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Abstract

The airline industry strives to maximize the revenue obtained from the sale of tick-
ets on every flight. This is referred to as revenue management and it forms a crucial
aspect of airline logistics. Ticket pricing, seat or discount allocation, and overbooking
are some of the important aspects of a revenue management problem. Though ticket
pricing is usually heavily influenced by factors beyond the control of an airline com-
pany, significant amount of control can be exercised over the seat allocation and the
overbooking aspects. A realistic model for a single leg of a flight should consider mul-
tiple fare classes, overbooking of the flight, concurrent demand arrivals of passengers
from the different fare classes, and class-dependent, random cancellations. Accom-
modating all these factors in one optimization model is a challenging task because
that makes it a very large-scale stochastic optimization problem. Almost all papers
in the existing literature either accommodate only a subset of these factors or use a
discrete approximation in order to make the model tractable. We consider all these
factors and cast the single leg problem as a Semi-Markov decision problem (SMDP)
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under the average reward optimizing criterion over an infinite time horizon. We solve
it using a stochastic optimization technique called Reinforcement Learning. Not only
is Reinforcement Learning able to scale up to a huge state-space but because it is
simulation-based it can also handle complex modeling assumptions such as the ones
mentioned above. The state space of the numerical test problem scenarios considered
here is non-denumerable; its countablepart being of the order of 10°. Our solution pro-
cedure involves a multi-step extension of the SMART algorithm which is based on the
one-step Bellman equation. Numerical results presented here show that our approach
is able to outperform a heuristic, namely the nested version of the EMSR heuristic,
which is widely used in the airline industry. We also present a detailed study of the
sensitivity of some modeling parameters via a full factorial experiment.

1 Introduction

The deregulation of the airline industry in 1978 allowed airlines to choose their own routes
and set their own fares. Fierce competition ensued in the airline industry as a result. Natu-
rally, every airline started making efforts towards gaining a competitive edge in the market.
An outcome of this was that airlines turned to advanced optimization techniques for man-

agement of airline operations.

An important goal of the airline industry is that of maximizing the revenue obtained from the
sale of tickets on any given flight. This is referred to in the literature as revenue management
or yield management. It forms a crucial aspect of airline logistics. According to a report
from SIAM news [12]: “Yield management ... saved American Airlines $1.4 billion in the
period from 1989 to 1992, about 50% more than its net profit of $892 million for the same

period. Modeling and optimization made the difference between profit and loss.”

Ticket pricing, seat or discount allocation, and overbooking are some of the important aspects
of the revenue management problem. Although ticket pricing is usually heavily influenced
by external factors such as prices set by the competitors, airlines can exercise significant
control over the seat allocation and the overbooking aspects. In the rest of the paper, the

term revenue management would be used as a synonym for seat allocation and overbooking.



The seat allocation problem arises from the airlines’ practice of selling seats within the same
cabin of a flight at different prices to the customers of different fare classes. Airlines protect
some seats from the lower revenue fare classes in order to be able to satisfy demands from the

higher revenue classes; the obvious question here is what is the optimal level of protection?

The overbooking problem arises from the fact that customers do cancel their tickets and
often fail to show up at the flight time (no-shows). Airlines tend to overbook in anticipation
of such cancellations and no-shows to avoid flying with empty seats. (A seat in an airplane
is a perishable inventory the value of which vanishes as soon as the gate closes for a flight.)
However, overbooking has its downside in that airlines run the risk of not having enough
seats for all the ticket-holders. When such a situation arises, airlines are forced to deny
(bump) boarding request to the extra ticket-holders and pay a penalty in two ways: directly
in the form of financial compensations to the bumped passengers, and indirectly through the
loss of customer goodwill. Hence, a prudent choice of the overbooking policy that maximizes

the revenue is called for.

Fare classification is made on the basis of several factors. An important factor used in
classification is the time of request for reservation. Passengers who book in advance (2
weeks as per current practice) get allocated to lower fare-classes and those who come later
qualify for higher fares. Another important factor used in classification is the itinerary
of a passenger. To see how an origin-and-destination based (itinerary-based) passenger
classification works, consider a single flight leg from Detroit to New York. The flight in
addition to carrying passengers, whose origin is Detroit and destination New York, is likely
to be carrying passengers from other longer itineraries, such as Tampa-Atlanta-Detroit-New
York, Dallas-Detroit-New York, and Phoenix-Atlanta-Detroit-New York. If the passengers
whose itinerary originates from Detroit form the highest class, those flying from Dallas (or
Atlanta) to New York via Detroit form the middle class, and those flying from Tampa (or

Phoenix) to New York via Atlanta and Detroit (and are on the third leg of their itinerary)



form the lowest fare class of passengers in the plane. See also Figure 1, which shows how
the class of the passenger can depend on the itinerary. A circle, in Figure 1, represents the

origin and the symbol inside it indicates the class of the passenger originating at that point.

Figure 1 A schematic showing classi cation of customers based on the origin circle and
the destination in one particular leg of an airline ight

A method used commonly by the present day airline companies in de eloping fare classes
is as follows. A single ight leg often belongs to tens of di erent itineraries also referred
to as products . ence the rst classi cation arises from the product type to which the
ight leg belongs to. Again, each product can ha e se eral up to1 or so price categories
based on the time of re uest, tra el restrictions, etc. As a result there are usually hundreds
of products of price categories of di erent fare categories. hese fare categories are
then di ided into a manageable number of groups, nown as buc ets. n this paper, the
terminology fare classes actually refers to the buc ets. e do not concern oursel es with

how airlines de ne their fare classes because the model presented in our paper is independent
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¢ denotes the class of current

customer.

b(i) denotes seats sold in class i.
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