigfulits must be developed that will be used by the

artificial network to make its real-time decision. Artificial neuron has properties similar to a bgtal
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neuron, receiving inputs, processing the inputs, and delgveutputs Figure 2.2. The neurons in an
artificial neural network are also called processiteggnents (PEs). The summation function of the output
gives the weighted average of all the inputs to the neufldren the output is modified to a reasonable

value (avoiding extreme output values) through the transfeatibn.

o
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Figure 2.2: The Structure of an Artificial Neuron

A good treatment on the modeling background and assumg@gsegiated with neural networks can be
found in a text by Teodoroviand Vukadinovic entitledraffic Control and Transport Planning: A Fuzzy
Sets and Neural Networks Approg82]. According to this source, there are five charésttes that can

be used to characterize a neural network. Theyla@enumber of processing elements, connectivity of the
processing elements, the rule of information propagatiwough the network, transfer functions, and

learning rules.

Processing elements (or artificial neurons) are thsicbfunctional units of a neural network, and are

usually organized into layers with particular functionediti In some types of neural networks, the neurons
may not be arranged in layers, but it is always trueaheh processing element within the network simply

multiplies an input by a set of weights to generate apubwilue. Neural networks often address complex
problems, but do so with an abundance of very simple @iogeslements. The second characteristic used
to characterize artificial neural networks is thamectivity of the processing elements. Each neuran in

layer of the network is connected with the neuronstlirerolayers by a synapse, and these layers can be
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fully connected or partially connected. The choice @ ttonnectivity structure is fundamental to the
network, because after the network is built, it wilirle and adapt by adjusting the weights associated with
these connections. The third characteristic, theealiinformation propagation through the network, refer
to how information flows through the network. The glest form is feed-forward, where the information
flows in one direction from input layer to hidden layer tgpait layer. No direct loop is formed. Both
single-layer perceptron and multi-layer perceptron fab ithtis category. Apart from the feed-forward
information flow, data can also be propagated from lataréato earlier layers within the network via bi-
directional flow. Transfer functions (the fourth cheteristic), also called activation or transformatio
functions, ensure the output value of the network falls: ireasonable, non-extreme, range. The fifth
characteristic, learning rules, modifies the networkapesters (weights) to improve neural network
performance. These rules are generally classifiéebiag) either supervised (for example, minimizing error

using gradient descent) or unsupervised (error functipreisletermined).

The use of artificial neural networks for the purposeprablem-solving and real-time decision-making
has flourished over the past thirty years. Applicatiopagrinclude system identification and control
(vehicle control, process control), quantum chemiggame-playing, pattern recognition (radar systems
and face identification), medical diagnosis, and dataingi It has also been more recently applied to

transportation demand management engineering problems.

Teodorovi [52] provides a fairly comprehensive literature reviefvthe use of neural networks in
transportation research. Applications specific togpantation modeling include demand forecasting, and
continuous, real-time estimation of origin-destinatioririo@s for dynamic routing models. The capability
of neural networks to model complex functions, learn frastorical data, and adapt to changing situations
makes it a suitable tool for these problems. Reseeartiaere applied artificial neural networks to a variety

of transportation problems.

Edara [16] developed a transportation mode choice model nsumgl networks as the decision-making

mechanism. The article compares the neural networloagiprto traditional models, including the logit
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model and regression method, and concludes that the netwalrk produces the best results. Edara [15]
also has applied artificial neural networks to a highsggce inventory control problem, where real-time

reservation decisions are made for highway capacity @asireyiral network.

Teodorovi et al. [51]developed an intelligent intersection signal control modetresmeural networks
(along with dynamic programming) served as the decisidkirganechanism. The system made real-
time decisions about the extension of current green tivhgh is the amount of time a traffic signal
remains green during its cycle. Teodoroaind Edara [48] applied neural networks to a real-tinael ro
pricing system that used neural networks to make dynantisioles about toll values in response to

congestion levels on those roadways.

2.5 Transportation and Micro-Simulation

The term simulation typically refers to the imitatiohsome real thing, state of affairs, or proces® att

of simulating something generally entails representintpicekey characteristics or behaviors of a selected
physical or abstract system. Since the advent of carguiith suitable capability, traffic simulation has
become a powerful tool to enable transportation rebess and professionals make decisions in
transportation planning that require the observation oflddtaonditions and characteristics of the system

under consideration.

Microscopic simulation (in contrast to macroscopic satiah techniques) attempts to model the
movements and interactions of each individual vehicleaorsportation element. Gross measures such as
speed, volume and density are not model variables in sempic simulation. Instead, they are typically
outputs of the model derived from the interactions of ellides during the simulation run. The car-
following model and the lane-changing model are key aspsctsansportation network microscopic
simulation. Route choice modeling is also important, rildeg how drivers make decisions regarding

which network links to take from origin to destination.
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There are several transportation micro-simulatiorkpges currently available for use, including the two
most prevalent ones, CORSIM (Corridor Simulation) an8SIM. Micro-simulation models require a
large amount of detail when modeling a road network, disaseeffort to calibrate the large number of
model parameters. Micro-simulation also requires siganfi computer processing time and storage
capacity. These constraints can limit aspects ofribdeling effort such as the size of the network, the

number of simulation runs, or the complexity/granulasityhe underlying parameters.

Boxill and Yu [6] provide a comprehensive list of thmécroscopic traffic simulation software. Clearly,
each of these models has advantages and disadvantagediorselea software package in a simulation
project depends on the problem to be solved and the resaumdability. The modeling within this thesis
uses the VISSIM software package. Many state anddkd@nsportation agencies use VISSIM for
transportation planning including the Missouri, New York, andyiia Departments of Transportation.
VISSIM has also been used in significant instancegaster and Doctoral thesis research, including the

previously mentioned Edara thesis investigating highweagrvation systems [15].

According to the VISSIM User's Guide [61], “VISSIM is aiaroscopic, time-step, behavior-based
simulation model developed to model urban traffic and puipdinsit operations.” The program can
analyze traffic operations under constraints such as ¢amfiguration, traffic composition, and traffic
signals, thus making it a useful tool for the evaluatiddnvarious alternatives based on measures of

effectiveness associated with transportation engineandglanning.

The simulation package VISSIM consists of two primargdules that work in tandem. The first is the
traffic simulator, whichis a microscopic traffic flow simulation model includingr dallowing and lane
change logic. The second element is the signal stateagenewhichis signal-control software polling
detector information from the traffic simulator ordigcrete time step basis. It then determines theakig

status for the following time step and returns thisrimfation to the traffic simulator.
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The accuracy of a traffic simulation model is mainly defant on the quality of the vehicle modeling, e.g.
the methodology of moving vehicles through the network.[@h] contrast to less complex models using
constant speeds and deterministic car following logic, WWS@ses the psycho-physical driver behavior

model developed by Wiedemann in 1974 [64].

2.6 Data Envelopment Analysis and Macro-Evaluation

Performance evaluation is not only an important comppioaiany policy, program and project, but it also
helps to assess how the system progresses toward achigngédgtermined goals. Inappropriate
performance measures can result in inadequately asgesgitems and resources, and transportation
systems are no exception. Moreover, performance nmesas@lp to enhance communication between
different stakeholders. A key aspect of performance meaasatefor transportation systems is the
measurement of congestion. This type of measurementticubarly useful in the evaluation of congestion
mitigation policies. There are many ways to measoregestion. For instance, one might measure
congestion in terms of average travel speed, travel tighicle delay, cost (however it may be defined), or

others.

The literature contains hundreds of papers addressingsihes related to performance measurement and
systems efficiency. When considering matters of prodtictor efficiency, most engineers will readily
recognize the expression “outputs divided by inputs” to be ammymmethod of evaluation. Whether it be
a thermodynamic expression such as work per unit energyeaiail measure such as sales per labor hour,

societal understanding of the word efficiency can bensarnzed by this general ratio.

Data Envelopment Analysis (DEA), first proposed in 1®¥8Charnes, Cooper, and Rhodes [11], is a
commonly used tool to evaluate the relative efficiencylodt is termed decision-making units (DMUSs). A
DMU can be any number of things from a diesel engina twn-profit charity organization. In short,

DMUs are anything with quantifiable inputs and outputs et be compared with other analogous

entities. In contrast to statistical approaches tis&t central tendency approaches and evaluate DMUs

19



relative to a hypothetical “average” unit, DEA, alsmwn as frontier analysis, is an extreme point method
that compares each organization (for instance) avitly the “best performers”. DEA identifies the DMUs

that most efficiently convert inputs to outputs and compatl others to their standard.

After identifying one or more efficient DMUs from arber set of DMUs, DEA then measures the
efficiency of all other items in the set relativethe efficient subset or what is also known as tfieiefit
frontier. A fundamental assumption behind this extremetpoethod is that if a given DMU, A, is capable
of producing O(A) units of output with I(A) units of input, thether DMUs within the analogous set
should be able to do the same if they were operatingjegffly. One of the great strengths of the DEA
method is that set weights for the comparison of injgutet required. The weights are variable so as to
maximize the efficiency given the DMU-specific datalsd\ it does not require prescribing the functional

forms that are needed in statistical regression appesdolthe same sorts of problems.

Using the DEA method, an inefficient DMU can be comgargéth its virtual efficient self. This virtual
DMU is an improved version of the original created lijex making more outputs using the same inputs
or making the same outputs with less input. The methadhligh we find the best DMU (and therefore the
best virtual DMUs for those that are inefficient) it the peer set is linear programming. Each DMB ha

its own linear programming formulation that is solved.

According to most experts, the first proposed DEA foritimtawas what is referred to as the CCR model,
set forth in the seminal work by Charnes, Cooper, araiéh[11]. In 1984, Banker et al. [3] proposed an
alternative formulation that has its production frontsgpanned by the convex hull of the existing DMUs.
This new formulation, known as the Banker, Charned, @ooper (BCC) model (sd&gure 2.3, has

become the most prevalently used DEA model.
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Figure 2.3: Banker, Charnes, and Cooper Output-Oriented DEA Faitioal

This is known as the input-oriented formulation due ® fkct that the first constraint forces the virtual
DMU to produce at least as many outputs as the studied DWg.second constraint discovers how much
less input the virtual DMU would need. Lambda is a vector of non-negative scalars that records the
percentages of other peer DMUs used to construct whatecaefdrred to as the corresponding efficient

virtual DMU A.

X is the input data matrix, andis the output data matrix. When the vector lambda idipfied by X, it
yields the input vector for DMU A, with a similar opgom onY yielding the output vector. The value of
theta ( ) denotes the efficiency of DMU A. This linear pragranust be solved for each of the DMUs in
the peer set. Another well-known basic DEA modethis output-oriented BCC model. The output-
oriented model is very similar to the input-oriented folation as the first constraint forces the virtual
DMU to use at least as many inputs as the studied DIVt second constraint discovers how much more

output the virtual DMU could produce.
Clearly, the DEA modeling framework could have wide aradied application within the field of
transportation/network design and performance evaluaRasupathy [32] provides a rich literature review

with regard to DEA applications within transportationteyss.

As one can see from above, traditional DEA modelingesamith it certain restricting assumptions. For

example, the BCC models assume that inputs are used byothecfion process to produce outputs, and
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inputting more resource into the process will yield mmrgout. Implicit here is that outputs are desirable,

being either product or some other desirable measteremmore is better.

But, what happens when the outputs of the DMU are undesirabhis is often the case in transportation
systems. For instance, transportation systemsrcaluge outputs that are generally desirable like revenue,
trips completed, customers served, and ridership. Howevegsinable outputs are also common ---

outputs like carbon dioxide emissions, vehicle delayetrime, and network congestion.

Various techniques and alternative DEA formulations haea Ipeoposed to deal with this issue, as is laid
out in detail by Pasupathy in his 2002 thesis [32]. Féare.dtl8] introduced a different approach to

incorporate both the desirable and undesirable outputseimbdel. This formulation, as detailed and
applied inChapter 5 of this thesis, allows the desirable outputs to inerégsa proportion, and at the same

time allows the undesirable outputs to decrease by the jgeoportion.
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CHAPTER 3 Revenue Management in the Parking Industry: A Sigle Garage

Strategy and a Multiple Garage Intelligent Reservation Model

3.1 Contributions, Context, and the Relationship betweemevenue Management for Parking and

Traffic Congestion

This chapter develops a comprehensive RM strategshéoparking industry, looking at a single parking
garage, without consideration for urban congestion. hEBurtore, it expands the concepts introduced in
[49] and details a multiple parking garage formulation for meeemaximization. This multiple garage
formulation not only extends the scope from one parkingi@ean parking venues, it also augments the
formulation to align with RM principles by adding the @insion of dynamic pricing. Additionally, this
chapter develops a model for the implementation ofuitiphe-garage intelligent reservation system (or
intelligent parking syste)mecessary to make real-time decisions and to execwfeamtive RM parking

strategy.

The development of a parking RM strategy is not only a fogmnit contribution in a business sense, but it
also fills a clear gap in the literature to date. Addally, since most parking garages reside in high-
density urban parking districts, the extension of a singlaggarevenue maximizing formulation to the
multiple parking garage case is more applicable andstiealiFully developing the RM intelligent parking

reservation model is also a key contribution, in thathout a parking demand management and

reservation-making system, RM cannot be effectiirlylemented.

RM-based advanced reservation systems typically includandig pricing adjustments in order to isolate
market segments. This inherent dynamic pricing eleméhinaRM poises it to be an effective travel
demand management (TDM) strategy. TDM is the applicatiostrategies and policies to influence
traveler behavior with the aim of reducing automob#eét demand, or redistributing this demand in space
or in time [19]. Parking pricing variability (based demand) and directed travel for those who make

reservations can ideally reduce demand and/or redigritiata congestion-mitigating way. Although RM
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itself does not concern itself with peripheral isssigsh as traffic congestion, this postulated positive “side
effect” is an interesting synergistic solution to boossiness strength, increase efficiency of movement,
and enhance overall public welfar€hapter 4 explores whether there is behavioral evidence to suppor

these hypotheses.

3.2 Revenue Management Strategy for the Parking Industry: Aingle Garage Perspective

3.2.1 The Nature of Parking Demand

The parking industry, like many other industries, has a ddntzat is stochastic in nature. It has peak
periods and lulls, and the peaks often occur before andfagdarge-scale events or at the beginning of a
work day. The lulls typically occur during the mid-day oridgrthe late night hours. Obviously, the
periods of high demand are the periods in which the parkirmggahas the greatest opportunity for the
generation of revenue. In fact, most garages are akkayon business because of the revenue generated

during these large-scale events or high demand periods.

With this assumption in mind, perhaps the most prudeategly for parking garages (and other parking
facilities) is to center their RM strategy on thesalpeeriods and extend it from there. A suggested
parking RM strategy will be presented in the form of an gtarof a parking garage positioning itself to
maximize its revenue during one of these large-scale vé&pecifically, this work examines a privately-
owned parking garage located in an urban area within altesksof several concert venues to illustrate a

basic RM strategy for parking systems.

3.2.2 Motivating Revenue Management for Parking

The core concepts of RM (according to Cross [12, p. 6&]sammarized as follows: (1) use price (that a

given customer is willing to pay) rather than costsaiamce supply and demand within the market; (2) sell
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to segmented micro-markets, not to mass markets; (3 gaur products for your most valuable

customers; (4) exploit the product’s value cycle; ana@®finually reevaluate your revenue opportunities.

RM is highly dependent on the effective segmentatiom@®imarket under consideration. What does this
mean for the parking industry? What is the most @ifecstrategy for segmenting the parking market in

order to maximize revenue and save the product for tis¢ vatuable customers?

Consider our example of a privately-owned parking garagésdéa an urban area near several large-scale
concert venues. There are many types of people who gercbacert tickets; they span the spectrum from
low-income families treating themselves to a weekewent to businesses providing prospective clients
premium seats. The same spectrum of customers alstitates the market for parking nearby the concert
location. Most existing parking garages and parkingdbtsge a flat daily or hourly parking fee to cars

entering the lot. However, does this maximize the revéimatethe parking garage/lot can generate? In

light of the advanced reservation technology availabteday’'s market, one would imagine not.

Let us assume that our parking garage’s capacity is 300 parkiegssplf all spots are sold on a typical

concert evening for $15 each, the total revenue is $450@ $I5 price may or may not be based on a
market analysis of supply and demand, i.e., it may be baseithen a cost plus profit combination or what

the business believes it can get, or based on wham#magement feels is the price that the average
customer arriving on the day of the concert is willingp&y. However, almost certainly there are people
arriving at the garage that would be willing to pay more tha5 to park. Consider the business that is
entertaining clients. It may be willing to pay a premitonmake the concert event a convenient and

thoroughly enjoyable experience for its guests.

So, what price on the day of the concert would yieldsdrae amount of revenue that the garage normally

makes? What if we set the price at $25 per car? Nowdrytting only 180 cars, the garage can make its

normal level of revenue and there are 120 more unitapeaity unfilled.
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Now, let’'s consider a related industry, the air tramduistry. RM began in the airline industry, and airlines
make efficient use of an advance reservation in ordsegonent its markets and save its product for its
most valuable customers, last-minute travelers wjltm pay a relatively high price for the ability tavel

immediately. One could also imagine that advanced raseng can also be made for parking via the
internet or by cellular phone. Like the airline indysuising the technology of an advance reservation
system and high-fidelity demand data, a parking garage ¢poup of parking garages) could segment its

markets and raise its revenue by understanding betterpnbes its various micro-markets are willing to

pay.

Now, let us consider a small-scale market segmentadroout parking garage in the concert district. What
if we offered advanced parking reservations for a cormat evening at $10 and let the price on the
evening itself be $25? If our demand data says that thengsaally 180 last-minute customers willing to
pay $25 and 120 customers willing to reserve early in dalgay a lower tariff, then we can sell 120
reservations early and save 180 for the day of theecontf we fill our total capacity, our revenue clismb
from $4500 to $5700, or a 26.7 percent increase. Revenue irsceedhis magnitude may attract parking
businesses to seriously consider incurring the cost plemmenting the necessary technology to segment

their markets.

3.2.3 A Proposed Revenue Management Strategy for Parking

Now that we have examined what RM might look like inheking industry, let us consider one possible
RM strategy that could be implemented or easily adaptediffierent markets, locations, or situations.

Let’s look again at our example of the parking garage icdheert district. It has been operating for many
years using the standard parking model of drivers egtemd paying at the moment that they wish to park.
The garage is now planning to adopt an online reservatgiamyin addition to their standard model, and
they will need an initial market segmentation stratedlyiglv they will augment or adapt as they start to

collect more and higher-fidelity demand data). What tfpgegmentation scheme should it choose?
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The first step is to identify the most valuable cust@rend what they want. For our garage, there are
several important customer groups. First are the nengiwsiasts that have not planned their attendance in
advance. They would like to drive to the concert verpaek their car in a convenient spot and quickly
make their way to the event. They are willing to paselatively higher price for the convenience of
making last-minute plans and having a close parking spiotther valuable customer group is businesses
that entertain clients who wish to provide a “premiunatking spot in a convenient location with no
restrictions. There are also busy professionalsidgsi relaxing evening out that would want the same
flexibility and privilege. These valuable customers graagsremarkably similar to the valuable customer
groups in the airline industry: the business (or pleadumegler planning ahead who wants a ticket with
flexibility and privilege, and the last-minute trave{amhether for business or pleasure) who needs to travel

immediately and is willing to pay for the convenience.

How much would these two highly-valued customer groups bimgvilo pay for parking? This is difficult

to determine without demand data, but a starting poinbearhosen by any number of means and changed
as the customer response to the price is observedkeltis to pick a price that maximizes revenue within
these essential micro-markets. Once these micrkeatzathave been analyzed, these highly-valued
customers will consume an average percentage of totatigapdhe remaining capacity can also be sold
as one or more classes of discounted advance resesviatiorder to generate additional revenue. One key
to effective market segmentation is to balance thentgyaof the identified micro-markets with the
labor/cost to manage each micro-market. The parkingggavauld also like to make sure that there is the

appropriate limited number of reservation options in oni¢rto be confusing to the clientele base.

This paper proposes a parking RM strategy that has siarilar characteristics of that of the air travel
industry. Our parking garage selects an interval prithecevent date to release an initial opportunity for
reserving parking for the premier concert event ofséeson. A logical date for release would be the same
day that tickets for the concert are first releasadfdct, there might even be opportunities for concer
ticket/parking package deals and revenue sharing betweewdhleusinesses). There are two types of

reservations with two sets of rules and privileges.
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The first reservation type is analogous to coach cliageservations. The price is relatively low, and th
payment is non-refundable. It may even be advantagemu®quire that regular (“‘coach”) class
reservations arrive at a non-peak time like an hofaréehe concert or just after the concert beginsis Th

kind of reservation might be ideal for people havinggqmeeert dinner plans or that have a limited budget.

The second type of reservation is analogous to firss @dasreservations. The price for this premium
reservation is significantly higher than the regulgretybut comes with flexibility such as the ability to
change reservations, and perhaps special amenities likbilityeta arrive at any point in time, guaranteed

covered parking, and parking locations closest to the venue.

The price for both regular and premium class parking ratens would likely increase with time in

increments similar to those commonly used by airlin@ne common practice is to increase airfares at
approximately two weeks and then one week before theoflaieparture. These intervals of time coupled
with a price increase could also be used with our pgrgarage. Another common practice with airlines is
to respond to changes in the market or to a competjpoice changes. This would also be a concern for
the parking facility, and the reservation system woulketirte have the flexibility to change its structure at a

moment’s notice.

Additionally, the parking garage would certainly want tonibor their reservation rates to make sure that
adequate capacity is being reserved for the most veluadntkets, the premium and last-minute demand. If
too many discounted parking reservations are being bookiédhay are being sold out very quickly, the
management group would want to respond by perhaps changing thatashaliscounted reservations

available or by adjusting the regular class price.

Another opportunity for revenue generation that is comgnosed in the airline industry is the practice of
“overbooking”. Many airlines sell more seats per airpltrea actually exist onboard due to the fact that

on any given flight, there is a certain percentage dbousrs on average who will not show up to board the
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plane. In other words, for very high demand periods,emeservations are booked that there is actual
capacity with the expectancy of some “no shows”. tRervast majority of flights, this practice increases
revenue with no negative repercussions. However, #reranstances where all customers for a given
flight show up to take the flight. In these casesjrnsg must compensate by offering free flights or other
products/amenities in order to adequately substitute &orhonoring the original reservation. The
percentage of overbooked seats is determined with gredbytaancing the revenue added by booking a
certain amount of extra seats versus the cost tolivegmultiplied by the probability of a “no show”) for

compensating the customers if they, in fact, show ugh®flight.

This opportunity could be easily adapted for the parking ingusThe parking garage in our example
could estimate the percentage of reservations thatetkgct will not show up to park. This could be
determined by considering analogous commodities (such aseas#ats, or concert attendees versus
number of tickets sold). They could overbook by some amatarting conservatively at first. Then, as
the parking garage becomes more familiar with the avgragentage of “no shows” on the day of a big
event, the overbooking process could be further refined tanmee the additional revenue received. If
more customers arrive to park on the day of the cotftentthere are parking spots to accommodate them,
the parking garage could adopt a common policy in the imelstry of booking the client with a sister
hotel and also providing a voucher for a free nightty &t some point in the future. This would clearly
translate to booking the driver with another parking gamaearby and providing a voucher for free future

parking.

Another opportunity for additional revenue that has bepted by both the air travel and hotel industries
is the last minute reselling of capacity. For thetivel industry, it translates into the “stand-by” pgli
customers wishing to fly at the last minute can chaosiy “stand-by” in which case they can join the
flight at the last minute for a standard fee if there happe be an empty seat on the flight. If there are no
extra seats, then the customer is turned away. Thgytimen choose to leave the airport or try their luck a

the next flight opportunity.
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The parking garage in the concert district could also adptpolicy. Clearly, if a reservation has an
arrival time window associated with it, and the custonmes not show up at the expected time, that spot
can be resold. Also, the garage might adopt a policydegpthe premium spots that if the customer does
not show up by a certain time, perhaps a half hour dfeerconcert begins (assuming there is only one
large-scale event in progress), then the parking spadd be resold. If the customer with the premium
reservation (with the assumption that there is no requarrival time associated with the reservation) does
show up at some point in the future, an adequate substimoiar to that used with the overbooking policy

could be offered.

Incidentally, this introduces another reservation classipitity. It might be in the garage’s best intertest
offer a “super premium” class of reservation that cowdden be resold during the course of the day; in
other words, it is always guaranteed to be open. Thish@aarticularly appealing to businesses hosting
clients who want the client to be able to arriverat point in time before or during the concert and have a
convenient, guaranteed parking space (and are willing ta jgaynificantly higher price for this privilege).

Shuttle or limousine service to the concert door geomight also be offered.

There are many other issues to address that may bdicspe@ given garage. For instance, will the
parking garage charge by the hour or by the day (or some ratipi of the two)? For our example, it
may behoove the garage to charge by the hour up to a maxdailyncharge (less than the length of a
typical concert or large-scale event) and then halat adily rate for any greater length of time. Fdrent

garages, the best strategy might be to have a continatmonthly, weekly, daily, and hourly parking as
is common at airports. Yet another strategy, partilyueell-suited for our example, is a package price for

a combination of evenings when concerts or other s\amtscheduled.

3.2.4 Potential Revenue Growth Using Revenue Managemewt:Numerical Illustration

As was briefly introduced isection 3.2.3revenue growth due to RM can sometimes be ratharatia

Here, we will explore a more detailed numerical exantplt delves into parking industry-specific
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characteristics. Let us assume that our parking garapeawsapacity of 300 parking spots is presently
charging $15 to park during a given concert event. Teayly always fill their entire capacity, which

gives them a total revenue yield of $45@gure 3.1shows the parking demand and supply curves for the

event period as observed by the garage.

Demand

300

Supply

Units Sold

$15

Price

Figure 3.1: Parking Market Equilibrium pre-RM

Now, let us further assume that an estimated 65 percentlarpavould be willing to make an advanced
reservation if it allowed them to get a better preeme set of amenities, or the assurance of having a
parking space on the evening of the concert. When avat¢igr is made online, directions to the garage in
which the reservation was made are given to the cestsmthat they can find the correct location when
they arrive to park. Now, let us assume that a parkidgsiry expert has estimated that a significant
percentage of parkers that arrive at the garage on tnéhgwef a concert are willing to pay more to park.
In fact, the expert believes that they may be willogay as much as twice the original price. The garage
however, in the absence of any RM system demand daltaxamine the predicted demand curves for

each sub-market. The management would like to startamtinservative policy. Their strategy is detailed

in Table 3.1
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I N T

3 Months to Event S5 (10%) $15(5%)

2 Weeks to Event $10(10%) $20(5%)

1 Week to Event $12 (20%) $20(15%)
Concert Evening Price $25(35%)

Table 3.1: Parking Revenue Management Example

The strategy iMable 3.1is the proposed RM approach giving the various classg&dnd how they change
with time. For instance, at three months beforesttieeduled event date until two weeks beforehand, the
price for standard parking is $5 and for premium parking is $ldble 3.1lalso provides (in parenthesis
next to the price) the percentage of the market thatedigied to buy a reservation or parking location at
that time and price. The table represents a stapoint and does not take into account the dynamic and
flexible nature of RM. As the booking cycle progressless, will have to be easily adaptable in case of
unpredicted market behaviors or a change in some chastcterf supply, demand, or customer base.

However, let us assume in this case that our experts adidtjmes are identical to the actual outcome.

By performing the simple multiplication and addition of tla@ious segments of revenue, we see that the
total revenue generated in this case is $5595, which is a @dnpéncrease over the previous amount of
revenue generated on any particular event day. Althoughnitriease in revenue is impressive, it likely
not the maximum amount of revenue that could be made & mwere known about the demand curves
within each of the micro-markets. With time and arensophisticated data-collection mechanism, the

parking garage might be able to increase its revenuensossn

3.2.5 lterative Improvement to a Garage-Specific RevenudManagement (RM) Strategy and

Extending to Multiple Garages

Clearly, the previously described RM strategy for &iparsystem is a starting point that utilizes the basic

principles of RM theory. In order to obtain a near+ogli pricing and timing structure for advanced and
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last-minute reservations, an iterative approach woulddegled. As actual demand data in response to a
given pricing structure is collected by the garage, thenadd curves can be developed to allow parking
management to adjust pricing in real time if demand behdiféerently than originally predicted for a

given event.

Now that we have developed the general parking RM stratedfyeircontext of a single garage, it is
important to note that these concepts can be easilpdedeto more complex scenarios. In many urban
areas throughout the world, groups of garages are eithextgiy/corporately owned, or are publically
owned. It is fairly straightforward to see how thid Btrategy developed for a single garage can be applied
to multiple garages with varying locations, capacites] pricing schemes. In the case of multiple garages
within a close proximity to each other within a cehtrasiness district, the implementation of a district-

wide RM strategy more easily facilitates the study f fReffects on urban congestion.

In the aforementioned principal source paper authoredebydrovi and Lui [49], a single garage RM
formulation is developed in the form of an integer progralhe results of the integer program are used to
develop fuzzy rules that are used to make real-time parkiggest decisions. This paper extends the
single garage formulation, in that it develops a multipleggrateger programming formulation and adds
dynamic pricing elements. Furthermore, the fuzzy apgleroach is replaced by a back-propagation neural
network model as a mechanism to make real-time decisidine development of this multiple garage
formulation will directly feed the future modeling andtieg of the effects of RM on urban congestion.
The formulation itself, data inputs, model outputs, and tideeds neural network-based decision-making

is described subsequently$ection 3.3
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3.3. Intelligent Parking Model for a Multiple Garage Scenaio

3.3.1 Revenue Management Implementation and Modeling

The effective implementation of parking RM clearly regsian effective strategy and means of market
segmentation. But as described earlier, the implerientaf an intelligent reservation systeris
indispensible to the effective segmentation of the parkiarket, and therefore, the implementation of RM
strategies will almost certainly have an effect owidg behavior. This chapter presents modeling details
of a multiple-garage intelligent reservation systemirftelligent parking systejmecessary to make real-
time decisions and execute an effective RM parking stratkgy aspects within this work that differ from
that of [49] extend beyond the obvious move from single garagaultiple garage systems. The
intelligent parking model developed here includes dynamicing; and demonstrates how back
propagation neural networks can be used to make onlinéngasales decisions. Artificial neural
networks are increasingly used within transportation seiepplications such as these, since they are a
way of modeling human decision-making processes withimaryilogic, computing environment. They
are especially useful for problems such as these, whederstanding of data relationships is still

rudimentary and ease of use is particularly valuable.

3.3.2 The Multiple Garage Intelligent Parking Construct

Since parking RM does not exist in practice, in orderotestruct an intelligent parking model, one must
evaluate how such a model would function. Inherent to $htisa generation of assumptions based on how
RM manifests itself within other industries (such atire or hotel) and based on how parking systems
currently operate. As describedSection 3.2.1not only is parking demand stochastic, it is also specifi
to the location, network, and/or garage with which @gsociated. The distribution of parking demand is a
key assumption, as is how one defines parking classesafsto airline ticket classes), dwell time, and a

dynamic pricing structure.
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To maintain a straightforward modeling structure, the asthssume a fixed demand distribution that is
dynamic in the sense that it changes over time, fromiteewhen parking reservations can first be made
until the actual day/time of the parking event. Althottgh distribution is clearly not dynamic in the sense
of the presence of feedback and adjustment, a true implatioentf the intelligent parking model would
use actual demand data collected over time to refine deuiatributions and assumptions in real time.

Table 3.2provides an example of an assumed demand distribution.

# $

%$
% % %
% #

Table 3.2: Intelligent Parking Model Assumed Demand Distributiomalfdarages

As can be seen fromable 3.2 this intelligent parking model assumes only two @assf parking: basic
and premium. Even though these classes aren't fiyrhefined for the purposes of this model, one can
assume that the premium class comes with amenitiadesrel of availability/certainty that the basic elas
does not. Furthermore, it is assumed that 65 percentlafrgawill prefer basic class parking to premium
class. The top portion dfable 3.2dentifies the percentage of total demand within a clasdals within
each time period. The bottom portion multiplies the aledrwithin each tariff class with the demand break
out by class. In general, it is assumed that the parkingriRel has reached an equilibrium point, where
the vast majority of parkers make a reservation as ogpwmsevaiting until the actual day to reserve a
scarce parking resource. Demand is captured from fouksawaet until the parking day, with demand

increasing in time, but falling away for the “actuayda

As is true within the RM school of thought, it assumlegt tas actual demand data is collected for the

garage or garages being analyzed, that these demand distsbwtii be aligned accordingly.
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Furthermore, it is clear that the parking garage ownenamwager may choose to adjust their strategy by
further segmenting their markets using additional parking dasse finer/coarser pricing time period

granularity, as detailed Bection 3.2.3

Included within this intelligent parking model are four gasgsach with a capacity of 65 parking spaces.
The tariff structures are different for each garage,aandtional Garage One tariff structure (in US dollars

per hour) is provided ifable 3.3below.

& ' () *-

Table 3.3: Dynamic Pricing Structure Input for Garage One

The intelligent parking model generates individual parkirguests using uniformly randomly generated
numbers corresponding to the time periods within the derdestidbution. Since the parking district is
assumed to have high levels of demand throughout the daybwith business and leisure parkers
demanding parking, random numbers, within a uniform 8istion, are used to generate arrival and
departure times for each particular request. So, a regitbst the intelligent parking model consists of
the time/date of the request, the hours or intervadaoking requested, and the preferred parking class.
From this data, a request then has an associated cbsbthesponds to each garage’s pricing structure,
calculated by multiplying the request parking length (parkingmate by the cost per hour within the
parking class and dynamic pricing period. For example, dsssime that a customer requests a premium
class parking space four weeks from their requested parkirgatad they wish to park from 12:00 until
3:00 pm. For Garage One, the cost calculated associétedhig request would equal three dollars per

hour multiplied by three hours, for a total price aofendollars.
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3.3.3 Multiple Garage RM Integer Programming Formulation

In order to allow for parking RM online decision-makingnachanism must be prepared to do this work in
real time. As mentioned previously, this is acconmgds using a back propagation neural network
approach. In order to train and test a neural netvaskfll be discussed in more detailSection 4.3,

parking requests coupled with their optimal decision sets neustltected for input.

The next step is to provide a mechanism to accounh&miultiple parking garage environment. We use
an integer program that maximizes the revenue obtaiitboh a multiple garage system, assuming that all
requests for a given time period are known; in othedsathis is the case when decisions are not made in
real time, but are made once all request data is caflentid availableRevenue is calculated by summing

revenue across all requests, dynamic pricing periodf§, dasses, and parking garages.

It is important at this point to define some terminolaged in the formulation that follows. When a
customer accesses the intelligent parking model to makekangaeservation, this is referred to as a
parking request. Each request has the potential to be assigned to oriee & garages. The possible

manifestations of the request within the garage setdisated below, are the integer decision variables.

G R L " "

p p

MAX CH(ar)X
g=1r=11=1 (1)

R

subjectto  aqr-xP £S,"1," g,

@
; X2 EL"T,

3)
xg ={0.1} (4)
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Decision Variables

Xr‘;t: binary indicator of whether or not a particular request is aceept

Indices and Superscripts

g: index of garages within parking system

t: index of tariff classes within a garage

p: index of dynamic pricing adjustments within a tariff class

r: index of parking reservation requests within a dynamic prieidgistment period

I: index of equal-length time intervals during a garage opening

Parameters
gr: binary indicator of whether or not a request includes timequeti

R: total number of parking requests

Constants

G: total number of garages in parking system
t. i e P ; e ; ; t
CP*: price within the f§ dynamic pricing adjustment within tHetariff class with the § garage

S: the capacity of garage g

L: total number of time intervals in a reservation period

Each request (and its potential manifestation within each garag,%t,) has a vector ofj,’s associated

with it that are parameter inputs to the integer progradims vector has ongfor every equal-length time

period (one for each hour of a day, for example). tRerhours included in the individual reservation

request, g, has a value of on®therwise, it has a value of zero.

As shown above, this integer program maximizes totalneveacross all garag€s This objective

function multiplies parking cost per hour by the parking diele and the decision variable. This result is
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summed across all garages, parking (or tariff) clagbggmic pricing adjustments, requests, and equal-
length time periods during which the garages operate. obfeetive function is constrained by a garage
capacity constraint. It is assumed that there aigeal humber of equal length time intervals within a
given parking day (or parking availability period{arage capacity is enforced by evaluating garage fill
within each equal length time intervalithin each individual garage to ensure that capacisyrita been
exceeded. Furthermore, constraint (3) ensures thaadbrrequest, only one garage (at most) is chosen to

meet that request.

Depending on the number of variables and dimensions,IRheould be solved using any of the
commercially available computer packages, such as CPEMarosoft Excel Solver. In the case of this
particular intelligent reservation model, the IP was sblusing the Risk Solver Platform add-on to

Microsoft Excel Solver.

For the purposes of evaluating the intelligent parking maudgipnal inputs to the integer program were
assumed.G for this problem was assumed to be four garagestvemtariff classes were assumed: basic
and premium. Although specifics are not defined forpilmposes of this paper, it is assumed that premium
class parking would afford some privileges or amenities@alaon beyond that of the basic parking class,
as is common practice in both the aviation and hiolstries. An example of this is that premium

parking might be covered or in a preferable location withéngarage, as was discusse®éttion 3.2.2

As is shown inTable 3.3 five dynamic pricing adjustment periods were assumeth (@the four weeks in

advance of the date of parking, plus the actual parkirmgp.daftgt are the prices within each of these

periods, an example of which is also givenTable 3.3 S, the capacity of the individual garages, was

assumed to be equal for all four garages, with the cgfaeiitg equal to 150 parking spaces.

Furthermore L, the total number of time intervals in a reservatperiod, is assumed to be in hourly
increments for the purpose of this modeling. Therefeeeassume that is equal to 24; onkfor each of

the hours within a parking day. Tlg, thebinary indicator vector of whether or not a requestuites
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time periodl, was generated using a uniform distribution to generatarrival and departure time to the

garage.

The formulation presented above reflects the specifidetitg properties of the intelligent parking model
within this chapter, but for the general form of the nany of the indices in the model are not required.
The indices in the formulation above are a result effttt that requests within the intelligent parking
model are enumerated within each tariff class andngriperiod. This is unique to this intelligent parking
model, and similar models may choose to track requestsuwitbspect to tariff class or pricing period. In
this case, the model does require this information dieroro execute effectively. In the model below, for
every parking requestwe could determine the prige based on the request's attributes ahead of model

execution. Our decision is to accept the request (anddétermine a garage) or reject the request.
MAX P, Xi
iR G (5)

subjectto G+ £S,"jT Gt T
iR (6)

xi£1"il R
ire (7)

x {0,1}, "il R, jT G

(8)

Parameters and Sets

g indicator that equals 1 if request i includes time intetyalse 0," iT R, T T
pe: total number of dynamic pricing adjustments (periods) intariff class

R: set of requests (includes all types)

G: set of garages

T: set of time intervals
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S: the capacity of garage ]',T G
Variables

x;: binary variable that equals 1 if request i is accepteddrage j, else 0" il R, j1 G

Notional literal inputs to the integer program as waallsample results (for illustrative purposes) are given
in Table 3.4. These results represent those that will be usedaio &nd test the mechanism by which

online decisions will be made through the artificialiree networks.

Request ID (r) | Garage (g) | Pricing Period (p) “ Tariff Class (t)“ Parked Time |q| | Tariff (CP‘Q)l Potential Revenue (q*Cpyg) | Xiptg
!
! $ $
!
!
!
!
$ !
% ! # #
# !
!
!
! $ $
!
!
!
! % %
$ ! % %

Table 3.4: Subset of Integer Programming Inputs and Results

In order to sufficiently train and test the artificiural network, this IP was solved nine times. B&ch
included 500 requests (and therefore 2000 garage alternativeside@siables). The IP was solved in
nine parts, due to restrictions in the number of integeiables (a maximum of 500 per integer program)
that the Risk Solver Platform is able to processny iadividual run. As detailed iSection 3.3.4the
definedneural network inputs are relative measures and not lms@tputs sensitive to number of total
requests. Solving these nine IPs provided a total datd $8,000 intelligent parking model decisions that
could be used to train and test the neural network. tfHr@ng and testing procedure is detailed in the

section below.
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3.3.4 Real-Time Decision-Making Using Neural Networks

As was previously introduced, neural networks are usedugnrtelligent parking model in order to enable

real-time decision-making. An artificial neural netk is a mathematical model or computational model
based on biological neural networks. It consists ofirgerconnected group of artificial neurons, and
processes information using a connectionist approaabnutation. In most cases a neural network is an
adaptive system that changes its structure based omaxberinternal information that flows through the

network during the training and testing phases. Neural niegvaam be used to model complex, nonlinear
relationships between inputs and outputs or to find patterdata. A graphical representation of a neural

network is given irFigure 32.
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Figure 3.2: Artificial Neural Network

We know from the solutions of the integer program thah gearking request is either accepted or rejected.
These requests (or garage alternatives associated mtjuest) have a parking class associated with them.
In this case, it is designated as either basic or premitihe neural networks are developed within each

specific tariff class (or parking class). The modglbackground and assumptions associated with neural

networks are consistent with those described by Teodoaod Vukadinovi [52].
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In order to train and test a neural network, meaninigfulits must be developed that will be used by the
artificial network to make its real-time decision [49, .52 all, five inputs were identified for use in the

neural network.

L HS %R (5).

This first of two input variables to the neural netkvoepresents the available amount of capacity within a
particular garage at the time of the request. The \arlabks across all time periods being requested and
takes the largest percentage of capacity fill among a#l periods being requested within that garage. In
other words, if a customer requests parking from 10am numih, this neural network input will check the
garage for the 10-11am hour and the 11am-12pm hour to detewhich hour has a higher number of
vehicles within the garage. This number divided by thal tgarage capacity (subtracted from one)
provides us with the available capacity within in theagarat the point of the parking request. This allows
us to evaluate whether, if we grant this request, wehave additional capacity available later for our

more valuable customers.

( : I # %% (6).

The second input variable to the neural network repteghe relative revenue contribution for the request
being considered. Here the numerator is the potemti@hue to be gained from the current request, and
the denominator is the maximum possible revenue that teutbtained for that request within all pricing
periods within that request’s tariff class. In otherdgp are we expecting better requests later that could
produce more revenue? For example, if a request for fa@s of parking is made during an early (and
therefore, less expensive) pricing period, an hourly cost@dollars per hour would yield a total price of
six dollars. This value would be the Kumerator. Let us further suppose that the maximuenwihin

that tariff class is ten dollars per hour, for a toteximum price of $30 for a three-hour reservation.

Dividing the numerator of $6 by the denominator, $30, weilata % of 20 percent.
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_ The hourly parking price applied to this request
The sum of all possible hourly parking prices witimstance across all garag

3

% (7).
(L00)[%].

The third input is the relative revenue for the requesi@sifested in a particular garage) compared with
the potential revenue of the request being offered withithangarage. For example, if a request within
the intelligent parking model will be offered within onefofir garages, and the hourly tariffs for the four
garages are $1, $1.50, $2, and $1 respectively, thebrXhe first garage within the request would be

calculated as follows:

X, = 1 =0.181¢ (8).
$1+$1.50 + $2 + $1

The fourth input is similar to third, but it is the raoidder of the hourly revenue rate within all alternatives
of a request. For our example above, the first garage @btergnifestation within the request would be
three (being tied with the fourth garage within the requéeBhe fifth and final input is simply the week in
which the request occurs. A request occurring in thedinsamic pricing period would be designated as a

one.

These five inputs paired with the results of the integegram are used to train the neural network. A

table of representative neural network inputs is given baiovable 35.
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Request ID (1) H Garage (g) | Pricing Period (p) H Tariff Class (I)H Parked Time |q| H Tariff (Cmu)u Potential Revenue (q*Cyrg) | Xrptg | Reuv. for Request H ] XL H X2 | X3 H X4 H X5 H
! % 5
! $ $ $ Ho # $$
! $$
1 $$
1 ## $
1 $$
$ ! % $$
% ! # # # #$$ # $$
# ! # $$
! R3]
! $ $$
! $ $ $ # 5
! % $$
! 5
! # 5
! % % $
$ ! % % % ## $¢
% ! # $$
# ! % $$
! $$

Table 3.5: Sample Neural Network Input Data

For each of the tariff classes, the data resulting fitee 1P solutions is partitioned into data designated for
training and data designated for testing. Clearly, thiaitrg set is much larger than the testing set, but
both sets of data must be large enough to drive down th&aemaking error within the neural network.
Using the data package NeuroSolutions, breadboards (ttepdt@ building artificial neural networks) for
both parking tariff classes were constructed and trainfiter successful neural network training within
each tariff class, the neural networks are testedffectiveness using input data unpaired with output. The
neural network predictions are then compared with theahtP results to determine the effectiveness of
the neural network.As shown inTable 3.6below, the models come within approximately 90 percent of

optimal when measuring correct decision count and wlidipercent when comparing dollars of revenue.

NEE - (Y F3(0" -
Vot # | # #.

Table 3.6: Neural Network Output Quality Results

The performance measures showr @ble 3.6illustrate that optimality under revenue management can be

approached in a way that could dramatically increaddrngprevenue.
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3.4. Intelligent Parking Implementation

3.4.1 Making a Parking Reservation

In Section 3.3 we have described the development and mechanics iotéfigent parking and reservation
model. However, this begs questions regarding how sucbdalman be implemented in practice. How
would a prospective parking customer interact with suclservation system? Clearly, upon approaching
such a system, a customer likely has a particular garaed in mind. The technological manifestations of
such as system (via the internet, cellular networkstloer means) will be discussed furtherSaction
3.4.2 Let us assume for the sake of this scenario, thatustemer interacts with the reservation system

via the internet.

Although there are several ways in which this systam interact with the customer to capture micro-
markets and maximize revenue, one possibility is exploeed. hA customer could access a website that
allows them to make a reservation in one of four garagtin a particular compact urban district. In
other words, all the garages available for reservatiaking are close to destinations within the areas Thi
simplifying assumption removes the requirement to entdestination address. However, including this
input would have fairly straightforward implications fdnet intelligent parking system, since many

reservation systems include a destination input as a se#eaton.

The customer logs onto the system and inputs their ded@tedand time period of parking. This action
creates aequestwithin the intelligent parking system. At this point, #ystem searches all of the garages
to see if there is capacity available, adternativesare generated. For each of these alternatives, th
neural network inputs are generated, and the neunabrietiecides whether or not an alternative should be
accepted. The most acceptable alternative is displayecbfssideration by the customer, including the
parking location and price. The customer can then chimosecept the reservation or exit the system

without making a reservation.
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If a reservation is made by the customer, the parkingitocavould likely be shown in more detail with
driving directions provided. These driving directionsraoeonly for convenience, but one of the means by

which “trial-and-error” behavior in an individual parkemmsnimized.

3.4.2 Technology and Physical Manifestation of Intelligent&king Model

Although the scenario describedSection 3.4.1assumed a customer interaction via the internetaiss

possible to imagine other ways that customers mightenaalarking reservation. Current technology
allows access to the world wide web via cellular phpaésgch would permit making in-advance parking
reservations en route to a destination. Also, cellytaone network technology permits such

communication, even in the absence of internet braysipability.

It is also important to observe intelligent parking modelgifeand implementation issues at a more global
level. As with any system design and development effors advisable to use a rigorous approach
including full attention to the systems engineering lifele process. For the intelligent parking model, this
would include system concept development, planning, requmsmeanalysis, the actual

design/development process, integration and test of dhedogy elements, implementation, operations
and maintenance, and system disposal/dispositiéection 3.2 of this chapter addresses concept
development and a selection of planning/requirements anagmiges. Implementation, as well as
integration/test and maintenance practices, would nebd tailored to an individual configuration of the

intelligent parking model.

There are many possibilities and permutations of howRMestrategies and intelligent parking models
might be implemented in practice, but the underlyingqipies remain the same: to segment the market
into micro-markets (using intelligent reservation sysjethat have the potential to dramatically increase

revenue.
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3.5. Conclusions and Future Research

After thoroughly reviewing the body of literature canning parking systems and RM, it is clear that the
topic is almost entirely unexplored. This chapter priegka strategy for how the principles of RM might
be developed and implemented within the parking industryhis Ts illustrated with an example

demonstrating how RM will function in a realistic parkis@genario.

Furthermore, the single garage intelligent reservatiomdtation in [49] was extended to encompass a
multiple-garage, dynamic-pricing environment. This foratioh addresses a more realistic scenario.
Also, an approach to use the IP solutions to traoh tast an artificial neural network in order to make
online parking reservation decisions was proposed anttselemonstrated. The neural network approach
to make real-time decisions was found to be reasonabésn within the more complex multiple-garage

environment.

Not only is the parking industry a good candidate for &Mtegy implementation, this work fully develops
the formulation, tools, and modeling to operate a sophistil online decision-making system that isolates
micro-markets and maximizes revenue. Opportunities fardutvork include further validation of the
proposed intelligent parking modeling approach under various rsag&naOne possibility would be to
validate (prior to implementation) through the use @fréit data sources such as existing garage capacity
and volume data, survey data from both potential usedsgarage managers, and possibly the use of
management flight simulation that can evaluate the $étsitassociated with model parameters.
Furthermore, it would also be advisable to validatesifgtem after implementation is complete. Clearly,
verifying that revenue management policy coupled with ttedligent parking construct yields significant

revenue increases would further validate the approach.

Additionally, it would interesting to investigate how sooféhe more subtle strategy elements presented in
Section 3.20f this chapter might be explicitly modeled within theelligent parking system. For instance,

implementing the ability to overbook a garage for a givere tpariod in response to data indicating how
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many customers, on average, are no-shows. Anotlssibb® augmentation is to implement the ability
within the intelligent parking model to dynamically aslj pricing in response to unexpected fluctuations in

demand (as is often seen in the airline industry).

It is proposed that by implementing an advance-reservaystem for parking (that almost always
coincides with the adoption of RM strategies) that mtesi garage information and directions to the
parking location, the level of congestion in the urbare @wuld be significantly reduced. This inherent
dynamic pricing element within RM poises it to be afedfve travel demand management (TDM)
strategy. Parking pricing variability (based on demaady directed travel for those who make
reservations can ideally reduce demand and/or redistribirieaitcongestion-mitigating way. RM itself
does not concern itself with peripheral issues suclradfictcongestion, this postulated positive “side
effect” is an interesting synergistic solution to boossiness strength, increase efficiency of movement,
and enhance overall public welfare. @hapter 4, the multiple garage intelligent reservation system will
be used to evaluate impact on urban traffic congestging transportation micro-simulation modeling.
The research hypothesis will be tested that, if RMmiplemented among parking garages, urban core

traffic congestion could be significantly mitigated.
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CHAPTER 4: Modeling the Effects of Parking Revenue Managemerand

Intelligent Reservations on Urban Congestion Levels

4.1. Revenue Management, Intelligent Parking Systems, akesearch Objectives

In order to test a primary hypothesis of this reseaadwo-element, parallel modeling structure has been
developed. The first model element is a real-time, @eci®aking model that receives requests for
parking reservations and determines, via a back-propagagaral network, whether the request for
parking will be accepted or rejected. The neural netwerkrained with an integer programming
formulation. More details on the integer programmingniglation, the training and testing of the neural

network, as well as demand data generation are providéldaipter 3.

The second model element is a micro-simulation in 8SIM software package. VISSIM is a
microscopic, behavior-based, multi-purpose traffic sitnartaprogram. It is a state-of-the-art package that
offers a variety of urban and highway applications. Bxgmy complex traffic conditions are visualized in
detail to precisely and accurately recreate realistiffic models. Many state and federal transportation
agencies use VISSIM for transportation planning including mhissouri, New York, and Virginia
Departments of Transportation. VISSIM has also beeau ts evaluate Travel Demand Management

strategies such as highway reservation systems [15].

In order to use the second model element to test tharobseypothesis, a three-square-mile, parking-dense
central business district based on an analogous loaaifioim the District of Columbia was coded. A base
case that simulated normal conditions including “trial-amdr& parking behaviors is compared with an
alternative case that takes demand and reservationsrésuit the first model element described above,
while otherwise maintaining normal conditions. Theosel model element is presented in greater detail in

Section 4.20f this chapter.
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4.2 VISSIM Model Structure, Inputs, Assumptions, and Paraneters

As introduced earlier, the second model element is aorsianulation using the VISSIM software package.
According to the VISSIM User’s Guide [61, p. 22], “VISSIMasmicroscopic, time-step, behavior-based
simulation model developed to model urban traffic and puipdinsit operations.” The program can
analyze traffic operations under constraints such as ¢amfiguration, traffic composition, and traffic
signals, thus making it a useful tool for the evaluatdrvarious alternatives based on transportation

engineering and planning measures of effectiveness.

The simulation package VISSIM consists of two primargdules that work in tandem. The first is the
traffic simulator, whichis a microscopic traffic flow simulation model includingr dallowing and lane
change logic. The second module is the signal stateagenewhichis signal-control software that polls
detector information from the traffic simulator ordigcrete time step basis. It then determines theakig

status for the following time step and returns thisrimfation to the traffic simulator.

The accuracy of a traffic simulation model is mainly defant on the quality of the vehicle modeling, e.g.
the methodology of moving vehicles through the network.[@h] contrast to less complex models using
constant speeds and deterministic car following logic, WWS@ses the psycho-physical driver behavior
model developed by Wiedemann in 1974 [64]. The basic concdpisomodel is that the driver of a
faster-moving vehicle starts to decelerate as ithesdts individual perception threshold to a slower-
moving vehicle. Since it cannot exactly determinegbeed of that vehicle, its speed will fall below that
vehicle’s speed until it starts to slightly acceleragain, after reaching another perception threshold. This
results in an iterative process of acceleration and efatmin. Stochastic distributions of speed and
spacing thresholds replicate individual driver behavior cterstics. Periodical field measurements and
their resulting updates of model parameters ensure thatgebkain driver behavior and vehicle

improvements are accounted for [61].
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VISSIM's traffic simulator not only allows drivers anultiple lane roadways to react to preceding vehicles
(two by default), but also neighboring vehicles on tliga@ent travel lanes are taken into account.
Furthermore, a vehicle approaching a traffic signatgai higher alertness for drivers at a distance ef on
hundred (100) meters or fewer in front of the stop lINGSSIM simulates the traffic flow by moving
driver-vehicle units through a network. Drivers withittgpecific behavior characteristics are assigned to
specific vehicles. As a consequence, the driving behaeiwesponds to the technical capabilities of the
individual’s vehicle. Attributes characterizing eadtiver-vehicle unit can be discriminated into three
categories. The first of these is the vehicle temdinspecifications such as length, maximum speed,
potential acceleration, actual position in the nekywor actual speed/acceleration. Behavior of the driver-
vehicle unit is the second of these categories, which ioalude driver sensitivity thresholds,
aggressiveness, driver memory, acceleration basediroent speed, and acceleration based on driver’s
desired speed. The third category is the interdependerte/ef-vehicle units, which includes attributes
like references to leading and following vehicles ona@urding lanes, references to current links and next

travel intersection, and references to upcoming traifjoals [61].

In order build and simulate a network in VISSIM, the madeheist code the minimum required set of

network components. Detail on the actual coding andarktiwilding process is given in the appendix.

Both the Base Case and the Alternative Case wereusiilty standard VISSIM coding practices, and the
foundation network of links and connectors, previously desdras a network based on an approximately
three square mile area of the District of Columbiagéntical. Furthermore, all base vehicle inputs,itraff
signals, ordinary routing decisions, and parking structaresdentical. It is also important to note that
overall demand/volume, including parking volume, is heldstamt between the two models. A screen shot

of the foundation (background network) is showtrigure 4.1 (Default View).
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Figure 4.1: VISSIM Foundation Network (Default View)

The Base Case model includes both background traffiougir traffic) and traffic whose destination lies
within the network. For the traffic whose destinatisrwithin the network area, these vehicles must selec
a location to park the vehicle. Routing decisions atuded for vehicles seeking parking within the
network. For each of these routing decisions, thecleehwill choose to park in the parking lot
encountered, seek out other network parking lots, or Iéavadtwork (either reneging or seeking parking
outside the network). These code elements simulatérthkand-error” behavior of vehicles in a dense

parking district.

The Alternative Case VISSIM model has a few added fesithia allow it to test the revenue management
- urban congestion research hypothesis. The fietidtional vehicle classes and types are included so as
to model the various types of parkers with reservatidrtss modeling feature allows VISSIM to simulate
parkers arriving at specific times of the day for veryc#ereserved parking times. The second is adding
routing decisions that take a parker with a parking reservdirectly to his or her parking lot by the most
direct route. The addition of these VISSIM model feaduallow one to evaluate the Alternative Case

model to the revenue management and advanced parking reseszanario.
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Due to the fact that these models are being used to examinvhat extent “trial-and-error” search
behavior, caused by parking search, contributes to urbanstmrget is important to articulate the details
of this modeling feature. As mentioned above, routing tessare used to model parking behavior under
revenue management by directing individual cars to a partitatidor a particular period of time using
vehicle classes and types. However, “ordinary” parkerdrivers seeking parking at the moment they
would like to park --- are also modeled using routing decssio\ routing decision is specific to a
particular point on the network. Also, the modeler defiwhat vehicle classes and types are bound by that
routing decision (i.e. must make a decision regarding its noeté when passing that point). A routing
decision can be “fixed” in that all vehicles are boundHhat tlecision and passing through will be directed

in the same way.

However, a routing decision can also be probabilistic modeler can define a group of routes that may be
selected by the affected vehicles. This is accomplishemligh defining what fraction of traffic, on

average, will take which route. The modeling feature ardy allows “ordinary” parkers to randomly

select a garage in which to attempt to park, it alkovalfor the modeling of a decision when a parker exits
a garage after an unsuccessful search for parking. Wiibtin the Base Case and Alternative Case
VISSIM models, there are routing decisions at theahgétach garage that apply only to “ordinary” parkers.
This decision either sends them to look for parkingrie of the other garages, or it routes them off the

network (or allows them to “give up” or renege).

The specific interaction and data flow between tret fitodel element (the revenue management intelligent
parking model) and the second model element (VISSIM Altem&lase) will be detailed iBection 4.3
Although observations and results will be fully discusse8ection 4.4 initial simulation screenshots are
shown inFigures 4.2 and 4.3 VISSIM has both a two-dimensional and a three-dimeas simulation

capability, and the Base Case model is shown beindati@duin the figures below.
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Figure 4.3: VISSIM Model Simulating Three-Dimensity
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4.3 Interaction between the Intelligent Parking Model and he Micro-Simulation Model

As discussed irSection 4.1 the primary research hypothesis being tested usingatalel modeling
structure (intelligent parking reservation model alongs@emicro-simulation model) is that the
implementation of revenue management within a central éssiparking district would reduce urban
traffic congestion. The first model element is a reeemanagement intelligent parking model that makes
real-time parking reservation decisions based on aetfaand tested artificial neural network. The second
model element is a VISSIM micro-simulation model thatepts the reservation set from the advanced

reservation model and feeds the traffic volume into tharumicro-simulation network.

Once all reservation requests for a particular timeogdgione day, for example) are received and decided
upon in the first model element, the demand is formattedl@aded into the second model element to be
dispensed into the network. In order to accurately mbdeiricoming reservation data, vehicle classes are
created within VISSIM that correspond to specific parlengry times and dwell periods of specific vehicle

types. Also, routing decisions at specific garage locatave created that dictate dwell times to the vehicle

corresponding to a specific reservation.

The Base Case and Alternative Case VISSIM simulatiodets have identical through-traffic levels and
identical volumes of total parking demand. The parking denfanthe Base Case consists entirely of
drivers that exhibit “trial-and-error” behavior whileaching for a place to park the vehicle. The
Alternative Case parker population, however, consists tf thgpical” drivers exhibiting “trial-and-error”
behavior and vehicles with a parking reservation thatrauted directly to their parking lot. The
Alternative Case model assumes a steady-state envinbrvhere the majority of parkers make a parking

reservation in advance.

Once parking volume from the intelligent parking revenuemagament model feeds into the micro-

simulation model, the simulation runs are used to etaltiee effects of revenue management parking
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policies on overall levels of network congestion. Oteefull simulation period is complete (twenty-four
hours in this case), VISSIM outputs network performanegrics such as travel time over various network
routes, total network delay, and average queue length®nh éf parking venues and at intersections.
Since both the Base Case and Alternative Case VIS8bdels are coded to output the same set of
network performance metrics, these metrics can bepamd to determine whether or not the

implementation of parking revenue management impacts trdiic congestion.

4.4 Parallel Model Results and Behavioral Sensitivity Analysis

4.4.1 Research Hypothesis Testing Results

For the primary research hypothesis test, the Base and Alternative Case VISSIM models were each
run for thirty (30) twenty-four hour simulation periodBecause dense urban areas with city block
structures such as Washington, DC often experience loighestion conditions, it is important to note how
the VISSIM simulation reacts to the these circums&ancin the case of moderate congestion, VISSIM
continues to run, but slows in efficiency and pacethéncase of extreme gridlock, VISSIM runs extremely
slowly and is prone to discontinue simulating if system deteadecome exceedingly high. In the case of
most networks, if a gridlock situation occurs and demanthires fairly constant through the simulation,
the network does not return to normal conditions. ddregested situation continues and often worsens. In
cases of extreme gridlock where VISSIM is running slofantactual time, the simulation is terminated,
statistics are gathered, and output is earmarked adlacgrsimulation terminated at a certain time during

the day.

Clearly, the key parameter in this pair of simulationdsis is that of what dictates the “trial-and-error”
behavior of parkers that have not made an advanced reéserviaa the RM system. For the primary
hypothesis test, each undirected parker exiting a paréirig Which he or she has unsuccessfully searched
for parking has a twenty percent chance of reneging anvthéethe network. This assumes that most

parkers are motivated to continue driving and searching féingaclose to their final destination rather
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than changing their plans or looking for parking at a ngrelater distance from their destination. In order
to test the sensitivity of this probability distribarti, we also investigate situations in which we increlaise

percentage to thirty-three percent and when it faltegoercent.

Overarching network performance measures were used toacerthe models including total delay, total
stopped delay, average speed, delay per vehicle, number digdi leave network, and total travel time.
Delay-based metrics were found to be most useful to camptal network congestion and its impacts. As
is shown inTable 4.1below, the Base Case VISSIM model had a much high&lence of congested

conditions and simulation terminations due to gridlockhe Alternative Case model had only one

incidence of a simulation stop due to gridlock.

Percentage of Mid-Run Stops Due to Gridlock Percentage of High Levels of Congestion
Base Case 23.33% 26.67%
Alternative Case 3.33% 3.33%

Table 4.1: Base and Alternative Case Congestion Conditions Results

Looking more closely at individual network performanceriostTable 4.2shows the summarized results
for all case runs that did not terminate due to gridlariddions. It is clear from the total and individual
vehicle delay results that overall levels of networkgastion were significantly higher for the Base Case
as compared to the Alternative Case. For instanegvbrage delay per vehicle within the network for the
Base Case model is 26.68 seconds, while for the Altem@iase it is 23.40 seconds. This constitutes a
reduction in delay per vehicle of 12.31 percent when a RM pagatigy is in place. Furthermore, total
network delay across the network is reduced by an avefd@eQ® percent and total stop delay per vehicle
is reduced by an average of 9.24 percent across the thirtyasionuluns. Each of the results differences
shown inTable 4.2is significant at the 98 percent confidence level (deteethusing the student’s t-test

for paired samples).
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Avg delay per veh [s]

Total delay time [h]

Avgstop delay per veh [s]

Total stopped delay [h]

Base Case

26.68

1527.61

23.22

1329.53

Alternative Case

2340

1342.90

21.02

1206.72

9.24%

Percent Difference 12.31% 12.09% 9.47%

Table 4.2: Key Network Performance Results for Completedd@msAlternative Case Runs

It is also interesting to consider the situation vehat significant congestion scenarios are removeaséh
that terminated the simulation and those that did not)the case shown ifable 4.3 we see a much
smaller, but still notable difference in average artdl tdelays within the network. Again, each of the
results differences shown ifable 4.3is significant at the 98 percent confidence level. Base Case
model averages 26.03 seconds of delay per vehicle, whilé\ltiernative Case model averages 23.40
seconds. This equates to a 10.11 percent differencedetive two scenarios. It can be concluded that
within this network, the implementation of RM policieghin parking venues relieves congestion even in
non-extreme conditions. It is also clear that ifistis from the more prevalent terminated runs withim

Base Case were included here, that the urban congestigating effects of RM would be even more

strongly demonstrated.

Avg delay per veh [g]

Total delay time [h]

Al

g sto

p delay per veh [g]

Fotal stopped delay [h]

Base Case

26.03

1490.17

22.56

1291.84

Alternative Case

23.40

1342.90

21.02

1206.72

Percent Difference

10.11%

9.88%

6.82%

6.59%

Table 4.3: Key Network Performance Results for Base and Aliezr@hse Runs under Normal

Conditions

4.4.2 Model Sensitivity to Changes in Search Behavior

As mentioned earlier, in order to test the sensitivitghe reneging rate distribution, we also investigate
situations in which the probability of a parker chogsio no longer search for parking increases to thirty-
three percent and when it falls to ten percent. Inrotlveds, we want to observe how changes in parking
search behavior affect overall network performancer dach of these sensitivity analyses, thirty runs of

twenty-four hour days are examined.
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For the case in which the probability of a parker raemggihen exiting any particular parking lot after an
unsuccessful search for a parking space is ten perce¥),(ife results are somewhat startling. For the
Base Case VISSIM model, eighty percent (8@¥the simulation runs were terminated at the poiméng

the network became extremely congested to the point ofrrgratia fraction of clock time. However, the
Alternative Case had approximately ninety-seven perc&db)®ormal runs. Although one might expect
that since there was one high-congestion run foc#ise in which the reneging rate is twenty percent, tha
there might be more for the case in which the remegite is ten percent. Also, within the Alternative
Case model, the reneging rate is assumed to not bg aeanfluential as in the Base Case, and therefore
would not likely affect the incidence of gridlock nearly much. The congestion conditions results are

given inTable 4.4.

Percentage of Mid-Run Stops Due to Gridlock Percentage of High Levels of Congestion
Base Case 80.00% 80.00%
Alternative Case 3.33% 3.33%

Table 4.4: Base and Alternative Case Congestion Conditions Results

(Sensitivity Case One: 10% Reneging Rate)

The resulting congestion metrics are showrTable 4.5 and 4.6 It is clear that this change in parker
behavior has a profound effect on network performancéailtiee occurrence of high congestion situations
in the Base Case modelTable 4.5again shows a statistically significant differene¢ the 99 percent
confidence level) in congestion metrics between thseBCase and Alternative Case. The average delay
per vehicle within the network for the Base Case muéll.56 seconds, while for the Alternative Case it
is 23.73 seconds. This constitutes a reduction in delayghecle of 61.45 percent when an intelligent
parking revenue management parking policy is in place. Fuorther total network delay across the
network is reduced by an average of 54.38 percent and tpadstay per vehicle is reduced by an average
of 54.29 percent across the thirty simulation runs. Howerdy twenty percent of the Base Case runs (in

this case, only six runs) are included in the resultsatkeltided terminated runs.
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Avg delay per veh [s]

Total delay time [h]

Avg stop delay per veh [s]

Total stopped delay [h]

Base Case

61.56

2985.41

55.78

2669.81

Alternative Case

23.73

1362.04

21.26

1220.33

Percent Difference

61.45%

54.38%

61.89%

54.29%

Table 4.5: Key Network Performance Results for Completedd@@mkAlternative Case Runs

(Sensitivity Case One: 10% Reneging Rate)

In order to better represent the simulation results, dable 4.6shows all results including terminated runs
in order to show a more accurate performance scen@mdy one Alternative Case run was terminated, but
eighty percent of Base Case runs were terminated. iitpgsssible to determine what the final metrics
would have been if all simulations had completed theyldag runs, but it is clear that the Base Case
results would have been quite a bit worse. Even dirlgoat the available data, it is clear that the
Alternative Case vastly outperforms the Base Casee €@n infer from these results that as the parker

reneging rate decreases, the value of intelligent parkiwmgnue management policies increases

dramatically. The results shownTiable 4.6are significant at the 99 percent confidence level.

Avg delay per veh [s]

Total delay time [h]

Avg stop delay per veh [s]

Total stopped delay [h]

Base Case

124.82

4674.26

120.14

4467.49

Alternative Case

27.19

1555.16

24.72

1413.70

Percent Difference

78.22%

66.73%

79.42%

68.36%

Table 4.6: Key Network Performance Results for Base and Aliegr@hse Runs

Including Necessitated Run Terminations (Sensitivity Case 1086 Reneging Rate)

For the case in which the probability of a parker remggihen exiting any particular parking lot after an
unsuccessful search for a parking space is thirty-threzipe(33%), or roughly one-third, the results are
quite different. As in the previous sensitivity anadysase, thirty runs of twenty-fours each were run for
the Base Case and the Alternative Case modé&ler both VISSIM networks, very few runs were

terminated due to extreme congestion or gridlock conditierfsur in the Base Case model and only one

in the Alternative Case model (as showrTable 4.7. This is a drastic change from the case in which the
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reneging rate was ten percent. Clearly, for thamugarking-dense network, parking search behavior has a

significant effect on whether extreme urban congestamditions develop.

Percentage of Mid-Run Stops Due to Gridlock Percentage of High Levels of Congestion
Base Case 13.33% 13.33%
Alternative Case 3.33% 3.33%

Table 4.7: Base and Alternative Case Congestion Conditions Results

(Sensitivity Case Two: 33% Reneging Rate)

The resulting congestion metrics for all completed runthimiSensitivity Case Two are shown Tiable

4.8 Table 4.8shows a statistically significant (at the 99 percemtfidence level), but much smaller
difference in congestion metrics between the Base @asl Alternative Case. The average delay per
vehicle within the network for the Base Case modehiy 24.60 seconds, while for the Alternative Case it
is 23.16 seconds. This constitutes a reduction in delayg¥ecle of approximately 6 percent when an
intelligent parking RM parking policy is in place. Furthermaotal network delay across the network is
reduced by an average of 5.63 percent and total stop delay pelevstreduced by an average of 4.1

percent across the completed simulation runs.

Avg delay per veh [s] Total delay time [h] Avg stop delay per veh [s] Total stopped delay [h]
Base Case 24.60 1408.66 21.73 1244.26
Alternative Case 23.16 1329.33 20.84 1196.41
Percent Difference 5.87% 5.63% 4.09% 3.85%

Table 4.8: Key Network Performance Results for Completedd@@mksAlternative Case Runs

(Sensitivity Case Two: 33% Reneging Rate)

As with Sensitivity Case Two, in order to betterresent the simulation results dafable 4.9shows all

results including terminated runs in order to show aemmwmplete performance profile. Only one
Alternative Case run was terminated, and four of theeBa@se runs were terminated. As before, it is
impossible to determine what the final metrics wouldehbeen if all simulations had completed, but it is
likely that the performance results would have been at &mssewhat worse. Looking at the output in

Table 4.9 we see that the Alternative Case outperforms the Base, but the margin that is much smaller
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than when the reneging rate is lower. It is intergstinnote, that due to the sample variances, the results

shown inTable 4.9were not determined to be statistically significant.

Avg delay per veh [s]

Total delay time [h]

Avg stop delay per veh [s]

Total stopped delay [h]

Base Case

24.80

1424.69

21.90

1258.15

Alternative Case

23.31

1337.59

20.97

1203.94

Percent Difference

6.01%

6.11%

4.22%

4.31%

Table 4.9 Key Network Performance Results for Base and Alternative Raise

Including Necessitated Run Terminations (Sensitivity Case 3306:Reneging Rate)

This sensitivity case provides further evidence thageng rate is a key driver of urban congestion. These
results demonstrate that as the parker reneging rateases;eRM policies become not as important to
controlling congestion. Clearly, this rate of renegim@n important value to understand within any given

urban parking district, due to the significance of its iotfman congestion levels.

4.5 Summary, Conclusions, and Future Work

As detailed earlier, the primary research hypothebishis work is that by implementing a revenue
management strategy at parking venues within the urb@natéusiness district, urban traffic congestion
can be mitigated. In order to test this hypothesidwaelement, parallel modeling structure was
developed. The first model element is a real-time, @eci®aking model that receives requests for
parking reservations and determines, via a back-propagagaral network, whether the request for
parking will be accepted or rejected. The second modeleeleis a micro-simulation in the VISSIM

microscope, behavior-based traffic simulation progrdfor the Base Case VISSIM model (or the control
element of the experiment), reality-based inputs are useHuild a foundation network. For the
Alternative Case VISSIM model, however, the output frdme first model element, the advanced
reservations for a given day are imported into the madelconstitute the majority of the day's parking

demand. Both VISSIM models are identical in all faestsept for the factors of advanced reservations

and direct routing.
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The primary hypothesis-testing experiment consistetidf/ twenty-four hour runs of each model with the
likelihood of a parker exiting a garage after an unsuccesséuth for parking being twenty percent (20%).
The network performance statistics for each model wenepared, and it became clear that the Base Case
in which no intelligent parking revenue management polieg \im place was much more prone to the
development of extreme congestion and gridlock conditiofsirthermore, a comparison of network
performance metrics showed a significant improvement uadeanced reservations as indicated by

measures such as delay per vehicle and total network delay.

In addition to the primary hypothesis-testing simolas, two sensitivity analyses were performed to
evaluate the impact of changing the behavior of unvedeparkers. For the primary set of runs, the parker
reneging rate was twenty percent. In the first sefitsitanalysis, the rate was decreased to ten percent.
Thirty runs of each model were executed. The Base Qaseleted only six of the thirty runs due to
termination under heavy congestion conditions. TherAative Case only terminated once. Furthermore,

normal condition performance metrics between the twdets differed significantly.

In the second sensitivity analysis, the parker renegimgwas increased to thirty-three percent (33%). In
this case, the thirty runs for both the Base Cadélam Alternative Case models encountered far fewér hig
congestion conditions. All completed their full runscassfully, with the exception of four within the
Base Case model and one in the Alternative Case modrirthermore, when examining network
performance metrics such as total network delay, therdifce was much smaller, ranging from a four to
six percent improvement in performance for the AltemgatCase in which intelligent parking revenue

management policies are implemented.

One point is clear from these experiments. The tatich parkers that do not have a parking reservation
give up and search for parking outside the network or célneielplans to visit the central business district

is a primary driver of the value of the implementatifrintelligent parking revenue management strategy.
All other things being equal, the intelligent parking revenuaagament model in which the majority of

parkers is directed to their precise parking spot antiost direct route (and thus avoids “trial-and-error”
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behaviors) is much more robust to random elements exwtrences within the network that can instigate
congestion. On the other hand, the control modelighlyh susceptible to high levels of congestion,

especially when parkers are determined to find parkindhawe inflexible parking requirements.

Clearly, many other things can drive congestion devedy in urban networks. Future work could
explore other sensitivity analyses including changebattkground traffic volumes, swings in demand
levels or distributions, changes to parking density or tgpel many others. Furthermore, it would be
interesting to look at the issue of parker reneging ratgréater detail. In particular, is there a parker
reneging rate “tipping point” at which much higher levelscofgestion develop within a particular

network? A general result for this would be difficultdevelop since this would depend highly on the

properties of a specific urban area and its levels oétmwd parking demand, but developing the principle

more fully would be a worthy pursuit.
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CHAPTER 5 Applying Hyperbolic DEA and Matrix DEA Construct s to the

Performance Measurement of Revenue Management in the Parlgnindustry

5.1 Performance Measurement and Data Envelopment Analys{BEA)

In Chapters 3 and 4,the modeling structure and results of this chapter’s pesder research were
presented and detailed. In order to test the effects démngmting RM policies within a dense urban
parking district, a parallel modeling structure was deva@ppemposed of an intelligent parking model and
a micro-simulation model. The intelligent parking model gathend processes customer in-advance
requests for parking. The requests are either acceptejeoted using a neural network decision-making
mechanism. The VISSIM micro-simulation compares a-dighsity parking network without RM policies
(and in-advance reservation-making) to the same netwithkRM. The results demonstrate that high-
density parking districts benefit from RM policies anck thubsequent relief from “trial-and-error”

driver/parker behaviors.

Although these findings are certainly contributions i ahthemselves, they do not address some of the
central issues and questions of travel demand managerRanticularly, we gain no direct insight into
performance of the network from the viewpoint of keégkeholders such as the individual parker, the
parking provider, or the community as a whole. In additthis predecessor modeling does not evaluate
the effect of changes to key network parameters suchames in background traffic flows, changes in

demand allocation among parkers with and without resergtaord changes in parker reneging rate.

In light of these observations, this paper intends toaiseell-known macro-evaluation, performance
measurement tool, data envelopment analysis (DEA)eviuate urban parking systems from the
perspective of the various stakeholders under both antyveeking scenario and a revenue management
scenario (previously and subsequently referred to aBdlse Case and Alternative Case, respectively).
Additionally, we will examine the effects on DEA-meesili efficiency of changes in network parameters

that tend to vary among individual parking districts. Theaitere is, that since each parking-dense urban
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area will be different, we would like to explore efficdgnsensitivity to key network changes such as
background traffic flows, changes in demand allocation gnpamkers with and without reservations, and
changes in parker reneging rate. This will hopefully proindeght into what network characteristics drive
performance, and therefore ought to be considered in wbdransit planning for a particular urban

parking district.

Background information and literature review on the tadfi®EA can be found irBection 2.60f this
document.The DEA model has been applied to numerous scenarias mdhkt conventional application is

to manufacturing production environments, but DEA is atsamonly used to measure efficiency of non-
profit entities and service industries. FurthermoreéAhas been expanded and augmented in a variety of
ways to address specific performance measurement.isf@esexample, network DEA was developed to
model not only a DMU in its entirety, but also it¢enor processes, so that insight might be gained into
internal sources of inefficiency. Additionally, Féarea¢t[18]introduced an approach to incorporate both
desirable and undesirable outputs of DMUs called hyperboli&. DEhis technique is applied below to

evaluate parking systems, a8dction 5.2will provide more detail on this formulation and apptoac

5.2 DEA Formulation and Parameters

5.2.1 Decision-Making Units

One of the first steps when implementing a frontiefyass formulation is to define the decision-making

unit (DMU). As described isection 5.1 DMUs are anything with quantifiable inputs and outputs taa

be compared with other analogous entities. Since thgoperof this research is to evaluate parking
systems from the perspective of various stakeholders wadging network and policy conditions, the

DMU for this DEA formulation is defined as an instamafethe parking network with certain defined

characteristics. For example, a particular DMU may tenatance of the urban high-density parking
district under revenue management with an increased lewrlaxfround traffic (for modeling purposes,

this level is specifically defined). Each individual DNJdefined inSection 5.3.3
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5.2.2 Hyperbolic DEA Model

Traditional DEA modeling carries with it certain mésing assumptions. For example, the Banker,
Charnes, and Cooper (BCC) models assume that inputs edebysthe production process to produce
outputs, and inputting more resource into the procdsyielid more output under varying returns to scale.
Implicit here is that outputs are desirable, being eifireduct or some other desirable measure, where

more is better.

But, what happens when the outputs of the DMU are undesiabhis is often the case in transportation
systems. For instance, transportation systemsrocaluge outputs that are generally desirable like revenue,
trips completed, customers served, and ridership. Howevegsinable outputs are also common ---

outputs like carbon dioxide emissions, vehicle delayetrime, and network congestion.

Various techniques and alternative DEA formulations haea Ipeoposed to deal with this issue, as is laid
out in detail by Pasupathy in his 2002 thesis [3ERre, et al. [18] introduced a different approach to
incorporate both the desirable and undesirable outputs imddel. This formulation allows the desirable

outputs to increase by a proportion, and at the sameatloves the undesirable outputs to decrease by the

same proportion. The formulation is showrigure 5.1below.
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Figure 5.1: Fére et.al Hyperbolic DEA Formulation [20]

It can be seen that is the factor of increase of the desirable outputs aadd#dtrease of undesirable
outputs, and it is the resulting efficiency for a particldIU. In this formulation, efficiency ) is
maximized subject to constraints dictating proportiondléween the undesirable inpgf)decreases and
desirable outputpf;) increases, across all desirable outpiend undesirable outpuls And, as with all
traditional DEA formulations, the weighted inputs asrai DMUs must be less than or equal to the input
of the DMU for which the problem is being solved. TheAproblem is solved times, which is the total

number of DMUs.

Since the evaluation of the urban parking district develdpere requires the analysis of undesirable

outputs, we use the hyperbolic DEA formulation to model Dé#fitiency. More detail on specific inputs

and outputs of the DEA formulation for this problem aregiin Section 5.3.2
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5.3 Matrix DEA Construct and Stakeholder Perspecties

5.3.1 Matrix DEA

Issues of transportation and demand managemeirriteeently relevant to a broad range of stakehelder
including providers and users of the resourcesadufition, issues of transportation and mobility,an the
whole, complex and dynamic. In order to effecyvehpture and communicate the multi-dimensionalfty
efficiency measurements within transportation systewe introduce the conceptroftrix DEA Although
using a matrix framework to communicate DEA muitndnsionality can be configured in whatever way is
most conducive to the problem at hand, this rebeases two dimensions of stakeholders and DMUs, as

shown inFigure 5.2

DMUs

Stakeholders

Figure 5.2: Matrix DEA Construct

Clearly, the strength of this method of displayhiat, for the stakeholders defined Section 5.3.2 the
parking provider, the parker district user, and twnmunity/society, we can see, at a glance, the
performance of that DMU, not only in comparisonthe other DMUs, but also across the range of
stakeholders. We can also takéciency vectocuts across the matrix. These cuts can captuespects

(dimensions) of efficiency for a given DMU, or efféncy across a particular stakeholder.
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5.3.2 Stakeholder Models

As outlined in earlier sections, this work seeks to evaltlee efficiency of parking systems under varying
conditions from the perspectives of a range of stakelldér this case, the relevant stakeholders are
defined for urban parking systems to be the parking pravttleruser of the parking district (parker or
through-traveler), and the community/society that costaimd experiences the conditions within the urban

parking district. Each stakeholder model is detailed beldtv g specific DEA inputs and outputs.

The first stakeholder model is that of the parking providershow irFigure 5.3below.

From a Parking Provider Perspective

Parking Supply
(Garage Capacities)

Maintenance, Labor —_— Network Revenue/Profit

Costs

Figure 5.3: Parking Provider Perspective DEA Model

As is clear fromFigure 5.3 the parking provider model has as its inputs both parking gpplgarage
capacities), and maintenance/labor costs. For thanicst where reneging rate is being tested3seton
5.4.3, reneging rate is also an input to the model. Revéntiee output. Parking supply is assumed
within the VISSIM model and is constant across DMBsich parking lot contains 150 parking spaces, for
a total capacity of 600 spaces. In addition, laborigt®nstant, and is calculated by taking the average
local labor rate (in this case, for the Washington, DS area) [37] in US dollars and multiplying by an
assumed labor requirement. In this case, we assume tkingpattendants per lot and one-half of a staff-
year for garage maintenance. For the models in whiclBdlse Case model (no RM policy in place) is
being measured, revenue is calculated from VISSIM patkent output, segmented by parking class
(either Basic or Premium) and reneging rate is assumedgivided as an input to the VISSIM micro-

simulation. For the models in which the Alternatives€ model (RM policy in place) is being measured,
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revenue is calculated from the intelligent parking madgput (revenue gathered from online reservation-

makers) in addition to non-reserved parkers via parker edgthih VISSIM.

The second stakeholder model is that of the parkingdiaser, as shown iRigure 5.4below.

From a Parking District User’s Perspective

Incremental

Congestion Network N Travel Time
(Individual) Cost of (Individuzl/Average)

Parking

Figure 5.4: Parking District User’s Perspective DEA Model

The parking district user model has as its inputs battemental congestion and the individual cost of
parking (average across all parkers). As before, folinstances where reneging rate is being tested,
reneging rate is also an input to the model. User lttave is the output. Incremental congestiors
defined as the average delay contribution per vehiclgghnils an output of the VISSIM model; in other
words, the amount of delay/congestion that an individomiributes to the network, on average. Under the
Base Case model, individual cost of parking is calculatethkipg a weighted average of parking prices
across parking classes. For example, if we assume 3spefqearkers are premium-class parkers at an
average cost of $15 per hour, and 65 percent of parkers arelbasigarkers at a cost of $10 per hour,
then the weighted hourly cost per parker is $11.75. Trawel i§ calculated by taking the average vehicle
travel time over three cross-network routes, as shiomfigure 5.5 and is calculated from VISSIM-

defined output.
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Figure 5.5: Travel Time Intervals across the Network

The third stakeholder model is that of the communityoorety, as shown ifigure 5.6below.

From a Community/Societal Perspective I

Parking Delay (Network)
—————— .
Demand Network Occurrence of Gridlock/

Extreme Congestion

Figure 5.6: Community/Societal Perspective DEA Model

As is clear fromFigure 5.6,the community/societal model has as its input parkingatein As before, for
the instances where reneging rate is being testedyingnete is also an input to the model. Total network
delay and occurrences of extreme congestion are outpuatsthé& Base Case model (no RM policy in
place), parking demand is measured as the number of pamkeit into the VISSIM model. This is due to
the fact that since there is no RM policy in placentthere is no demand input coming from the intelligent
parking model or, consequently, reservation-holding parkeos.thié Alternative Case model (RM policy
in place), parking demand is the combination of thel totamber of reservation requests within the
Intelligent Parking model plus the unreserved parking populativodinced into the VISSIM micro-

simulation.
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Network delay is an output of the VISSIM model that meastotal delay across all vehicles within the
network through the duration of the simulation, in ttase, 24 hours. Occurrence of gridlock or extreme
congestion is also an output of VISSIM. This is captw&dg a binary variable and is a count of how
many VISSIM runs (out of the total of 30 runs for e®d¥1U) experienced extreme congestion conditions.
Extreme congestion is defined by network performance enetues (output of VISSIM) of 50 percent

over normal.

5.3.3 DMU Definitions

As was articulated isection 5.3.1since the purpose of this research is to evaluate pasistgms from
the perspective of various stakeholders under varying nletared policy conditions, the DMU for this
DEA formulation is defined as an instance of the parkiatwork with certain defined characteristics. This
work seeks to look at network performance under both conditivhere RM policy is in place and where
RM policy is not in place. Furthermore, this work istigates performance from the perspective of the
parking provider, the customer, and the community (as desciiibSection 5.3.2 Leveraging the
concept of matrix DEA, as introduced 8ection 5.3.1two DEA matrices are proposed, each devoted to
exploring network performance under a particular parkingcpch- either with or without RM policy

implemented.

The first matrix, which captures the DEA structure amodel groups under the Base Case (or the “no RM”

policy), is shown irFigure 5.7
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Network Instances Under a Range of
Reneging Rates

Parking a;; @ @13 Ay dy A Ay
Provider

Parking

District - Ay @y @y3 Ay Ay 3y Ay
User |

Community/
Society 431 @3 A3y Az 8z Az Ay J

Figure 5.7: DEA Matrix under Networks Experiencing DifférRates of Reneging

One can observe that the matrix is composed of elengenmtssponding to one of the three stakeholders
and to one of seven DMUs. The seven DMUs are n&twmtances under differing rates of reneging,
which is defined as the rate at which unsuccessful (enred) parkers leave the network. Ghapter 4,

one of most compelling observations following theiahituns of the VISSIM micro-simulation model was
that reneging rate seemed to have a significant impacbogestion levels and incidence of gridlock, as
evidenced by a small set of sensitivity analyses. mbgvation behind this DEA matrix is to not only
increase the granularity of this reneging rate explorabahto also use stakeholder-based DEA modeling
to gain insight into who gets impacted and how. Sincéalimuns demonstrated that as reneging rate
decreases, congestion increases, and dramatic disrevere observed between the 10 percent and 20
percent rates, more reneging rate DMUs were defined bettfeese two values. The full DMU set is

defined inTable 5.1

Decisior-Making Unit Rereging Rate
DMU 1 10%
DMU 2 12%
DMU 3 15%
DMU 4 18%
DMU 5 20%
DMU 6 27%
DMU 7 33%

Table 5.1 Base Case DEA Matrix DMU Definitions
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The second matrix, which captures the DEA structurerandel groups under the Alternative Case (or

with RM policy implemented), is shown Figure 5.8

Network Instances Under Background
Traffic and Reservation Percentage
Sensitivity Scenarios

Parking A1 A2 A3 A Ay A
Provider

Parking

District ~ A,y @,y Q@y3 Ay, QAyg Ay -
User

Community/
Society \ @31 @3 @33 Ay Az Az

Figure 5.8: DEA Matrix under Networks Experiencing VaryingeRaif Background Traffic and

Reservation Rate

It is easily observed that the matrix above is compasedlements corresponding to one the three
stakeholders and to one of six DMUs. The six DMUs arear&timstances under either varying rates of
background traffic or varying reservation rates. Backgrauwaffic rate is defined as the amount of

network traffic simply traveling on the network fromeopoint to another and not seeking to linger on the
network or park. Reservation rate is the relativewamh of parkers within the model that reserve parking

versus just searching for parking at the moment at whishrequired.

It is a logical supposition that a large amount of amboe background traffic on the network could affect
system performance and efficiency. The intent ofriggtiis in a hyperbolic, matrix DEA context is to test
whether this research hypothesis holds true in pmetid to what extent it affects performance from the
viewpoint of the three key stakeholders. It is alsargeresting consideration: does the relative rate of
reservation-making versus “trial-and-error” (or convamdl) parking search affect system performance?

Since these network characteristics are readily mabkufor a particular network, the intent of this DEA
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maitrix is to test the effects on system performaonaghinges in these key system design parameters. The

full DMU set is defined irTable 5.2

Decisior-Making Unit Network Characteristic
DMU 1 Initial
DMU 2 25% Increase Background Traffi
DMU 3 25% Decrease in Background Tra
DMU 4 50% Increase in Unreserved Par
DMU 5 100% Increase in Unreserved Par
DMU 6 50% Decrease in Unreserved Par

Table 5.2: Alternative Case DEA Matrix DMU Definitions

5.4 DEA Modeling Results/Observations

In Section 5.3,the model structure and the DMU definitions are defin&ihce each of the stakeholder
models requires VISSIM-generated output, and having a robussetatacritical to effective performance
measurement, 30 24-hour runs for each DMU were ran wetith defined DEA matrix. A 24-hour run in
VISSIM takes approximately 45 minutes to run, so VISSIM @semg time was approximately equal to

approximately 292 hours or seven weeks.

Once VISSIM runs were complete, the hyperbolic DEAmglation was solved for each DMU for each
stakeholder model within each of the two DEA matric&hese models were both formulated and solved
using the MS Excel Solver tool, and the code is providedearmppendix Once these models were solved,

the results were composed and analyzed.

Before summarizing the matrix of results for the DEAdels within the Base Case, it is interesting to note

the trends of the input/output data for each of the stddtet®o The parking provider stakeholder model is

shown inFigure 5.9,and its input/output data is plottedfigure 5.10below
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From a Parking Provider Perspective

Parking Supply
(Garage Capacities)

Maintenance, Labor — 2 Network — Revenue/Profit

Costs

Reneging Rate

Figure 5.9: Parking Provider Perspective DEA Model
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Figure 5.10: Parking Provider Stakeholder Input/Output Data aciigtJ)s

Inputs to this model are parking supply, labor cost, anegiag rate; the output is revenue. It is interesting
to note that as reneging rate climbs, we also seéena ol revenue through most of the DMUs. Since at 10
percent reneging rate, congestion is at a very high, leme can postulate that less revenue can be
generated at these lower reneging rates due to parkerstyntabélccess parking garages and congestion in
and around the garages. However, when reneging ratehs 46 percent level, one can see a peak in
revenue generated. Then, as reneging rate continukso ievenue begins to tail off, due to a reduced

amount of customers continuing parking searches aft®iccessful attempts.

The parking district user stakeholder model is showRignre 5.11,and its input/output data is plotted in

Figure 5.12below
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Figure 5.11: Parking District User Perspective DEA Model
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Figure 5.12: Parking District User Stakeholder Input/Output Dateoas DMUs

Inputs to this model are an individual vehicle’s conttidn to delay (incremental congestion), a parker’s
price to park, and reneging rate; the output is an individualsuseerage travel time. These stakeholder
model input/output relationships are particularly intenggtsince one can observe that as reneging rate

increases along with incremental congestion decreasagee no clear change or trend in the output travel

time.

The community/societal stakeholder model is showhigure 5.13,and its input/output data is plotted in

Figure 5.14below
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From a Community/Societal Perspective J

Delay (Network)

Parking
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Figure 5.13: Community/Societal Perspective DEA Model
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Figure 5.14: Community/Societal Stakeholder Input/Output Datass DMUs

Inputs to this model are parking demand and reneging natigyts are network delay and instances (within
the thirty VISSIM runs) of extreme congestion as datirn Section 5.3.2 Although the reneging rate
trend is not as visible as it is Figure 5.10and5.12,it is identical. Parking demand remains constant, but
as reneging rate increases, we see an interesting) itrethe outputs. At very low reneging rates, we
predictably see high incidence of extreme congestion gtdlévels of network delay. These high levels
of delay and congestion decrease as reneging ratesesremnd this continues through to the point where
the reneging rate reaches 20 percent. Then, as renegirgjimais to 27 percent and on to 33 percent, we
see a slight increase in both delay and congestiodeimce. After observing simulation runs, it is likely
that the cause of this slight increase is due to comgestithe intersections near exits of the networlgesi

a much higher level of vehicles are exiting the netwatdr ainsuccessful parking attempts.
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The resultant matrix for the DEA models within the B&sese model (no RM policy in place) model is
shown inFigure 5.15

10% 12% 15% 18% 20% 27% 33%

Parking Provider | 1.00 4.35 3.40 2:99 2073, 179 1.00

Parking \
Bistiiet: = 2.96 3.63 2.00 1.79 1.39 1.08 1.00 E

User

Community/
Society 4.00 1.00 1:95 2.52 1.34 1.00 1.00

Figure 5.15: DEA Result Matrix under Networks Experienciif(ef2nt Rates of Reneging

It is important to note when looking at the result$igure 5.15and later in this section, a DMU on the
efficient frontier (within a particular stakeholder, st case) will have a value of one. From a relative
standpoint, these DMUs operate the most efficierflye larger the value within the matrix, the further the

DMU is from the efficient frontier, and thus the lesficient it is.

Likewise, for the Alternative Case model (RM policyplace), before summarizing the matrix of results

for the DEA models, we note the trends of the input/outipta for each of the stakeholders. The parking

provider stakeholder model input/output data is plotte€igire 5.16below
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Figure 5.16: Parking Provider Stakeholder Input / Output Data ackxgé)s (RM Case)

As seen irFigure 5.16 both inputs of parking supply and labor cost are heftstant, but the state of the
network (DMU) changes as indicated in the horizontaltciwes. It is clear that even substantive changes
in background traffic do not seem to affect revenue,rvb@mpared with the initial case DMU. This
seems logical, since in the Alternative Case mode, ntajority of parkers are reserved parkers, and
therefore, increases in background traffic do not rsacég equate to increases in the parking population.
However, increases in numbers of unreserved parkers s@ mavenue levels generated. Predictably,

revenue decreases when the unreserved parking populadiecréased by 50 percent.

The parking district user stakeholder model input/outputidgiitted inFigure 5.17below
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Figure 5.17: Parking District User Stakeholder Input / OutputdDatross DMUs (RM Case)

Inputs to this model are incremental congestion andhttieidual cost of parking; the output is travel time.
In this model, since we are looking at an RM policy iempéntation, individual cost of parking fluctuates
slightly across the DMUs. When looking at the DMUen there is a 25 percent increase in background
traffic and increased incremental congestion, we predyctde an increase in travel time. Furthermore,

we see a decrease in travel time when background tiafficcases and incremental congestion decreases.

However, under certain circumstances, we can observel time fluctuate under conditions which seem
counterintuitive. For instance, when the unreservedinm population is increased by 100 percent and
incremental congestion increases slightly, we seghtslorresponding increase in travel time. However,
when the unreserved parking population increases by 50 péresietid of 100 percent), we actually see a
decrease in travel time when compared with the “Ifib&U. It is possible that the small magnitude of
this difference indicates that the unreserved parking popnladi still small enough to not appreciably

affect overall travel times under a comprehensive Rtyo

The community/societal stakeholder model input/output dadkpited inFigure 5.18below
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Figure 5.18: Community/Societal Stakeholder Input / Outpuh Batoss DMUs (RM Case)

The input to this model is parking demand and, of course, #raderistics of the DMU itself; outputs are
network delay and instances (within the thirty VISSIivhs) of extreme congestion as definedattion
5.3.2 Parking demand remains constant, but we can obseangeh in network delay and incidence of
extreme congestion as the conditions of the networkgehafor instance, we see that under a 25 percent
increase in background traffic, total network delagsislightly, and we see 10 percent of the VISSIM runs
experience extreme congestion, as compared with zero tnedi@itial case. Under a 25 percent reduction

in background traffic, extreme congestion returns to aastbnetwork delay decreases.

Under changes in the unreserved parker population, howevesgenslightly counterintuitive results. A
large increase (100 percent) in unreserved parkers leatwesrk delay virtually unchanged, but introduces
one instance of extreme congestion. This is espegialtyling when compared to the case in which the
unreserved parking population only increases by 50 percenhislicase, extreme congestion increases to
two instances and network delay increase slightly oweirtiial case. The results are nearly identical for
the case in which unreserved parker population is decrease@ fgrcent. These last two behaviors are
interesting in that they do not adhere to conventidieiavioral expectation. Further modeling and
observation would need to be completed, as well as fuetkgerimentation, to fully understand whether

these are statistical anomalies (observable becauke wfsignificance of the unreserved parker population
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as compared to the total effect of the parking populationf trere is something unique about that

particular population level and ratio that produces theviehabserved.

The resultant matrix for the DEA models within the Altive Case model (RM policy in place) model is

shown inFigure 5.19elow.

25% 25% 50% 100% 50%
Reduction in Increasein Increasein Increasein Decrease in
Background Background Unreserved Unreserved Unreserved

Traffic Traffic Parkers Parkers Parkers —

In'tial

Parking Provider 1.20 1.16 125 107 1.00 1.44

Parking
District 1.00 1.20 1.00 1.00 1.00 1.06
User
Community/ 1.03 1.00 1.00 1.03 1.25 1.00
Society

Figure 5.19: DEA Result Matrix under Alternative Case NetwWwbMUs

5.5 Summary, Conclusions, and Future Work

The primary purpose (and therefore the salient contributiof this chapter was to evaluate the
performance of the urban parking system from the perspeatithe set of relevant stakeholders using the
hyperbolic DEA model within the context of the matrix MEonstruct. The stakeholder models, including
that of the parking provider, the parking district user, #wedsurrounding community, had defined inputs
and outputs to the hyperbolic DEA model, which allowedtfierinclusion of undesirable outputs such as

network delay and incidence of extreme congestion.
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DMUs were defined within two matrices: one designatedoerformance evaluation within the non-RM
model (Base Case) and one designated for evaluation witaimodel where RM policy was in place
(Alternative Case). For the Base Case model, a rahgeneging rate (the rate at which unsuccessful
parkers renege and leave the network) values were testad 10 percent to 33 percent), based on earlier
modeling evidence that this was a key driver of intergstietwork behavior (and not an influential factor
under RM). Looking that resulting matrix, we see thatdhm across all stakeholders is minimized (and
therefore, efficiency is maximized) at 33 percent ramgpgate. This makes sense for the district user and
the community, but seems as if it would not always fitér@l for the provider, since potential revenue is
leaving the network. However, we do see another pdiefficiency at the 10 percent reneging rate as

well.

For the Alternative Case model, DMUs were definedoasviluate conditions under which one would
suspect network performance would be affected under a RMypolThese conditions included both
adjustments to the levels of background traffic (non-paykeithin the network, and adjustments to the
relative (to reserved parkers) and total number of unredegrarkers within the network. If, again, we look
at the minimum sum across the stakeholders within BM (or theefficiency vectofor each DMU), we

do not see large differences among the DMUs evaluafiéds is likely due to the overall performance of

the system under revenue management and its robuste@sntsignificant changes to other inputs.

Another key contribution of this work is that of idegitifg design issues for current and future dense urban
parking districts. Clearly, reneging rate and the tenacityeo$pective parkers is a key consideration in
cases where RM policy is not implemented. Howeverigdess can effectively remove the effect of
reneging rate and its negative effects on congestiombtgueaging or supplementing parking vendors to
implement a RM parking strategy. We also learn from pleiformance evaluation that it is likely that
parking districts with RM policies in-place are more rabaschanges in background traffic levels and
increases in last-minute, unreserved parkers. In etheds, unanticipated changes in network conditions
can have a more predictable effect on day-to-daydredfngestions through the implementation of parking

revenue management.
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CHAPTER 6 Conclusions and Future Directions

6.1 Research Methods and Findings

This thesis explored how revenue management principlegvitegrate into a parking system, and how
advanced reservation-making, coupled with dynamic pricingetbamn booking limits) might be used to
maximize parking revenue. A revenue management strategird parking industry was presented, as
well as an integer programming formulation that maximjzasking revenue over a system of garages.
Furthermore, an intelligent parking reservation modealegeloped that uses an artificial neural network
procedure for online reservation decision-making. Nexplementation of a parking revenue management
system in a dense urban parking district (and thus awpithial-and-error” behaviors exhibited by drivers
searching for a parking space) is examined for anytsffeanitigating urban congestion levels. All other
things being equal, the revenue management model in widcimajority of parkers is directed to their
precise parking spot via the most direct route (and thuslatial-and-error” behaviors) is much more
resilient to random elements and occurrences within thgonle that can instigate extreme congestion
situations. This work then used macro-evaluation techniquesottel the performance of the urban
parking system from the perspective of the set of relestakieholders using the hyperbolic DEA model

within the context of the matrix DEA construct.

The over-arching modeling techniques used within this thesishagir relationships are shown Figure

6.1 below.
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Optimization/
Intelligent Parking MNeural

Wodeling "éi‘?‘:"uahf:

Essay 1

Parking Demand

Analysis
E 3 Tran sportation Network Results of RM
Bl Simulation Modeling [ Effectson e
Congestion L
Sirulation Outputs

Hyperbolic and Matrix Efficiency
= e

Efficiency Modeling . Analyses

Figure 6.1: Thesis Structure and Modeling Interactions

Essay OneGhapter 3) presented a comprehensive revenue management stratelyg parking industry,
focusing on a single-garage scenario. With the overaydirategy established, the chapter extended the
work of [49] by presenting an integer programming formulatimet maximizes parking revenue over a
system of garage. Furthermore, an intelligent parkingvasen model is developed that uses an artificial
neural network procedure for online reservation dewisiaking. Itis concluded that the parking industry
is a good candidate for RM strategy implementation, anctdpter fully develops the formulation, tools,
and modeling to operate an online decision-making systemigblates micro-markets and maximizes

revenue.

Essay Two Chapter 4) evaluates whether the establishment of a parking reveanagement system in a
dense urban parking district (and thus avoiding “trial-andrébiehaviors exhibited by parkers) mitigates
urban congestion levels. In order to test this hypath#éee intelligent parking model from Essay One is
run in conjunction with a VISSIM micro-simulation oh&l to evaluate the policy's effects on network
performance. It is clear from the results of thewation experiments that the rate at which parkersgene
and abandon their parking search is a primary drivéeh@fvalue of the implementation of an intelligent
parking system. All other things being equal, the intalligearking system model in which the majority of
parkers are directed to their precise parking spot vianibet direct route is much more robust to random

elements and occurrences within the network that caigates extreme congestion situations. On the other

88



hand, the real time control model that is part ofititelligent parking system is highly susceptible to high
levels of congestion, especially when parkers are detedniin&nd parking and have inflexible parking

requirements.

The primary purpose of Essay Thr&hépter 5) was to evaluate the performance of the urban parking
system from the perspective of the set of relevakehbtders using the hyperbolic DEA model within the
context of the matrix DEA construct. The stakeholder etgdncluding that of the parking provider, the
parking customer, and the surrounding community, had defined inpditsudiputs to the hyperbolic DEA
model, which allowed for the inclusion of undesirablepatg such as network delay and incidence of
extreme congestion. DMUs were defined within two meagticone designated for performance evaluation
within the non-RM model (Base Case) and one desigrfatedvaluation within the model where RM
policy was in place (Alternative Case). Looking at tesuiting Base Case matrix, we see that the sum
across all stakeholders is minimized (and thereforegiefifty is maximized) at the highest and lowest
evaluated reneging rates. For the Alternative Case Imod#Js were defined as to evaluate conditions
under which one would suspect network performance would betexffemder a revenue management
policy. These conditions included both adjustments tdéetreds of background traffic (non-parkers) within
the network, and adjustments to the relative (to reseparkers) and total number of unreserved parkers
within the network. If, again, we look at the minimnm across the stakeholders within each DMU (or
the efficiency vectofor each DMU), we do not see large differences amoadtiUs evaluated. This is
likely due to the overall performance of the system unels#nue management and its robustness to even

significant changes to other inputs.

6.2 Applications and Design Implications of Modeling Regts

In many respects, the conclusions within this thesisgbtd bear results that have implications and
applications for parking providers, parking systems, as agllirban parking districts, as a whole. For
instance, the RM strategy for parking systems present&hapter 3 demonstrates how dramatically a

parking vendor’s revenue could increase with the adoptiétivbktrategies. This was demonstrated using
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a simple numerical example, but in an environment glaatual parking demand data for a particular
garage (or group of garages) is available and continuouslyagpttatmaximize revenue, and there is an

intelligent parking model in place, this revenue increasédcbe even more dramatic.

Additionally, the VISSIM results irChapter 4 and DEA modeling results i€hapter 5 suggest that
reneging rate and the tenacity of perspective parkers is eokeideration in cases where RM policy is not
implemented within a high-density urban parking district. kElesv, designers can effectively remove the
impact of reneging rate and its negative effects argestion by encouraging or supplementing parking
vendors to implement a revenue management parking stratdfgy.also learn from this performance
evaluation that it is likely that parking districts with Rbdlicies in-place are more robust to changes in
background traffic levels and increases in last-minutegserved parkers. In other words, unanticipated
changes in network conditions can have a more predictéible on day-to-day traffic congestions through

the implementation of parking revenue management.

6.3 Future Research Directions

Opportunities for future work include further validation ok tproposed intelligent parking modeling
approach, as well as the VISSIM micro-simulation modetjer various scenarios. One possibility would
be to validate (prior to implementation) through the obditeral data sources such as existing garage
capacity and volume data, survey data from both poterg&bk and garage managers, and possibly the use
of management flight simulation that can evaluate thesitbaty associated with model parameters.
Furthermore, it would also be advisable to validatesifgtem after implementation is complete. Clearly,
verifying that revenue management policy coupled with ttedligent parking construct yields significant

revenue increases would further validate the approach.

Additionally, it would be interesting to investigate heame of the more subtle RM strategy elements
presented irChapter 3 might be explicitly modeled within the intelligent parkisgstem. For instance,

implementing the ability to overbook a garage for a givere tpariod in response to data indicating how
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many customers, on average, are no-shows. Anotlssibb® augmentation is to implement the ability
within the intelligent parking model to dynamically aslj pricing in response to unexpected fluctuations in

demand (as is often seen in the airline industry).

Another useful research pursuit would be to expand thexraEA structure presented @hapter 5 to

test other drivers of urban congestion such as changesmber of parking lots, structure, or network

configuration, as well as other aspects of RM impleatémt, such as vehicle count or occupancy.
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Appendix

Chapter 3 of this dissertation presented a multiple-garage, dyov@nting environment integer
programming formulation, generating results used to trairtestdrtificial neural networks. Shown below
in Figure A.lis the MS Excel Solver Risk Platform code for solvihg integer program (corresponding to

the formulation found itChapter 3).

IntelPkingMVh 1 - Microsoft Excel
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Figure A.1: MS Excel Solver Risk Platform IP Code

Furthermore, a complete data set for one of the mnaddels referenced Dhapter 4 is given below in
Figures A.2hroughA.57. This is representative of the data used in the igeell parking model (and thus
used to train/test the neural network) and the actual wised to populate the VISSIM model. Additional

detail and datasets can be obtained by contacting thelassnd
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Figure A.3: MS Excel Solver Risk Platform IP Data Set (2)
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Figure A.4: MS Excel Solver Risk Platform IP Data Set (3)

Figure A.5: MS Excel Solver Risk Platform IP Data Set (4)
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Figure A.6: MS Excel Solver Risk Platform IP Data Set (5)

Figure A.7: MS Excel Solver Risk Platform IP Data Set (6)
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Figure A.8: MS Excel Solver Risk Platform IP Data Set (7)

Figure A.9: MS Excel Solver Risk Platform IP Data Set (8)
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Figure A.10: MS Excel Solver Risk Platform IP Data Set (9)

Figure A.11: MS Excel Solver Risk Platform IP Data Set (10)
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Figure A.12: MS Excel Solver Risk Platform IP Data Set (11)

Figure A.13: MS Excel Solver Risk Platform IP Data Set (12)
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Figure A.14: MS Excel Solver Risk Platform IP Data Set (13)

Figure A.15: MS Excel Solver Risk Platform IP Data Set (14)
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Figure A.16: MS Excel Solver Risk Platform IP Data Set (15)

Figure A.17: MS Excel Solver Risk Platform IP Data Set (16)
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Figure A.18: MS Excel Solver Risk Platform IP Data Set (17)

Figure A.19: MS Excel Solver Risk Platform IP Data Set (18)
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Figure A.20: MS Excel Solver Risk Platform IP Data Set (19)

Figure A.21: MS Excel Solver Risk Platform IP Data Set (20)
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Figure A.22: MS Excel Solver Risk Platform IP Data Set (21)

Figure A.23: MS Excel Solver Risk Platform IP Data Set (22)
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Figure A.24: MS Excel Solver Risk Platform IP Data Set (23)

Figure A.25: MS Excel Solver Risk Platform IP Data Set (24)
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Figure A.26: MS Excel Solver Risk Platform IP Data Set (25)

Figure A.27: MS Excel Solver Risk Platform IP Data Set (26)
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Figure A.28: MS Excel Solver Risk Platform IP Data Set (27)

Figure A.29: MS Excel Solver Risk Platform IP Data Set (28)
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Figure A.30: MS Excel Solver Risk Platform IP Data Set (29)

Figure A.31: MS Excel Solver Risk Platform IP Data Set (30)
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Figure A.32: MS Excel Solver Risk Platform IP Data Set (31)

Figure A.33: MS Excel Solver Risk Platform IP Data Set (32)
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Figure A.34: MS Excel Solver Risk Platform IP Data Set (33)

Figure A.35: MS Excel Solver Risk Platform IP Data Set (34)
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Figure A.36: MS Excel Solver Risk Platform IP Data Set (35)

Figure A.37: MS Excel Solver Risk Platform IP Data Set (36)
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Figure A.38: MS Excel Solver Risk Platform IP Data Set (37)

Figure A.39: MS Excel Solver Risk Platform IP Data Set (38)
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Figure A.40: MS Excel Solver Risk Platform IP Data Set (39)

Figure A.41: MS Excel Solver Risk Platform IP Data Set (40)
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Figure A.42: MS Excel Solver Risk Platform IP Data Set (41)

Figure A.43: MS Excel Solver Risk Platform IP Data Set (42)
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Figure A.44: MS Excel Solver Risk Platform IP Data Set (43)

Figure A.45: MS Excel Solver Risk Platform IP Data Set (44)
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Figure A.46: MS Excel Solver Risk Platform IP Data Set (45)

Figure A.47: MS Excel Solver Risk Platform IP Data Set (46)
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Figure A.48: MS Excel Solver Risk Platform IP Data Set (47)

Figure A.49: MS Excel Solver Risk Platform IP Data Set (48)
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Figure A.50: MS Excel Solver Risk Platform IP Data Set (49)

Figure A.51: MS Excel Solver Risk Platform IP Data Set (50)
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Figure A.52: MS Excel Solver Risk Platform IP Data Set (51)

Figure A.53: MS Excel Solver Risk Platform IP Data Set (52)
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Figure A.54: MS Excel Solver Risk Platform IP Data Set (53)

Figure A.55: MS Excel Solver Risk Platform IP Data Set (54)
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Figure A.56: MS Excel Solver Risk Platform IP Data Set (55)

Figure A.57: MS Excel Solver Risk Platform IP Data Set (56)
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Also in Chapter 3, an approach to use the IP solutions to train ané@reattificial neural network in order

to make online parking reservation decisions was propasgdesults demonstrated. The neural network
approach to make real-time decisions was found to lsmmahle, even within the more complex multiple-
garage environment. The Basic class breadboard (withiedftware package NeuroSolutions) is shown in

Figure A.2

Figure A.2: Basic Parking Class Neural Network Breadboard Sample

The model above receives inputs (in the case of thianasehose defined iBection 3.3.4of this thesis),
and uses the back-propagation structure to generate puit.ouh this case, the output is the decision of
whether to accept or reject a request for parkingordter to generate quality output, an artificial neural
network must go through an initial learning period, geneddiscribed in terms of two phases: training
and testing. The training phase pairs input data wittoitesponding output. The network then processes
the inputs and compares its resulting outputs against thrediesitputs. Errors are then propagated back
through the system, causing the system to adjust the weigiits control the network. This process

occurs over and over as the weights are continually twledlee set of data which enables the training is
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called the "training set.” During the training of a natwthe same set of data is processed many times as

the connection weights are ever refin€éiigure A.2shows a breadboard undergoing the training process.

In Chapter 4 of this thesis, we discuss the general structure o¥/tBSIM models and their viability for
use in scientific hypothesis testing. Details reggydhe coding and network-building process are given

below.

One might start by editing vehicle type definitions a&hdracteristics. Included in this are vehicle speed,

acceleration, weight, power, desired speed, color, vetriotel, and dwell time distributions and profiles.

For the purposes of this work, default parameters wenetedlo A screen shot of the vehicle type dialogue

is provided inFigure A.3

Figure A.3: Vehicle Type Dialogue within VISSIM
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A logical next step is to define traffic compositions relative quantities of various vehicle types.
Alternatively, the modeler could define his or her owrhiglke types with specific desired vehicle
characteristics. Traffic compositions were used is thodeling work (traffic compositions for both the
Base and Alternative Case models are providedrigures A.4 and A)to ensure that the correct
proportion of vehicles simply navigating the network vergeisicles performing some parking function
was achieved. For example, a traffic composition Fr Base Network might be composed of 14
undirected parkers, 5 heavy vehicles, and 77 cars. Forltira#&ive Case network, traffic compositions
are defined for every hour, so that individual reseomastiand individual parker behaviors are captured.
For instance, a traffic composition for a particutenur at a particular entry point might consist of 3
undirected parkers, Reserved Vehicle ID 1, Reserved VeHicl2, IReserved Vehicle ID 3, Reserved
Vehicle ID 4, 5 heavy vehicles, and 77 cars. It is ingrto note that the entire “through-travel”

population, as well as the entire parking populations, isd@ptant across the two models.

Figure A.4: Traffic Composition Dialogue within VISSIM (Base Case Nlode
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Figure A.5: Traffic Composition Dialogue within VISSIM (Alteima Case Model)

The modeler may now use the traffic compositions defieatier to define network vehicle inputs, as
shown inFigure A.6 Vehicles can be inserted on any link of the netwdnk, edge links are most

commonly used, since this is most often the casesafity. In addition, most urban networks require
pedestrian volume inputs as well. These are defineddividual pedestrian crosswalk links. A nominal,
assumed pedestrian traffic of 100 persons per hour is defimeghth intersection to accurately model

urban traffic conditions.
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Figure A.6: Vehicle Inputs Dialogue within VISSIM

A next logical step is to code the actual links and caiongevithin the network (network views available
within Chapter 4 content). Any segment on which a vehicle can travelt rhesdefined with links and
anywhere a vehicle (or pedestrian) can transitiomfrane link to another must be defined with a
connector. Oftentimes, networks are either exadicempof existing networks or loosely based on a real
network. Other times, the network is completely higgtital. In cases, where the network is based on a
real network, background images of the network (such asstimwn inFigure A.7)can be used to
accurately scale and model the network. For these sjodleluse an actual approximately 3 square mile

area of the Washington, D.C. downtown area, and it Isdesing an actual map image.
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Figure A.7: Washington DC Background Map

A next rational step in the VISSIM coding procesisléfine routing decision points and routes. Routing
decisions are decision points where vehicles are ditéctene of several defined routes. To establish a
routing decision, the modeler selects the point on theank where they wish cars to choose a future path.
For example, a network routing decision might be aheaah aftersection where the vehicle must choose
to continue straight, take a right turn, or take atiafbh. Modelers define what fraction of vehicles will
make which choice when defining the routing decision. rodting decision dialogue from the VISSIM

model is shown ifrigure A.8
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Figure A.8: VISSIM Model Routing Decision Dialogue

Also, for all turns, the modeler must include reduced speeds in order to model turning behaviors
realistically. For the purposes of these two modelsting decisions are defined by traffic compositions
vehicle types. For example, there are routing decidioaisroute “through-traffic” from intersection to
intersection with defined probabilities determining wikiatl of turn the vehicle makes. Additionally, there
are routing decisions that route parkers into their veseparking lot and area, and in the Alternative Case
model, routing decisions route specific cars holding arvaien to a particular lot for their particular

dwell time.

Especially in the case of urban central business distribe modeler must next define traffic signal
controls and signal groups. VISSIM permits both fixedeticontrollers and other signal control schemes,
including vehicle actuated signals. For this researchassemed a standard signal cycle for each of the

network intersections, and one of the signal head diasogushown irFigure A.9below.
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Figure A.9: VISSIM Model Signal Head Definition Dialogue

Finally, for networks that require it, one must code ftalirses, signal heads, priority rules for non-
signalized intersections, parking lots, street-sidé&ipgr and permissive and non-permissive movement
stop signs. Clearly, parking elements are required forpiticular line of research. Parking lots or
garages can be defined to contain actual parking spameéshey must have a parking routing decision to
direct vehicles in parking behaviors. Four parking loésdefined within these two networks, one of which
is shown inFigure A.10 Each parking lot is located approximately in itsaldan within the actual
network, and contains 300 parking spaces. These afe paéiing spots within VISSIM, as opposed to

virtual parking spaces.
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Figure A.10: VISSIM Model Parking Lot Definition Dialogue

Typically, when coding a VISSIM network, the final stepe to define types of simulation outputs. The
VISSIM package offers many different types of performameasure outputs. Data collection points can
be defined to collect point data such as car counts ancheol Travel time segments are defined to collect
data on delay, average, and/or raw travel time datathdfmore, network nodes can be defined to collect
data like queue counts, average vehicle density, and ntlheryindicators. The dialogue box for defining

overall network performance metrics for collectiosh®wn inFigure A.11
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Figure A.11: VISSIM Model Network Performance Metric Definiialogue

For the purposes of measuring the performance of thésenks, we use outputs including total network
delay, total network stop delay, average delay per veldukrage travel time, and average stop delay per

vehicle. These outputs are used to measure differbet@sen the two models as detaile&ection 4.6.

The primary purpose d@hapter 5 was to evaluate the performance of the urban parkistgrayfrom the

perspective of the set of relevant stakeholders usingyipertolic DEA model within the context of the
maitrix DEA construct. The stakeholder models, includirag of the parking provider, the parking district
user, and the surrounding community, had defined inpatatputs to the hyperbolic DEA model, which
allowed for the inclusion of undesirable outputs such asvank delay and incidence of extreme

congestion.

The hyperbolic DEA model itself was coded in Microdeicel Solver, and code from both the parking

provider model Figure A.12)and the community/societal mod€idure A.13)are provided below.
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Figure A.12: DEA Model Code within MS Excel Solver (Parking Pen@&takeholder Model)

Figure A.13: DEA Model Code within MS Excel Solver (Community [Stider Model)
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