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Considering Stochastic Travel Times
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Abstract

This study addresses the problem of creating single aircraft route within strict time constraints, taking into account the uncer-
tainty of travel times. The approach involves a two-phase decision-making process: the initial phase focuses on selecting air-
ports from a pool of candidates by optimizing for maximum customer satisfaction; the subsequent phase involves arranging
the sequence of itinerary to these airports, factoring in variable travel times to enhance the overall experience. To tackle this
complex issue, we have developed a two-stage stochastic optimization model that incorporates probability-based constraints.
This model is then analyzed using the sample average approximation method. To validate the efficacy of our proposed model,
we compared its performance with two established benchmark models. Additionally, case studies focused on the U.S. airline
network suggest that operators can optimize airline route recommendations by enhancing both customer utility and their
own profitability. This approach demonstrates that strategic adjustments in route planning can lead to mutual benefits, effec-
tively balancing customer satisfaction with financial performance.
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Flight delays in the aviation industry cause substantial
financial repercussions for passengers, airports, and air-
lines (/). Frequently, these delays are attributed to inade-
quate infrastructure, encompassing both airport facilities
and airspace capacity, which hinders adherence to sched-
uled flight times (2). Traditional statistical methods used
in existing studies typically provide only a cursory analy-
sis of the causes behind these delays, focusing mainly on
surface-level punctuality issues. This paper argues that
airlines have the potential to enhance schedule punctual-
ity by strategically designing flight schedules and allocat-
ing resources optimally.

The classical research indicates that the aircraft rout-
ing problem has predominantly been explored through
the critical path method (CPM), a tool often used to dis-
sect operational procedures involving multiple workflows
to pinpoint critical operational paths. Consequently, air-
lines frequently employ CPM to analyze the intricate air-
craft turnaround process. Stochastic models have been
developed to address uncertainties in aircraft punctuality
and gate occupancy times at airports. However, these

models typically account only for the stochastic effects of
inbound flight punctuality, neglecting potential impacts
from uncertainty of en route disruption.

The aviation industry is heavily regulated to ensure
safety, efficiency, and fairness in air travel. Regulatory
bodies set numerous guidelines that airlines must follow,
covering aspects from air traffic control to noise abate-
ment procedures. However, within these frameworks,
airlines have the autonomy to optimize their flight sche-
dules. This paper investigates the balance of regulatory
compliance and the strategic flexibility airlines have in
routing, focusing on how they can use this flexibility to
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improve customer satisfaction and operational efficiency.
Despite the stringent regulatory landscape, airlines pos-
sess significant flexibility in crafting their schedules.
They are responsible for determining flight frequencies,
routes, aircraft types, and crew assignments. This auton-
omy allows airlines to innovate within the constraints,
employing sophisticated routing strategies that can
enhance operational efficiency and customer satisfaction.

The single aircraft routing problem involves the opti-
mization of routes for a single aircraft to maximize effi-
ciency and minimize costs while adhering to operational
constraints such as maintenance requirements, fuel con-
sumption, and scheduling. This problem is a subset of
larger airline optimization challenges, which include fleet
assignment, flight scheduling, and crew scheduling.
Aircraft maintenance routing ensures that maintenance
requirements are met while optimizing the aircraft’s route
over a given period, typically a single day. The challenge
is to find a feasible routing solution that allows for neces-
sary maintenance without disrupting the flight schedule.
Studies have explored various mathematical models and
optimization techniques, such as Benders decomposition
and branch-and-price approaches, to address this issue
effectively (3, 4). Research also addresses the problem of
rescheduling flights and routes in response to disruptions,
such as delays or cancellations. Heuristic approaches,
such as large neighborhood search heuristics, have been
developed to quickly generate feasible solutions that
minimize the impact on the overall schedule and passen-
ger itineraries (9).

This paper aims to tackle the issue of customer-centric
airline route punctuality from a broader stochastic per-
spective. We employ chance constraint to model the
departure punctuality of aircraft during turnaround, cap-
turing the inherent uncertainties in the execution of flight
schedules. This model serves as a basis for assessing the
departure punctuality of aircraft under existing flight
schedules. Our discussion on operational strategies for
managing schedule punctuality encompasses two main
areas: airline route recommendation and the optimiza-
tion of airline route. To illustrate the effectiveness of our
stochastic model, we conduct case studies using U.S.
flight data.

Many existing studies focus on optimizing routes
within specified time limits. Souffriau et al. explored a
customer trip design issue that seeks to maximize the
total value of visited locations while adhering to a set
time budget, applying principles from the orienteering
problem (OP) (6). Ahmadbeygi et al. suggested the con-
cept of re-allocating scheduled slack related to single air-
craft routing, as it focuses on optimizing the sequence of
flights assigned to an individual aircraft (7). By strategi-
cally re-allocating slack time within the schedule of a sin-
gle aircraft, airlines can better absorb delays and prevent

them from affecting subsequent flights, thereby enhan-
cing the overall reliability and efficiency of the aircraft’s
operations. Further research has looked into various
time-related factors, such as duration at visiting points,
transportation time, and the crowdedness of sites (§).
Kzloglu et al. introduced a mathematical model to opti-
mize integrated aircraft routing with fleet assignment
and planning (9). Their model accounted for stochastic
parameters such as demand and non-cruise time, and
demonstrated its efficacy in improving airline operations
within acceptable timeframes.

Customer satisfaction is influenced not just by the
attractiveness of visiting points, but also by the time
spent at these points (8). This uncertainty in travel times
can negatively affect the time available for visiting attrac-
tions, thereby diminishing the overall experience. For
operators, any decrease in reliability can directly harm
their financial and reputational standing. For example,
severe delays might force customers to skip planned
attractions or postpone their plans, potentially leading to
complaints or legal challenges against the operator.
Despite its significance, the effect of stochastic travel
times on customer satisfaction, the profitability of opera-
tors, and the practicality of itineraries has not been thor-
oughly examined.

To address this identified gap, we introduce a custo-
mized airline route planning model that accounts for sto-
chastic travel times and customer satisfaction. The key
contributions of our model are outlined as follows:

e We develop a two-stage stochastic optimization
model aimed at maximizing customer utility and
profit, which incorporates chance constraints for
selecting airport and planning routes.

e The model is designed to be both tractable and
efficient, using the sample average approximation
(SAA) method to ensure high computational per-
formance and quality of solutions.

e We implement an empirical study that utilizes
both simulated and actual data to assess the effec-
tiveness of our optimization model.

e The findings demonstrate that our model substan-
tially enhances customer utility, achieving high
reliability and profitability for operators.

This paper begins with a review of the literature
related to the topic, followed by an introduction to the
problem of single aircraft routing, where we detail our
two-stage stochastic optimization model that addresses
uncertainties in travel times. We also describe a more
tractable version of this model using the SAA method.
The performance of the stochastic optimization model is
then evaluated through various numerical experiments
across different test scenarios. A case study using real-
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world data is presented to demonstrate the effectiveness
and practical application of the proposed method.
Finally, the study concludes with a summary of the find-
ings and suggestions for future research directions.

Literature Review

In this section, we examine existing research related to
our study from two perspectives: route optimization that
accounts for stochastic travel times and route recommen-
dation based on the OP and customer satisfaction.

Route Optimization Considering Stochastic Travel
Times

Existing research on routing primarily focuses on the
"popularity’ (customer preference on demand frequency)
of specific nodes in a network as a factor impacting cus-
tomer satisfaction. In other words, this approach empha-
sizes the prioritization of frequently chosen or highly
preferred nodes by customers. This perspective allows for
the optimization of delivery routes based on customer
choices and helps determine route priorities. However,
while the importance of time as a contextual factor is
increasingly recognized in the field, most studies have
centered on the implications of time windows, with less
attention given to other uncertain elements in route plan-
ning, such as disruption, disaster, and malfunction. These
uncertainties can create discrepancies between actual and
planned times, adversely affecting the experience for cus-
tomers and potentially affecting the credibility and profit-
ability of operators over the long term (10, 11).

In the related domain of route planning, the issue of
time uncertainty has been extensively addressed.
Malandraki and Daskin developed models for path plan-
ning under random travel times, accounting for how
road congestion affects driving speeds (/2). Kannon
et al. presented methods for solving the aircraft routing
problem with aerial refueling, incorporating stochastic
elements such as fuel consumption and operational
uncertainties (4). They used a mixed-integer linear pro-
gram to decouple refueling decisions from the routing
network, demonstrating the effectiveness of these meth-
ods in optimizing complex routing scenarios under
uncertainty. Sanjeevi and Venkatachalam suggested a
stochastic programming model aimed at creating robust
flight schedules (/3). They focused on re-allocating slack
to mitigate the impact of operational delays—a crucial
aspect of handling uncertainties in flight operations.
Zhang and Tang developed a robust optimization strat-
egy for route planning that accommodates uncertain
travel times and deadlines (/4). While these studies make
significant strides in addressing random travel times dur-
ing route planning and propose effective algorithms for

real-time adjustments, a comprehensive investigation
into the related uncertain parameters remains lacking.
Over the last decade, researchers have often employed
chance constraints to model the probability issues associ-
ated with uncertain parameters in route planning studies.
Chance constraints are formulated to meet specific confi-
dence levels. First introduced by Charnes and Cooper,
this approach has provided highly effectiveness in man-
aging uncertainty (/5). For example, Yang et al.
addressed the train path planning problem by treating
demand, transportation costs, and capacity as fuzzy vari-
ables, and developed a weighted least chance constraint
model aimed at minimizing transportation costs (/6).
Chen presented a chance-constrained programming
model to solve location-routing problems under uncer-
tainty (/7). The model accounted for random variables
in costs and travel times, integrating a goal programming
approach to handle multiple objectives including service
reliability and cost minimization. This framework can be
applied to aircraft routing to manage the uncertainty in
operational parameters and improve overall routing
decisions. Branda explored a vehicle routing problem
that included a time window, random travel times, and
random demand, employing a sample approximation
method to determine the necessary sample size for
achieving a feasible solution to the problem (/8).

Route Recommendation Based on Orienteering
Problem (OP) and Customer Preferences

OP is a variant of the classic vehicle routing problem and
has significant applications in travel routing, especially
in optimizing the use of limited resources such as traffic
while maximizing the overall benefit. In particular, rec-
ommendation systems became a distinct area of study in
the mid-1990s, spurred by the growing challenge of
“information overload” amid rapid internet expansion.
Popular methods in personalized recommendation
include collaborative filtering and content-based recom-
mendation (/9, 20). Traditionally, these systems largely
depend on customers’ past purchases and product rat-
ings without accounting for the profitability of recom-
mended items. Recently, more researchers have started
examining recommendation systems from the perspective
of merchants (2/-25). In the context of aircraft routing,
a customer-centric approach focuses on optimizing
routes to enhance customer satisfaction by considering
factors such as minimizing delays, maximizing service
reliability, and improving overall passenger experience
(26). Additionally, recommending itineraries involves
complex decisions about factors such as duration of
stays at visitng points and travel times between them.
This research secks to bridge this gap by focusing on
travel route recommendations and optimizations from
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Table I. Comparison of this Study and Previous Research Relevant to Customer-Centric Aircraft Routing

Customer-centric

Relevant studies Mathematical formulation Uncertainty approach Solution methodology

Kannon et al. (4) Mixed-integer program v X Decoupling method

Korakakis et al. (30) Orienteering problem X v Commercial solver

Zhang and Tang (/4) Robust programming v X Exact solution

Lim etal. (3/) Mixed-integer program X 4 Commercial solver

Wan et al. (34) Clustering 4 X K-nearest neighbor and Bayes
classifier

Chen (17) Linear program v X Goal programming

Sanjeevi and Venkatachalam (/3) Stochastic program v X Re-allocating slack

Thakka and Palaniappan (26) Markov process X v Reinforcement learning

This study Linear program v v Sample average approximation

the perspective of operators. Most of the current
research on travel route planning stems from the OP
introduced by Tsiligirides (27). This approach involves
assigning scores to a set of candidate points in a network
under specific constraints, such as total available time,
with the goal of maximizing the cumulative scores from
the selected attractions (28). Various studies measure the
popularity of attractions differently to score them. Hang
et al. employed an association-rule-mining-based method
that considers contextual information, such as date, sea-
son, and previously visited places, to generate travel
routes (29). Korakis et al. utilized the number of visitors
as an indicator of popularity, assuming that attractions
with higher foot traffic offer more value to customers,
and optimized travel routes within the constraints of cus-
tomers’ available time (30). Lim et al. developed an
enhanced OP model that combines the popularity index
of visiting points with customers’ travel interests to select
suitable attractions and trips (3/). In other studies, cus-
tomer preferences are often modeled as utility functions.
Thakkar and Palaniappan adopted reinforcement learn-
ing involving training algorithms to make routing deci-
sions by rewarding desired behaviors and penalizing
undesired ones (26). Reinforcement learning involves
learning and adapting to changing conditions in real-
time, such as sudden weather changes or unexpected air
traffic. This adaptability ensures that the aircraft can
find the most efficient route dynamically.

As the research in this field progresses, there is a shift
toward travel route recommendations based on a thor-
ough analysis of customer preferences. For instance, Xu
et al. extracted customers’ travel preferences from their
collections of photos from previous visits to make tar-
geted recommendations (32). Yu et al. analyzed custom-
ers’ attraction preferences over different periods using
their past travel data, identifying a set of attractions
likely to interest them (33). They then took into account
factors such as the distances between visiting points,
total travel times, and start times to plan and

recommend itineraries using path planning methods.
Wan et al. identified customers’ preferred attractions by
performing geographic spatial clustering on historical
travel data from social networks, using Bayesian and K-
nearest neighbor methods to incorporate specific factors,
such as weather conditions, into their recommendations
(34). These itineraries are designed to align closely with
customers’ preferences, achieving the highest possible
matching scores. Building on these insights, Hang et al.
factored in seasonal preferences and other contextual
information to enhance the relevancy of travel route rec-
ommendations (29).

Existing methods for route recommendations have
successfully addressed the problem of enhancing custom-
ers’ travel experiences. However, there is still room for
improvement by integrating potential uncertainties
encountered during the route. Acknowledging this gap,
this paper introduces a two-stage stochastic program
that integrates stochastic travel times along with chance
constraints and customer satisfaction. This approach
aims to provide benefit to both airlines and customers by
more accurately reflecting the complexities of aircraft
routing. Table 1 provides a framework to show the rela-
tionship between this study and other relevant studies
about customer-centric aircraft routing.

Optimization Model for Customer-Centric
Airline Routing Considering Stochastic
Travel Times

In this section, we first outline the problem of airline
route planning under the consideration of stochastic
travel times. We then formulate this issue as a two-stage
stochastic programming model that incorporates chance
constraints to effectively manage the uncertainties. Given
the inherent complexity of directly solving this model, we
employ the SAA method to convert it into a more man-
ageable, tractable form.
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Problem Description

Consider an operator that manages single aircraft rout-
ing within an airline network and is constrained by fixed
partnering costs, which limits the number of airports
with which it can collaborate. We assume the operator
works with |A| airports, forming a set of candidate air-
ports for aircraft routing. Following established research,
we evaluate the satisfaction derived from a route using a
utility metric, which encompasses two primary dimen-
sions (35, 36). First, many studies have determined cus-
tomer utility based on the popularity of airports. It is
generally accepted that greater popularity correlates with
higher utility. Second, the actual experience of activities
within the route is also vital for customer utility, with
time playing a crucial role. Research indicates that the
quality of activity experience is directly related to cus-
tomers’ preferences for airports and the duration of time
they actually spend there. However, it inversely relates to
the time spent commuting between airports (37).

With these considerations, we define two specific
metrics: popularity utility, which assesses how the popu-
larity of airports affects customers’ utility, and activity
utility, which evaluates the quality of customers’ experi-
ences during their tours. These metrics collectively aim
to capture the comprehensive satisfaction of customers
derived from a route. To achieve target profit levels,
operators must consider factors beyond customer satis-
faction. The benefits and costs involved in designing air-
craft routing are crucial. Let /; represent the ticket price
for airport i, while f and Profity indicate the gross profit
margin and the expected profit for the operator, respec-
tively. The primary source of gross profit from operating
a route comes from the ticket price difference, calculated
as f - h;. The main variable cost for an operator is the
total transportation cost from airport i to j. This cost is
associated with the transportation cost per customer
from airport i to j, denoted as dj;, and the number of cus-
tomers in a customer group, Nrg.

The central decision in an aircraft routing involves
determining a sensible sequence of airports for custom-
ers. Numerous studies have highlighted the variability in
travel times across road segments within transportation
networks, primarily arising from demand fluctuations
and traffic congestion (38, 39). This uncertainty in travel
times significantly influences aircraft planning (40).
Customers often have fixed return dates, and operators
are expected to guarantee an end time for the route. An
unexpected disruption could disrupt the entire route,
potentially causing customers to miss their departure
flights or requiring an unplanned overnight stay, which
is inconvenient for both customers and operators. One
might suggest ending the route earlier to avoid these
issues, but this can diminish customer satisfaction. On
the other hand, planning with the most pessimistic traffic

Table 2. Notations

Notation Description

A Candidate airport set

TG Group of customers

t Travel time between airport i and airport j

tj Stochastic travel time between airport i and airport j

dj Transportation cost per customer from airport i to j

h; Routing price via airport i

Vi Time of stay at airport i

t Vector of travel times between all airports

ri Popularity utility coefficient of airport i

rating; Overall rating of airport i

bi Preference coefficient of airport i

Tinax Total time limit

Nrc Number of customers in a specific customer group

M Big number

f Level of gross profit margin expected by an operator

® individual scenario

tj(w) Realization of the stochastic travel time from airport
i to airport

Q] Number of samplings

€ Equilibrium coefficient

Profito Target profit level of an operator

Z(w) Auxiliary variable

R Reliability level

expectations might lead operators to reduce the number
of airports, negatively affecting profits. Therefore, it is
crucial to consider the uncertainty of travel times
between airports to balance costs and benefits effectively
and meet customers’ needs when making decisions about
airport selection and aircraft routing.

This study aims to address these challenges through a
two-stage process. Initially, an operator selects a set of can-
didate airports that align with customers’ requirements,
leveraging their preferences. This selection can be effec-
tively managed using traditional recommendation meth-
ods. Subsequently, given the variability in travel times, the
decisions about which airports to visit and the planning of
the travel route are made with the goal of maximizing cus-
tomer utility. The parameters and decision variables used
in this study are detailed in Tables 2 and 3, respectively.

Two-Stage Stochastic Optimization Model with Chance
Constraint

Based on the notations, this section studies single aircraft
routing under stochastic travel times when the set of can-
didate airports is given. Taking into account key factors
affecting customers’ utility and the influence of stochastic
travel times on aircraft routing, we aim to maximize cus-
tomers’ utility while ensuring that the operators’ profit
exceeds a target level. The resulting two-stage stochastic
programming considering stochastic travel times (SP-
STT) is shown as follows:
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Table 3. Decision Variables

Notation Description
yi = | if airport i is in the recommended route
= 0 otherwise
xii(w) = | if there is a link from airports i to j
= 0 otherwise
ui(w) Sequence of airport i in the recommended route
|4]-1
max Nrg »_ ryi + Eq[Q(y. )] (1)
i=2
st. »€{0,1}, i=1,...,]4] (2)
where

Q(y, t) = the optimal value for the following problem:

~ A1 4]
Qy. t) = maxNrg Y Y aj(@)x;(w) (3)
i=2j=2
-1 =1 A
s.t.P{ D vyt DY o)< Tm}
ic1 iT1j=2
=]-¢ 4)
-1 =1 4]
Z.fhiNTGyi - E Z diiN76x()
i=1 i—1j=2
= Profity (5)
Z |4]-1
lej(m) = Z xig)(w) =1 (6)
j=2 i=1
[4]-1 4]
D xuw) =Y @) =<1 (7)
i—1 =2
2 <u(w) < |A| (8)
ui(w) — uj(w) + 1< (4| — 1)(1 —xij(u))) 9)
|4]
> xj(w) =y (10)
j=2
xj(w) € {0, 1} (11)

In this model, there are three key decision variables: y;
represents whether airport i in candidate set is selected
by the recommended route; x;;(w) indicates whether a
link from airports i to j under a realized travel time #;(w)
exists; and u;(w) denotes the travel sequence of airport i
in the aircraft route under scenario w. These variables
play a crucial role in optimizing the route given the sto-
chastic nature of travel times.

It is important to recognize that Equations 1-11 con-
stitute a two-stage stochastic optimization model. The
first stage involves the decision variable, y, which deter-
mines which airports will be included in the route. This
decision is crucial to the overall structure of the model. In
the second stage, as outlined from Equations 3-11, the
function Q(y, t) depends on the configuration variable y
from the first stage and the stochastic travel times t. The
objective in this stage is to optimize the sequence in which
the selected airports are visited, effectively managing the
route based on the variability in travel times.

The objective function 1 maximizes the combination
of popularity utility and expected activity utility.
Specifically, the popularity utility is calculated as
Nrg Zl,ﬂ_zl ryi, where r; is the popularity coefficient for
airport i. This coefficient »; is determined by the formula
r; = rating; X log, (Ncy, + 1), where rating; is the average
customer rating of airport i and N¢y, is the number of
customer comments on airport i. Constraint 2 ensures
that the first-stage decision variable y; is non-negative,
maintaining that airports are either selected (1) or not (0)
for inclusion in the route.

The second stage of the model, defined by the objec-
tive function 3, focuses on maximizing the sum of
expected activity utility. The utility a;;(w) from visiting
an airport j from i under scenario w is modeled by the
expression a;(w) = p; X (v;/t;(w)), where v; is the stay
time at airport j, #;(w) is the travel time from i to j under
scenario w, and p; is the preference coefficient for airport
Jj. It is crucial to normalize the values of r; and g;(w) to
ensure consistency in scale and magnitude, which facili-
tates a more balanced and fair optimization process.
This normalization addresses potential disparities in the
values that could skew the optimization results.

Constraint 4 is essential in ensuring that an aircraft’s
punctuality adheres to the time limits stipulated by the
operator, balancing the dual objectives of maximizing
customer utility and operator profit. In our model, we
define the likelihood that the proposed route adheres to
these time constraints as the “reliability level” of the air-
craft route, which is denoted by R. The chance constraint
4 ensures that the cumulative stay time at airports plus
the travel times between them does not exceed the overall
allowed time, 7,,,., with a probability of 1 — &. Here, ¢ is
an equilibrium parameter ranging [0, 1]. It is used to bal-
ance the customer’s utility against the reliability of adher-
ing to the scheduled route. This parameter is crucial for
managing the trade-offs between providing a fulfilling
travel experience and ensuring punctuality according to
the operator’s commitment.

Constraint 5 ensures that the gross profit, minus the
transportation cost of an aircraft route, does not fall
below the threshold, Profity. This is crucial for maintain-
ing the financial viability of the route. Constraint 6
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mandates that a route must start from 1 and conclude at
|4|, clearly delineating the beginning and ending points
of the travel plan. Constraint 7 secures the connectivity
of the route, stipulating that each airport can only be vis-
ited once to avoid redundancy and ensure a streamlined
route. Constraints 8§ and 9 are in place to eliminate the
possibility of any sub-routes within the main route, pre-
venting any unconnected or cyclic paths that could dis-
rupt the logical flow of the route. Constraint 10 dictates
that only selected airports, as determined by the decision
variables, can be connected to form the travel route,
ensuring that the route is built solely from approved air-
ports. Finally, constraint 11 enforces non-negativity on
all decision variables, maintaining that values such as
numbers of airports included or the sequence of visits
cannot be negative, which is vital for the mathematical
and practical integrity of the model.

Sample Average Approximation (SAA)

Solving the optimization model specified by Equations
1-11 presents two major challenges. First, evaluating the
objective function 1 for a given configuration (y,t)
requires calculating the expected value of the non-linear
function Q(y, t). However, when dealing with continuous
distributions, finding the exact value of this expectation
is complex because of the complexity introduced by the
chance constraint, making direct computation impracti-
cal. Second, the expectation Eq[Q(y, t)] forms a non-
linear convex function that is often non-smooth with
respect to the decision variable y. Because this function is
implicitly defined and lacks a closed form, solving the
model becomes even more difficult. To overcome these
issues, this section describes the SAA methods, which
transform the original SP-STT model into a more tract-
able form. This transformation allows for more practical
and efficient computation, facilitating the application of
the model in real-world scenarios.

According to the relevant literature, methods for sol-
ving stochastic optimization can be divided into three
main categories: SAA, L-shaped, and heuristic algo-
rithms. The SAA method offers the advantage of not
requiring specific distribution details for the random
variables when solving the model. However, a notable
disadvantage is that the solution process can become
exceedingly slow as the problem size increases. This
method transforms the stochastic problem into a deter-
ministic one by sampling and then solving the average of
these samples, which can be computationally intensive
for large datasets. The L-shaped method, also known as
Benders decomposition, is effective for certain types of
stochastic problems, particularly those that can be
decomposed into a master problem and subproblems
(41). Tt requires detailed knowledge of the distribution of

the random variables, which makes it less suitable for
problems where such information is unavailable or
uncertain, such as the SP-STT discussed. Heuristic meth-
ods are often used for their efficiency and ability to pro-
vide quick solutions (42). However, the quality of the
solutions can be highly dependent on the parameters
chosen, which are often based on heuristic or subjective
judgment. This variability can make heuristic approaches
less reliable in ensuring high-quality solutions consis-
tently. However, the quality of solutions they produce
can vary significantly depending on the choice of para-
meters. These parameters are often selected based on
subjective judgment and can greatly influence the out-
come. Given these considerations, the SAA method is
chosen for solving the SP-STT model in this study. It is
deemed the most appropriate, given the lack of distribu-
tion information for the stochastic elements and the need
for a balance between accuracy and computational
feasibility.

SAA is employed to address stochastic discrete opti-
mization problems through the use of Monte Carlo simu-
lation. The core principle of SAA involves generating a
random sample to approximate the expected value func-
tion of the problem, then solving the resulting sample
average optimization problem. This technique is well-
documented in the literature (41, 43). To implement the
SAA method for our model, we begin by defining the

random parameter t, which is intended to mirror the
actual distribution of the random variables in question.

We then generate multiple samples Rlv) , -, t(|Q]) corre-
sponding to |Q| realizations of t through Monte Carlo
sampling. Each sample represents a potential scenario
that could occur in reality. The objective function is
approximated using the average of these samples, calcu-
lated as Q| ZL?I: L Q(y, t(w)). This averaging process
helps to stabilize the estimate of the expected value by
mitigating the effect of outliers and reducing variance.
With these steps, the original optimization model defined
by Equations 1-11 is transformed into the following
SAA model, which is more tractable for computational
purposes:

l4]-1

maxNre Z ryi
i=1

12| l4]=1 14|

Nrg Z Z a;j(w)x;(w)

1
Q= i=1j=2
(12)

l4]-1 l4]=1 4]

s.t. Z vivi + Z Z tij(@)x;j(w) — Tpar < Mz(w) (13)

i=1 i=1j=2

(8]

> z(w)<|Qe (14)

w=1
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l4]-1 =1 14|
> iNrGyi =Y > diNrgxi(w)
i=1 i=1j=2
= Profity (15)
4| 41
D xp@) = > xi(@) =1 (16)
j=2 i=1
l4]-1 4]
Z xip(w) = Zxkj(w) <1 (17)
i=1 j=2
2 <o) < |4] (18)

ui(w) — uj(w) + 1< (4] — 1)(1 fx,j(w)) (19)

|

> xi(w) = i (20)
j=2
xij(w) € {0,1} (21)

The mixed binary integer linear programming model
mentioned can be effectively tackled using available sol-
vers such as FICO Xpress. This makes it feasible to solve
for the first-stage decision variable y in the SP-STT
model, as delineated in Equations 12-21.

Once the first-stage decisions about y are established,
and actual travel times between airports are taken into
account, the second-stage decisions of the SP-STT model
can be addressed. These decisions involve the detailed
route planning, and can be formulated and solved using
the following route planning model:

l4]-1 4]
max NTG Z Za,jx,j (22)
i=1j=2
l4]-1 [41=1 4]
s.t. Z ViVi + Z Z t,,xl, = Tmax (23)
i=1 i=1j=2
4|1 l4]-1 4]
> MiNreyi = Y > dgNrxy(w) = Profity  (24)
i=1 i=1j=2
4] l4]-1
Z.X']j = in‘/‘ll =1 (25)
j=2 i=1
-1 4]
Xik = Zxkj <1 (26)
i=1 j=2
2=<u; < |A| (27)
4]

doxi =y (29)
i=2

Vi, Xij € {0,1} (30)

The objective function 22 in the above model is specif-
ically designed to optimize the activity utility for a cus-
tomer group. This function focuses on enhancing the
overall satisfaction derived from the sequence and selec-
tion of airports within the route. Constraint 23 ensures
the temporal feasibility of the route by ensuring that the
aggregate of stay times at airports and the travel times
between them does not surpass the predetermined maxi-
mum duration, denoted as T,,.. Constraints 24-30 are
essentially the same as Constraints 5-11, maintaining
consistency in the application of operational rules and
logistical considerations within the model, thereby ensur-
ing a coherent and executable travel plan.

Given that the selected airports y are determined from
the SAA model (12)-(21),the reliability level of an air-
craft route under uncertain travel times can be approxi-
mated. This involves re-sampling random samples

t(1), ...,t(|?2|3 for |Q| realizations of the random vector

t. A variable sol® is introduced to indicate whether the
first-stage optimal value y remains feasible when actual
travel times are considered.

For each scenario w, check if the second stage of the
model, which accepts y from the first stage, produces a
feasible solution sol® = 1. This indicates that the total
time constraint is satisfied under this scenario.
Conversely, if the second stage does not yield a feasible
solution, then use so/® = 0. The reliability level R of the
recommended aircraft route is then calculated using
sol® = 0, which aggregates these feasibility indicators
across all scenarios, providing an estimation of the
route’s overall reliability under variable travel condi-
tions. This method effectively quantifies the likelihood
that the route will adhere to the stipulated time con-
straints despite the inherent uncertainties in travel times.

Numerical Experiments

This section presents an evaluation of the SP-STT model
using simulated instances. Initially, we outline the experi-
mental setup, detailing the design of the simulation, the
parameters used, and the methodology for generating sce-
narios. Subsequently, we report the findings from these
simulations providing a comprehensive analysis of the
outcomes. This includes an examination of the model’s
performance under various conditions, insights into the
reliability and feasibility of the suggested itineraries, and
a discussion on the implications of the results for improv-
ing the model’s efficacy in real-world applications.

Experiment Setting

Our study categorizes different test scenarios by varying
the number of candidate airports, |4|, which ranges from
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10 to 20 in increments of two, and by testing different
equilibrium coefficients, €, at values of 0, 0.05, 0.1, and
0.15. The configuration of additional parameters is as
follows: the number of scenarios, |Q], is set to 100, adher-
ing to the recommendations of Kenan et al. (44). The
duration of stay at each airport, v;, is uniformly distribu-
ted between 30 and 120min, and the ticket price, 4;,
ranges from 50 to 200. We standardize the size of a cus-
tomer group, Nrg, at 400, reflecting typical group sizes
and airline seating capacities. The gross profit margin, f,
is established at 0.3.

The maximum allowable duration, 7., is limited to
24 h, which aligns with the usual length of a daily air route.
Additionally, a sensitivity analysis of 7)., was conducted
as part of the case study. Distances between airports are
generated randomly within a range of 0 to 70. The trans-
portation cost per customer between any two airports, dj;,
is calculated as 0.25 multiplied by the distance.

Both the popularity coefficient, r;, and the activity
utility coefficient, a;(w), are normalized to a range of
[0,1] to standardize their impact on the model. We set the
expected profit, Profity, to zero to ensure that operations
are at least breaking even; however, it is noteworthy that
actual profits in our numerical experiments and case
studies consistently exceed this threshold. Lastly, the sto-
chastic travel time zz between airports i and j is modeled
to follow a uniform distribution defined by U(z, #})), cap-

turing the inherent variability in travel times.

Experimental Results and Analyses

In this section, two benchmark models from research of
route recommendation based on OP are introduced.
Then comparative analyses are performed among the
proposed model and two benchmarks.

Benchmark Models. To facilitate a comparative analysis
with the SP-STT model, this section presents two tradi-
tional benchmark models. The initial benchmark model
entails a travel route recommendation framework rooted
in the initial OP, as delineated by Tsiligirides (27).

41 =1 |

max Nrg Z ryi + Nrg Z Zaijxij (31)

i=1 i=1j=2

s.t. 23-30.

The second benchmark model involves an aircraft
routing aimed at maximizing the quantity of visiting
points (maximizing number of airports, MNA), as intro-
duced by Heris et al. (45).The formulation of the MNA
model is as follows:

4]—1
max Nrg Z Vi (32)
i=1

s.t. 23, 25-30.

Comparison between Proposed Model and Benchmark
Models

The reliability level serves as a crucial metric for assessing
the risk of overtime within an aircraft route, significantly
affecting the practical execution of the recommended
route. To illustrate the applicability and effectiveness of
the SP-STT model in the scenarios, we initiate our analy-
sis by evaluating the model’s performance based on the
reliability level. The results of reliability levels of itiner-
aries in three models are presented in Table 4.

In Table 4, the columns headed “R,,” “R,,” and “R;”
present the estimated reliability levels under uniform,
normal, and triangular distributions of traffic time,
respectively. Analysis of R, reveals that the OP bench-
mark model exhibits the lowest reliability across all relia-
bility scenarios, with an average reliability level of merely
24.77%. Even in its most favorable scenario (|4| = 14),
its reliability level barely reaches 35.05%, indicating a
considerable risk of reliability disruptions. Comparisons
of the reliability levels under various distributions of
travel times are illustrated in the accompanying Figure 1.
This visualization aids in understanding how different
travel time distributions affect the overall reliability of
aircraft routing.

Furthermore, it is noteworthy that the SP-STT model
achieves its highest reliability levels nearing 100% when
¢ equals 0. This outcome is because, at € = 0, chance
constraints within the SP-STT model simplify to a deter-
ministic constraint, converting strict adherence to prede-
termined time constraints under all traffic scenarios.
Consequently, the resulting decisions tend to be highly
conservative and dependable. We also check the robust-
ness of the SP-STT model by contrasting its performance
with that under normally (i.e., N(p, (rg.)) and triangu-

larly (ie., T(p; — V6 X gy, M by T V6 X o)) distribu-
ted travel times. The corresponding outcomes are
presented in the columns headed “R,” and “R,” in Table
4, respectively. Reliability levels attained under either
distribution surpass 86%, affirming the model’s consid-
erable robustness. This observation indicates comparable
reliability levels across different distributions, further
confirming the robustness of the SP-STT model.

Case Study of U.S. Airline Network

In this section, we implemented two case studies utilizing
authentic datasets derived from the U.S. airline network



518

Transportation Research Record 2679(4)

Table 4. Results of R with Different Distributions of Travel Times

IA| Model g Ry R, R,
10 MNA NA 24.37% 25.60% 24.59%
OP NA 20.65% 20.60% 20.92%

SP-STT 0 99.60% 99.44% 99.66%

0.05 96.90% 96.69% 96.75%

0.1 94.01% 93.81% 93.80%

0.15 91.18% 90.04% 90.69%

12 MNA NA 25.64% 26.93% 27.83%
OP NA 27.41% 29.95% 29.95%

SP-STT 0 99.64% 99.64% 99.62%

0.05 97.03% 96.49% 96.69%

0.1 94.15% 93.60% 9227%

0.15 90.65% 89.88% 89.13%

14 MNA NA 37.29% 34.94% 34.82%
OP NA 35.05% 34.65% 34.66%

SP-STT 0 99.71% 99.64% 99.66%

0.05 96.34% 95.86% 95.92%

0.1 93.18% 92.73% 9227%

0.15 90.28% 89.01% 88.72%

16 MNA NA 21.56% 20.99% 21.00%
OP NA 17.13% 18.20% 18.64%

SP-STT 0 99.56% 99.52% 99.49%

0.05 96.84% 96.63% 96.81%

0.1 94.38% 92.24% 93.69%

0.15 91.90% 91.45% 91.38%

I8 MNA NA 21.48% 24.48% 24.34%
OP NA 20.56% 21.46% 21.46%

SP-STT 0 99.07% 98.54% 98.15%

0.05 96.84% 96.32% 96.38%

0.1 94.24% 93.58% 93.67%

0.15 91.14% 90.76% 90.34%

20 MNA NA 29.49% 29.41% 29.34%
OP NA 27.86% 27.74% 27.57%

SP-STT 0 99.27% 99.19% 99.57%

0.05 95.18% 95.04% 94.81%

0.1 92.17% 90.81% 91.19%

0.15 89.37% 86.67% 87.82%

Note: MNA = maximizing number of airports; OP = orienteering problem; R, = reliability level under normal distribution; R, = reliability level under
triangular distribution; R, = reliability level under uniform distribution; SP-STT = stochastic programming considering stochastic travel times; NA = not

available.
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to substantiate the efficacy of the method we propose.
The Data Collection sub-section delineates the metho-
dology employed for data collection, while the
Recommendation Results of Route sub-section elabo-
rates on the findings and provides a comprehensive dis-
cussion of the results.

Data Collection

The primary dataset for our research is sourced from the
U.S. Airline On-Time Performance Database, main-
tained by the Bureau of Transportation Statistics (BTS).
This database aggregates flight-level data from U.S.-cer-
tified air carriers that contribute to at least 1% of domes-
tic scheduled passenger revenues. It encompasses both
scheduled and actual arrival and departure times for the
majority of commercial flights operating within U.S. air-
space. Specifically, it includes punctuality data for non-
stop scheduled domestic services conducted by major
U.S. airlines. A “major carrier,” as defined by the Office
of Airline Information, is a U.S.-based airline that gener-
ates over $1 billion in revenue during a fiscal year. These
carriers are subject to annual publishing of accounting
and reporting directives by the office, which also stipu-
lates the air carrier groupings for the forthcoming year,
as designated in the mandatory Form 41 reports.

To ensure the data set remains manageable, our analysis
is confined to the period from January to June, 2023, and
focuses on eight major airlines: United, American, Delta,
Alaska Air, U.S. Airways, Virgin America, JetBlue, and
Southwest. These carriers represent a significant majority
of daily scheduled domestic flights and passenger traffic.
Additionally, these airlines exhibit variations in the number
of hubs utilized, geographic locations of these hubs, route
density, and diversity in the aircraft types operated. One of
our primary objectives is to explore how these network
characteristics influence the propagation of delay shocks
across the flight network on a given day.

Data pre-processing steps are implemented to prepare
the data for aircraft routing using U.S. flight data. First,
instead of encoding airport identifiers as numerical val-
ues, the airports are transformed using their longitude
and latitude coordinates, and we calculate travel times
between each airport. Second, any null or minus vales in
delay are replaced with 0. This step helps in identifying
flights that did not experience delays under those specific
conditions. Third, we estimate distribution of travel times
with non-parametric estimation such as failure rate mod-
eling (46). Lastly, all features are normalized by subtract-
ing the mean and scaling to have a uniform variance,
which aids achieving stable model performance. Also,
BTS provides airport ranking about popularity utility
with respect to the enplaned passengers at each airport.
We used this ranking as a popularity utility metric.

Table 5. Reliability of Optimal Route for U.S. Airline Based on
Different Models (Tjax = 24)

Model € Ry R, R:
MNA NA 24.24% 21.31% 20.47%
OP NA 12.00% 8.90% 1'1.40%
SP-STT 0 99.81% 99.72% 99.71%
0.05 96.57% 96.14% 95.74%
0.1 94.27% 93.17% 92.37%
0.15 91.37% 89.32% 89.82%

Note: MNA = maximizing number of airports; OP = orienteering problem;
R, = reliability level under normal distribution; R, = reliability level under
triangular distribution; R, = reliability level under uniform distribution; SP-
STT = stochastic programming considering stochastic travel times; NA =
not available.

Table 6. Reliability Optimal Route for U.S. Airline Based on
Different Models (Tjqx = 48)

Model € Ry R, R:
MNA NA 17.24% 16.27% 17.57%
OP NA 14.27% 13.98% 11.27%
SP-STT 0 95.97% 96.18% 94.34%
0.05 93.01% 93.17% 92.78%
0.1 91.78% 91.01% 90.72%
0.15 86.75% 85.71% 84.87%

Note: MNA = maximizing number of aiports; OP = orienteering problem;
,» = reliability level under normal distribution; R, = reliability level under
triangular distribution; R, = reliability level under uniform distribution; SP-
STT = stochastic programming considering stochastic travel times; NA =

not available.

Recommendation Results of Route

In this section, we analyze the impact of varying 7T),..
The results, shown in Tables 5 and 6, reveal that, as 7T,
increases, the reliability levels across the three models
tend to decline. This suggests that setting 7., to 24 is
more suitable for the numerical experiments. For illus-
trative purposes, we use the route recommendations in
Table 5 as a reference for subsequent comparative analy-
sis. Additionally, we assess the model’s robustness by
calculating the approximate reliability levels under uni-
form, normal, and triangular distributions for travel
time. The corresponding results are provided in the col-
umns headed “R,,” “R,,” and “R;,” respectively.

We observe that the solutions of the SP-STT model
demonstrate significantly higher reliability levels com-
pared with the two benchmark models. Specifically, the
average reliability levels under all three distributions are
22.01% for the MNA model and 10.77% for the OP
model, both of which are substantially lower than the
94.83% achieved by the SP-STT model. This discrepancy
arises primarily because the benchmark models do not
adequately account for the uncertainties of travel times.
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Table 7. Optimization Results for U.S. Airline Network

€ Utility Utility rise rate Profit Profit rise rate Reliability Reliability decrease rate
Real distribution
0 384.78 NA 2,888.92 NA 0.981 NA
0.05 454.02 17.99% 3,363.85 16.44% 0.927 —5.50%
0.1 480.74 24.94% 3,718.05 28.70% 0.881 —10.19%
0.15 480.42 24.85% 3,987.79 38.04% 0.847 —13.66%
Normal distribution
0 367.92 NA 3,027.76 NA 0.999 NA
0.05 404.39 9.91% 3,374.60 11.46% 0.949 —5.01%
0.1 447.50 21.63% 3,737.16 23.43% 0.934 —6.51%
0.15 500.81 36.12% 4,078.13 34.69% 0.867 —13.21%
Triangular distribution
0 433.12 NA 2,934.69 NA 0.998 NA
0.05 457.42 5.61% 3,742.77 10.50% 0.942 —5.61%
0.1 463.85 7.09% 3,767.83 28.39% 0914 —8.42%
0.15 482.02 11.29% 4,082.57 39.11% 0.901 —9.72%

Note: NA = not available.

When operators design routes for a single aircraft based
on the most optimistic traffic conditions, they are
inclined to include as many airports as possible.
However, this strategy can lead to violation of time lim-
its when unforeseen disruptions occur. Such disruptions
can result in customers missing their departure flights or
requiring them to stay an additional night—outcomes
that are clearly undesirable for both customers and
operators.

The benchmark models’ lack of consideration for the
uncertainties in travel times means that the itineraries
derived from them are more susceptible to time limits.
This significantly diminishes the reliability of the solu-
tions provided by these models.

We also analyze both customers’ utility and the opera-
tor profit, with the results presented in the columns
headed “Utility” and “Profit” in Table 7. The columns
headed “Utility rise rate,” “Profit rise rate,” and
“Reliability decrease rate” are all calculated relative to
the results of the solution when € = 0 (47). It is evident
that both customers’ utility and the operator’s profit
improve as the equilibrium coefficient € increases.
Notably, the rates of increase in utility and profit are sig-
nificantly higher than the rate of decline in reliability,
aligning with the tendency observed in the previous sec-
tion. According to the results under the category of real
distribution in Table 7, when ¢ increases from 0 to 0.15,
the rates of increase in customers’ utility are 17.99%,
24.94%, and 24.85%, respectively, while the decline rates
of reliability level are —5.50%, —10.19%, and —13.66%,
respectively. The utility of customers and profit of opera-
tors are shown in Figure 2. Using an airport with longer
transfer time could increase the time limit violation for
the entire route, slightly lowering the reliability. In the
view of operators’ profits, when ¢ increases from 0 to

0.05, profits increase by 16.44% when using real data.
As ¢ increases, the SP-STT model prioritizes airports
with higher profits, shorter distances, and lower travel
costs for route optimization.

Managerial Insight. Modeling routing choice in stochastic
environments necessitates a two-dimensional analysis.
The first dimension concerns the impact of dynamically
changing route characteristics, such as fare adjustments,
variations in cancellation fees, on-time performance, and
fluctuations in the number of available seats. The second
dimension focuses on the influence of static characteris-
tics that remain constant over time. Both dimensions are
integral and should be considered collectively, as they
represent two sides of the same coin. The analysis results
suggest that leisure customers and business travelers per-
ceive and react to dynamic and static route attributes dif-
ferently. Moreover, the analysis also estimate the
propensity of customers to delay their decision-making,
an aspect that intertwines with the dynamic attributes of
the travel options available.

While the estimations for models that nested itiner-
aries by level-of-service generally yielded insignificant
results, it remains plausible to anticipate heightened com-
petition within these level-of-service nests, particularly
when these are further nested within broader time period
categories. Despite these findings, it appears that the
competitive dynamics among aircraft routes can be sub-
stantially captured by organizing itineraries based on the
time of day and carrier dimensions. This structuring sug-
gests that these two factors predominantly define the
competitive landscape, offering a comprehensive frame-
work for understanding consumer choices and airline
market strategies.
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Practical applications of these insights include improv-
ing operational efficiency by streamlining maintenance
schedules and minimizing delays, thereby reducing unne-
cessary costs and enhancing profitability. Accurate pre-
dictions of customer behavior enable airlines to improve
satisfaction and loyalty, leading to increased market
share and revenue. Stochastic models provide valuable
insights for strategic decisions, such as fleet management,
route expansion, and service enhancements, ensuring
that investments align with market demand and cus-
tomer expectations.

In conclusion, incorporating both dynamic and static
factors into stochastic models for aircraft routing offers
comprehensive insights that enhance decision-making
accuracy. This holistic approach is essential for main-
taining competitiveness and operational efficiency in the
dynamic aviation industry. By accurately reflecting the
complexities of travel planning and customer behavior,
these models support better strategic planning, policy
development, and overall customer satisfaction.

Conclusions

This research delves into single aircraft routing with a
focus on the unpredictability of travel times, passenger
preferences, and travel time limits. Specifically, we have
developed a two-stage stochastic optimization model
that incorporates a chance constraint, and we employ
the SAA method for its solution. Numerical experi-
ments indicate that our proposed SP-STT model

demonstrates marked improvements by accounting for
the uncertainty in travel times. The findings reveal that
the reliability levels of the two benchmark models peak
at only about 40% under optimal conditions, whereas
the reliability of the SP-STT model consistently exceeds
90%. Additionally, the computational results highlight
that the SP-STT model not only enhances the reliability
of itineraries but also significantly boosts customer util-
ity and operator profits. This comprehensive approach
to route planning illustrates the model’s effectiveness in
managing the complexities of modern air travel.

While our method demonstrates satisfactory perfor-
mance, it is subject to several limitations that suggest
areas for potential enhancement. Our approach cur-
rently focuses on recommending a single aircraft route
for a single customer group or a single aircraft. This
does not fully reflect real-world business practices
where transport resources might be allocated to multi-
ple customer groups traveling to various airports.
Consequently, extending the planning of a single air-
craft route to accommodate multiple customer groups
under stochastic traffic conditions represents a promis-
ing direction for future research. This extension would
more accurately mirror industry operations and could,
potentially, offer more robust and comprehensive plan-
ning tools. This research evaluates the performance of
our model across three different distributions of sto-
chastic traffic time. While these distributions effectively
approximate actual airline network conditions, it is
possible that other types of traffic time distribution
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could occur at various arcs. Future research could
delve into exploring aircraft routing using reinforce-
ment learning. This method would allow for a more
resilient modeling framework that can handle a wider
range of variability in traffic patterns, enhancing the
robustness and reliability of aircraft routing under
uncertain conditions.
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