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Aircraft recovery during Commercial Airlines Irregular Operations 

	Commercial irregular operations cost the airline industry 8% of lost revenue or $60 billion annually. Direct and indirect sectors of the industry amount to greater than 5% of the GDP of the United States, contributing $1.8 trillion in total economic activity and supporting eleven million jobs (Federal Aviation Administration, 2020e). According to the Department of Transportation (DOT), 24% of U.S. flights have delays, and 3.2% have cancellations in the first six months of air travel for 2022. The airline industry represents a high-cost, high-revenue, and low-profit margin business. Reducing or eliminating a small percentage of irregular operations can offset tight airline business margins. Airline schedules are built by planners months in advance in planning for the most efficient optimized allocation of resources to produce supply to meet the demand for various flight segments. One disruption can create numerous schedule changes to the preplanned operation caused by a single external/internal event. 	 
	The OCC uses a combination of flight delays, empty aircraft ferrying, and cancellation of flights to repair the disruptive schedule. Ferrying an empty aircraft creates no profit for the airline but canceling a flight segment incurs a loss of customer goodwill and aircraft overnighting at the wrong airport. Minor changes in the input to an optimization-based support system can translate into entirely different solutions creating more significant issues locally or throughout an airline flight system. The disruption begins the recovery period and ends when the airline returns to its original schedule and operations.
	This research introduces a framework for analyzing open-sourced data to solve a small part of irregular operations focusing on aircraft recovery during commercial airline IROPs. There are currently two distinct types of airline hubs reviewed. A primary hub and spoke operations and airlines with point-to-point services. We developed a methodology for quantitative analysis of the data of several past irregular operations. The process allows for aircraft swapping using optimization aircraft reallocation assignments to decrease the number of late departures from the hub to the outer spokes of the operation. The methodology then enables the aircraft to be redirected to its original schedule to ensure it is in place for the following day’s schedule. Ensuring the aircraft is at the scheduled overnight location allows planned maintenance without causing further issues to the flight schedule and allows normal schedule operations. A point-to-point airline operation with focus cities instead of a hub and spoke operation is then analyzed using the same analysis to decrease the number of late departures. 
	By analyzing past disruption data and solving the aircraft recovery program, late departures will decrease to meet the Federal Aviation Administration (FAA) criteria of less than or equal to 15 minutes for on-time departures. 
	This study’s results can help Operation Control Centers prioritize aircraft recovery. Prioritizing aircraft reallocation will decrease late departures, ensure aircraft are in the scheduled overnight locations for required maintenance at the hub and spoke operations, and help prepare the airline to resume the next day's scheduled departures.
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[bookmark: _Toc519271316][bookmark: _Toc519272786][bookmark: _Toc120621597]1.1 Background
Over the last fifteen years, passengers who have traveled on a commercial airline for business or pleasure have experienced irregular airline operations. Cancellations, missed connections, tarmac delays, and lost baggage, among other events, have resulted in lost time and faith in the friendly skies that, of late, have not been very friendly. Irregular operations (IROPs) refer to a situation where a flight does not operate as scheduled and negatively impacts schedules and passenger travel. The end of an irregular operation is deemed recovered when the airport operation is restored to the planned aircraft and passengers’ schedules. IROPs have become more complicated and extended as airlines increased operations in finite airspace with processes and procedures not changing with today’s complex travel operations (Gershkoff, 2017). Delays, cancellations, and diversions of flights are all parts of the complexity of irregular operations and tools used by airlines in recovery. 
	Eliminating IROPs is akin to striving for perfection. Although there may never be a perfect solution to solving an irregular operation, tools are available to mitigate the scope and decrease the time of the disruption. The Operational Control Center (OCC) runs an airline’s daily operations. The OCC faces a multi-objective problem of minimizing delays, deviations, and cancellations simultaneously within real-world time constraints during a disruption. A key to one of the problems will reflect a tradeoff, which creates a search for a Pareto optimal solution that airline management must decide how to solve (Rhodes-Leader et al., 2021).
The six core problems of an IROPS involve controllable (the flight crew, cabin crew, aircraft, passengers) and uncontrollable (air traffic control and the national airspace system) variables. The variables are sequentially solved when schedules are built but must be rebuilt simultaneously under a time constraint during irregular operations. By having a plan, delays can be decreased, aircraft can overnight in the required scheduled location, qualified crews ready to fly the schedule can be provided, and customer satisfaction and loyalty can be achieved. The goal is to mitigate IROP effects, get passengers from their origination to their destination and reduce costs and expenses. One option for the future is to create slack within the transportation system. Without creating slack, meltdowns from IROPs will only worsen, and recovery to normal operations will increase exponentially.
Furthermore, addressing the aircraft recovery system to a small extent will decrease the number of delayed aircraft departures in both a hub and spoke, and point-to-point hub design to reduce airline disrupted operations.  Initial solutions to change aircraft routing using only aircraft departing the hub to a spoke and returning to the hub are small tools available to the OCC to decrease the number of late departures from the hub. Rerouting the same type/category of aircraft can provide real-time automated solutions versus rebuilding a multivariable disrupted schedule. “The solution’s quality is based on the deviation from the original routings, the number of cancellations, and the number of delays. The objective function value is not as important as the quality of the solution” (Karlsson, 2014). Passengers and the airline desire to fly as scheduled; however, passengers prefer a late flight to a canceled flight. A cancelation requires rebooking of passengers on the next available flight, and the current passenger load factors, lack of flight crews, and reduced schedules since the pandemic can turn a canceled flight into days of additional travel time (Department of Transportation, 2022b).
 The easiest solution in most disruptions is to delay a set of flights to restart the original schedule; however, rescheduling must consider the regulatory constraints of flight and cabin crew FAA rules, curfews, cost of passenger accommodations, and aircraft maintenance requirements. 
In this work, the scope was limited to what was determined to be a manageable contribution to the solution of this problem. The scope of this paper was to reduce the effect of one type of disruptive event (weather) at Dallas Fort Worth (DFW) and restrict the type of aircraft to a narrow-body single-aisle aircraft (737/Airbus) that is scheduled in and out of the hub to spokes leaving and returning within the same band of hub turns. An additional review of a point-to-point service at Houston Hobby Airport by Southwest Airlines was studied to ensure that the reallocation problem during a weather event works with both types of connecting airline hubs.
[bookmark: _Toc519271317][bookmark: _Toc519272787][bookmark: _Toc120621598]1.2 Research Motivation
[bookmark: _Hlk503814639][bookmark: _Toc116149146][bookmark: _Toc116149351]Global commercial airline travel will double by 2034 (IATA, 2014). However, irregular operations lose 8% of global commercial airline revenue yearly. Figure 1 shows the total number of passengers across all carriers and airports in the United States. 
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[bookmark: _Ref116912598][bookmark: _Toc121926586]Figure 1  Global Passenger Travel, (IATA, 2014).
The increased number of aircraft in dense controlled airspace provides little to no slack for adjustment to airline schedules. Commercial aviation operations are one of the most complex systems in the world. Airline schedules depend on interacting passenger itineraries that desire to fly from origination to destination from fixed node airport locations supported by an aircraft schedule, flight crew schedule, and cabin crew schedule. All these schedules must adhere to their own rules, regulations, and restrictions to fit into an airspace coordination plan run by a government entity. The airline OCC controls the coordination of the entire process.
The goal of the OCC is to ensure on-time performance, reduce disruption costs, and minimize passenger delays. The two ways of dealing with disruption are proactive and reactive. A proactive response by the OCC allows the airline to avoid any troubles in reducing the operational schedule and creating a plan before a weather event at a hub airport. The disturbance is time-dependent because the decisions made proactively have less certainty of the decision and results. Yet taking more time to make changes provides more information but fewer options as the decision time frame progresses. Providing near real-time solutions to the six major pieces of an airline’s disrupted schedule may provide another tool for the OCC director to resume normal scheduled operations. 
The OCC director needs collaboration, information, and input from the various stakeholders running their functions as depicted in Figure 2. The airport authority, the FAA, and the NAS must accept the solution to ensure the new plan works within the national aviation system. These inputs should not create more significant issues for the hub and downline perturbation airline schedule (Barnhart & Cohn, 2004).
[bookmark: _Toc116149354]Operational Control Center Functional Network
[image: Diagram

Description automatically generated]
[bookmark: _Ref116912576][bookmark: _Toc121926587]Figure 2  Operational Control Center Functional Network 

The Forrester effect in the service industry produces the same problems as the swings in inventory control create in a supply chain (Scarpin, 2022). Natural disasters such as volcanic eruptions closing Atlantic overseas flights, weather, pandemics, and terrorist attacks continue to affect the supply and demand of passenger revenue miles globally (Wollaston et al., 2021). In addition, a single flight is one component of multiple schedules that can influence following flights and schedules throughout the day, affecting delays and changes (Ball et al., 2007). The turmoil is magnified due to the current hub and spoke system and the lack of slack in the national airspace management program run by the FAA. 
	The size of airline operational networks in the United States covers 5,000 public airports served by over 10,000 non-general aviation aircraft transporting 605 million passengers more than five billion miles annually (ATP Flight School, 2022). Airport and airspace capacity can decrease with additional external threats of inclement weather and excessive traffic in major economic city hubs. Raw data delay multipliers are shown in Figure 3. 
[bookmark: _Ref113529105][bookmark: _Toc116149150][bookmark: _Toc116149355]	This figure is based on analyzing American Airlines historical schedule information (Beatty et al., 1999). The x-axis depicts the time of day, and the y axis tracks the changes in the amounts of an initial delay. Delay multipliers have the greatest effect during the morning rush hour departures. 
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[bookmark: _Ref116912540][bookmark: _Toc121926588]Figure 3  Raw Data Delay Multipliers
Note. From “Preliminary evaluation of flight delay propagation through an airline schedule,” by Beatty et al., 1999), Air Traffic Control Quarterly, 7(4), pp. 259-270. Copyright 1999 by The American Institute of Aeronautics and Astronautics.
“Meteorological forecasts continue to improve but have not reached the ability to accurately provide the close detail and timeliness needed to reduce uncertainty from weather predictions at the airport and its surrounding airspace which can extend hundreds of miles in all directions “(Pfeil, 2011). The challenge requires predicting the severity of the weather, the precise location of the event, and the window for starting and ending times of the weather event. In addition, the levels of cloud ceilings, visibility, wind speed with direction, amount and severity of precipitation, and available flight arrival/departure corridors all determine the capacity of the airport and the surrounding airspace sectors. This created uncertainty may change the delay multipliers with the added constraints of airline and airport planning. 
Hub and spoke operations are a byproduct of the Airline Deregulation Act of 1978, an event that transformed the commercial airline industry. The act removed government controls over the airline industry that the civil aviation board used during years of commercial aviation. Creating a free market in the airline industry led to more airlines flying more flights, decreasing fares, and more passengers and miles flown (Kosasih et al., 2022). In addition, the creation of hub and spoke flying allowed airlines to fly more passengers to a more diverse number of destinations using fewer assets versus flying point-to-point destination flying. Fundamentally, the hub and spoke operations allow fewer assets to generate more wealth for the airline and more options for the traveling public at a lower cost. 
Suppose an airline had nine city pairs from coast-to-coast E(i) to destination in the W(j); it would only attract passengers flying between those nine city pairs. Therefore, eighteen aircraft would be used to serve nine cities on the east coast and nine cities on the west coast. If the aircraft flew to a hub and then to its destination, (9) * (9) = 81 location pairs can be connected, the number of passenger options would increase without the need for additional aircraft, crews, or ground staff. Figure 4 depicts point-to-point flying, and Figure 5 provides a depicts a view of hub and spoke flying instead of direct routes. 


Point to Point Flying
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[bookmark: _Ref116912449][bookmark: _Toc121926589][bookmark: _Ref113528969][bookmark: _Toc116149358]Figure 4  Point-to-Point Flying (Yu, 1998)




Hub and Spoke Flights
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[bookmark: _Ref116912379][bookmark: _Toc121926590][bookmark: _Ref113529015][bookmark: _Toc116149360]Figure 5  Hub and Spoke Flying (Yu, 1998)
[bookmark: _Toc519272788][bookmark: _Toc120621599][bookmark: _Toc519271320]1.3 Problem Statement
[bookmark: _Toc519272789]The use of optimal resource reallocation optimization can minimize the number of late departures by 10 percent. One technique of where to start in a disruption states “given the location of the aircraft you have to know when the disruption began, what was the planned schedule, how long is the irregular operation, and how long does it take to recover back to planned operations (Bazargan, 2004). Having this knowledge, a disruption can be analyzed, understood, and learned from for future disruptions. Bazargan then defined recovery as “the best assignment of aircraft to flights so that after the recovery time the airline can operate its regular published flights” (Bazargan, 2004). Each major airline will adjust its priorities on recovery, but they will attempt to capture the “best” assignment done in real time as quickly as possible. IROPs is a large problem, and the reallocation model is a small iterative piece of the overall recovery back to scheduled operations.
[bookmark: _Toc120621600]1.4 Thesis Statement
The use of resource reallocation optimization is required to develop a revised aircraft routing plan for airline operation directors in real-time to minimize the number of late departures by 10 percent and increase on-time performance within a disruptive event. This initial real-time solution can be used for decision-making by the OCC director to determine whether to direct the aircraft interchange, delay the aircraft involved, use spare aircraft, or cancel the flight.
[bookmark: _Toc519271321][bookmark: _Toc519272790][bookmark: _Toc120621601]1.5 Research Objectives
This research aimed to develop a methodology for airline control centers to analyze real-time options to decrease the number of delayed departing flights. The objectives of this research were as follows:
The first objective was to capture past disruptive events by calibrating the historical weather data with hub operations performance measures.
The second objective was to develop a model that can take historical disruptive hub operations, create a real-time solution to aircraft recovery and resource assignment to decrease the number of delayed departures by 10 percent, and compare the airline delay rate with the model rate. 
[bookmark: _Toc519271322][bookmark: _Toc519272791]The third objective was to use post hoc analysis of a disruptive major airline hub event and decrease the percentage of delayed departures by 10 percent using the resource constraint model.
[bookmark: _Toc120621602]1.6 Research Questions and Hypotheses
This research was based on an optimal reallocation technique to analyze publicly available data and use a real-world dataset to assess the proposed approach using past disruptive airline flying events and recovery. The following research questions (RQs) were used to guide the analysis of relationships between input variables and recovery time during irregular operations.
RQ1: After finding the IROP’s dates in the commercial airline system, can the variables involved create a focal point for reducing delays?
RQ2: Can airline operations be adjusted to reduce the effects of irregular operations?
RQ3: Can a real-time optimization technique help to reduce irregular operations, decreasing late departures with real-time solutions?
The following three hypotheses addressing each of the research questions were assessed:
H1: By applying data search analysis on both FAA and NOAA websites, available historical data can locate past IROPs at commercial Hub and spoke systems. 
H2: If slack in an optimized hub and spoke operation schedule is created, disruptive events will be reduced, and the follow-on propagations will decrease when the airline experiences irregular operations.
H3: Using online optimization will decrease the number of delayed flights during irregular operations by 10 percent.
[bookmark: _Toc519271323][bookmark: _Toc519272792]
[bookmark: _Toc120621603]1.7 Scope of Research
This research created a real-time solution for the operational control center director to reassign outbound aircraft destinations to decrease the number of late departures. The aircraft reassignment program is known as an aircraft schedule recovery program (ASRP). The program provides the controllers of the various pieces in an IROP’s initial plan to ensure aircraft scheduling and maintenance, dispatch, flight planning, weather services, system customer service, flight deck scheduling, cabin crew scheduling, hub coordinators, and air traffic managers work together during an ASRP. The solution is to decrease the number of delayed flights (<= 15 mins) per DOT on-time flight tracking. ASRP also enables aircraft to return to the scheduled overnight for required maintenance and reset the planned flight operations to begin the following day. Guidance on the other stakeholders was beyond the study’s scope. Traditional disruptions are currently solved separately, focusing on finding independent solutions for the six major components of the airline schedule. 
Over the last ten years, aircraft arrival flight delays have averaged 17.95% of all airline flight arrivals. When flying was reduced due to COVID-19 in 2020-2021, delays decreased because fewer flying RPMs created additional slack in the U.S. aviation system. The same reduction is depicted in Figure 7 in departure delays. With commercial flying in 2022 rebounding from prior COVID-19 travel operations, fewer aircraft and airline personnel do not allow supply to meet the current demand. As a result, late departures and late arrivals have increased above pre-COVID-19 levels, and this has caused airlines to reduce the Fall 2022 schedules until the airlines have the required staff to fly the proposed schedules. Figure 6 shows U.S. airline arrival delays between 2013 and 2022, and Figure 7 shows U.S. airline departure delays during the same period (Department of Transportation, 2022b).
Arrival Delays
[bookmark: _Ref116912318][image: Table
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[bookmark: _Toc121926591][bookmark: _Toc116149158][bookmark: _Toc116149363]Figure 6  U.S. Arrival Delays 2013-2022, (Department of Transportation, 2022b).
Departure Delays
[bookmark: _Ref116912308][image: Table
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[bookmark: _Toc121926592]Figure 7  U.S. Departure Delays 2013-2022, (Department of Transportation, 2022b).
This research focused on disruptive events to airline operations at one central airline hub for one type of disruptive event and one solution to the immense problem of irregular operations. The second analysis reviewed point-to-point flying operations with smaller focus cities flying used by Southwest Airlines. In addition, current and future capabilities to create additional slack into an optimized scheduling program will be discussed for additional studies. 
[bookmark: _Toc519271324][bookmark: _Toc519272793][bookmark: _Toc120621604]1.8 Research Limitations
The limitations on recovery for operations do not consider the other significant recovery properties and their effects on recovery time. The concentration on aircraft recovery ensures that the aircraft schedule during an irregular operation can be recovered in real-time, decreasing the amount of FAA delays while ensuring aircraft are available for scheduled maintenance at the overnight locations. In addition, the crew scheduling department ensures flight and cabin crews for the aircraft reassignment are qualified, and customer service representatives ensure passengers are informed and flown to planned destinations. 
The research was divided into three phases to achieve the goals and objectives discussed in section 1.5:
Phase 1 involved reviewing the literature on IROPs, emphasizing research papers containing mathematical modeling, avenues of approach, goals, and identifying research gaps.
Phase 2 involved data gathering, cleaning for consistency, and separating for modeling into panel format combinations. Test data used were from January 2013 to April 2022. All data contained disruptive events and schedules for American Airlines and Southwest Airlines in the DFW area of operations. 
Phase 3 involved developing and interpreting a resource allocation optimization on aircraft rescheduling to decrease late departures within separate batches of the incoming and outgoing hub and spoke operations. 
[bookmark: _Toc519271325][bookmark: _Toc519272794][bookmark: _Toc120621605]1.9 Organization of Praxis
The praxis is organized into five chapters:
Chapter 1 introduced the praxis topic, motivation, problem statement, thesis statement, research objectives, hypothesis, scope of research, and limitations. 
Chapter 2 will review the literature used to guide the research for this Praxis and identify gaps in previous research that justify some of the methodological decisions made in this study.
Chapter 3 will contain an overview of how I conducted the research, datasets used, dataset preparation, and methods for assessing each hypothesis.
Chapter 4 will present the output of the analysis conducted in this research by each of the three hypotheses.
[bookmark: _Toc519271326][bookmark: _Toc519272795]Chapter 5 concludes the praxis with the main results and relevance in IROPs recovery. Also, the chapter discusses the limitations of the results and directions for future research.


[bookmark: _Toc120621606]Chapter 2: Literature Review

[bookmark: _Toc519271327][bookmark: _Toc519272796][bookmark: _Toc120621607]2.1 Introduction
The literature review will introduce the reader to foundations, recent advances on the subject matter, and the practical application using different variables, desired outcomes, and other methodologies. The goal of IROPs and recovery is to be able to put a cost on a disruptive event (Vos et al., 2015). The total cost covers the loss of revenue, the cost to resume normal operations, and gaining or losing customer satisfaction and loyalty. Each airline has the same basic recovery techniques available but bases recovery and repair on distinct parts of the six primary components of a disruption. The element chosen as the most critical variable to repair can sometimes be restored to the detriment of one of the other components. 
Airlines have based recovery techniques on corporate knowledge and experience versus using past data to create a blueprint for recoveries and deterministic decision-based models to create a starting point for recovery (Barnhart, 2006). Recovery involves learning from past successes as well as failures. A successful recovery must be based on historical data and a process, not individual muscle memory and experience. The only way to improve recovery techniques is to capitalize on past disruptions and quantify steps like a pilot going through an emergency checklist (Barnhart, 2006). Each step can be validated and reviewed for future events. It is important to note that recovery does not stop after normal operations (Barnhart, 2006).
A debrief on the events leading to the disruption, proactive decisions with results, decisions made during the disruption with consequences, and any other lessons learned can increase the probability of success at the next disruption. Consistent, constant feedback, and improvement ensure that even though disruption history does not repeat itself and tools will be ready to accommodate a more efficient recovery.
[bookmark: _Toc120621608]2.2 Flight Scheduling Timetable	
Flight scheduling needs plans in both long-term strategic planning (proactive) and short-term tactical planning (reactive). The concept of the operations is to understand the demand for flight service and the ability to meet that demand by the airline. Defining the opportunity, understanding the solution space, and creating a potential solution initiate the system’s life cycle of interest. Airline strategic planning focuses on current and upcoming city pairings from a few months to several years ahead and adjusts to operational and business environments (Bazargan, 2004). A successful program requires the airline to meet all the stakeholders’ needs and requirements when planning a schedule. 
Revenue management determines the criteria to meet the demand once the market is understood and feasible. Most airlines operate an arrival bank followed by a departure bank to maximize revenue and optimize passenger connections at hubs. The banks create peaks and valleys in demand for the servicing of airport facilities and airline personnel. These peaks and valleys reduce operational stability and the ability to react to disruptions during the bank flows (Gershkoff, 2017).
Tactical planning focuses on short-term changes to the program and routing based on the current business climate, changes in customer demand, and the availability of the company to adjust. IROPs are part of this tactical planning reactive disruption management process. A feedback loop evaluates the current operations and the competition, allowing the addition or deletion of flights, changes to city routing, and increasing or decreasing frequency. Figure 8 provides an example of strategic and tactical scheduling.
Scheduling Process
[bookmark: _Toc519271328][bookmark: _Toc519272797][image: Table
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[bookmark: _Ref116912268][bookmark: _Toc121926593]Figure 8  Strategic and Tactical Scheduling

[bookmark: _Toc120621609]2.3 IROPs Consequences or Cost
		The Department of Transportation (DOT) and the Federal Aviation Administration (FAA) 2012 funded and sponsored an Airport Cooperative Research Program (ACRP) project to produce Report 65: Guidebook for Airports Irregular Operations Contingency Planning (Salamone, 2015). The report helps airports analyze delay contingency plans and how individual airports can create specific plans to reduce the effects of IROPs. DFW management used this study to create the C3 concept, “communication, collaboration, and coordination.” The concept creates a holistic view of IROPs and all the stakeholders in recovery operations, creating situational awareness between all aviation service providers at one hub and those spoke airports affected by the IROPs. It provides comprehensive guidance and a game plan to improve airport response efforts to direct and indirect costs. High direct and indirect costs have been associated with irregular operations. Controllable causes include mechanical, servicing, crew, gate availability, and customer service-related issues. The uncontrollable deviations are air traffic control, weather at departure, destination, or enroute, security on the ground or in flight, and medical issues (Evler et al., 2022).
[bookmark: _Ref116912232][bookmark: _Toc116809046][bookmark: _Toc116809095]		A study of Southwest Airlines from September 2016 to September 2017 showed a breakdown of controllable and uncontrollable causes of disruptive operations. Only 57% of the 1.1 million flights flew as scheduled, and the uncontrollable disrupted events were only the national airspace control, ground operations, and weather. Ninety-three percent (93%) of disruptive events in the year were controllable and could have been avoided, mitigated, or captured with solutions by the OCC. Controllable delays are predictable, repeatable, and preventable (Ogunsina et al., 2021). Table 1 shows Southwest Airlines’ disruptive events from September 2016 to September 2017.
[bookmark: _Ref118985552][bookmark: _Toc119238588]Table 1  Southwest Airlines 2016-2017 Disruptive Events, (Ogunsina et al., 2021)
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Description automatically generated]“The weather functional domain depicted reaffirms the data that inclement weather accounts for the largest number of canceled and diversions of aircraft depicted in Table 1.”  (Ogunsina et al., 2021)
Artificial intelligence (AI) will be involved in the future decision-making process during an IROPs event. Two features can be described as event abstraction and uncertainty abstraction in planning flight schedules and operations in disruption management. The scheduled data represent the two abstractions and are distinct types of uncertainty. 
“Event abstraction is the planned schedule activities and resources and how they can change due to the disruption of the schedule” (Ogunsina et al., 2021). The event abstraction of the flight schedule operation analyzes the time series of observations; it generates the streams of events of how the flight schedule before execution aligns with the schedule features realized in real-time and after scheduled execution. “Features have low values without a disruption for event abstraction, and those features during and after the disrupted schedule represent high-value features for event abstraction” (Ogunsina et al., 2021).
 Uncertainty abstraction provides an understanding of a disruption’s cause and allows the OCC to make better predictions for future events. This knowledge helps the OCC to identify the primary causes and what needs improvement to prevent similar problems from occurring. Flight schedules continue an iterative assessment cycle over a timeline to continually adjust and optimize a suitable plan. As algorithms improve with greater computer capacity, schedules and operations continue to reduce slack in the schedule, magnifying the effect of even minor disruptions and deviations from the original plan (Chen et al., 2020). Research question two addresses aircraft utilization rates, spoke time aircraft turnarounds, and cockpit/cabin crew pairings to create slack in the schedule that optimizers may have reduced. 	
[bookmark: _Toc519271329][bookmark: _Toc519272798][bookmark: _Toc120621610]2.4 Aircraft as the Primary Variable
[bookmark: _Hlk519270045]		The aircraft movement has received most of the reviews for disruption analysis. The aircraft is typically considered a scarce finite resource because of a flyable aircraft’s capital cost; eventually, demand is greater than the availability in a disrupted event (Hassan et al., 2021). Typical ASRP changes aircraft to flight allocations and introduces modifications to produce a revised flight schedule. A reroute of an aircraft is first provided, then crew management will create a working crew assignment (Thengvall et al., 2000). If no crew is available, crew managers repeat the process until they find a crew that meets all the legalities of the aircraft’s new route (Thengvall et al., 2000). 
[bookmark: _Ref113536446]		“Past and present flight legs depend on the schedule changes and decisions made for mitigating irregular operations in the current flight phase and not on the sequence of schedule changes made during the flight phases that preceded it.” (Ogunsina et al., 2019). Each flight leg in an aircraft schedule is influenced by multiple stakeholders’ decisions as the aircraft travels between airports. Decisions made on a flight in a series of scheduled flights affect the schedule changes and decisions made in subsequent flights. Figure 9 shows a Markov chain depiction of effects during a disruption and Figure 10 shows the disruption decision process. 
Markov Chain Depiction
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[bookmark: _Ref116912122][bookmark: _Toc121926594][bookmark: _Toc116149370]Figure 9  Markov Chain Effects During a Disruption
Disruption Decision Process
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[bookmark: _Ref116912060][bookmark: _Toc121926595][bookmark: _Toc116149372]Figure 10  Disruption Decision Process 

		The schedules rebuilt do not consider that the aircraft does not finish the scheduled day at the correct airport to ensure that the required maintenance is completed. Aircraft should have line maintenance checks referred to as post-flight, maintenance pre-flight, service checks, and overnight checks daily to ensure airworthiness and flight safety. In addition to line maintenance checks, there are more extensive checks: A checks (every 400-600 hours), B checks (every 6-8 months), C checks (heavy maintenance out for 1-2 weeks), and D checks (every 6-10 years) and take up to 50,000 labor hours to complete (Sriram & Haghani, 2003). An aircraft out of place for one night can be adjusted and rescheduled, whereas an aircraft out of place for 3-5 days can cause delays, cancellations, or ferry flights to place it at the appropriate maintenance location. 
		Using batch windows Figure 11 to process the aircraft dispatching allows the OCC to find the available solution within the seven daily hub banks during the day (McNally et al., 2015). For example, at DFW, there are the initial turns with originating flights outbounds and the spoke inbound flights for the first arrivals of the day. The major arrivals and departures are 0530-0830/0830-1130/1130-1430/1430-1730/1730-2030/ 2030-2330/2330-0530. 
[bookmark: _Ref113536492]Airline Flight Bank Window Depiction
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[bookmark: _Ref116911346][bookmark: _Toc121926596]Figure 11  Bank/Batch Window Process (McNally et al., 2015)

		Once the batch of feasible options is derived, an aircraft reassignment can be solved in near real-time to allow rescheduling. The OCC can solve the aircraft reassignment in one batch window that is rescheduled due to delays, aircraft maintenance breakdown, or scheduled aircraft diversion enroute and not arriving to make the original schedule departure bank. 
[bookmark: _Toc120621611]2.5 IROP Studies and Trends
	The complexity of the studies and models has been represented by deterministic models (Clausen et al., 2010). According to (Rhodes-Leader et al., 2021), “these models are unable to account for the uncertain environmental elements which affect the solutions serviceability.” (Rhodes-Leader et al., 2021), used a problem reduction for the Aircraft Schedule Recovery Program (ASRP). The researcher concluded that a solution which includes uncertainty can perform better than an optimal solution. Thengvall states that” advances in solvers since have allowed exact solution methods such as column and row generation.” Thengvall “created time-space networks, which consider schedules as networks, where flights are arcs between nodes representing airports at a given time” (Thengvall et al., 2000).  Rhodes-Leader used a low-fidelity simulation model to estimate the performance of a recovery option using a large and complicated solution space and short computational time constraints (Rhodes-Leader et al., 2021). The low-fidelity model reduces the complexity and speeds up the search by dealing with the complex controls of aircraft allocation in a deterministic manner. It then provides the simulation optimization with reasonable starting solutions and a structure to continue searching for a more extensive solution space. 
Additionally, (Brown & Rosenthal, 2010) showed that using optimization-based decision support systems with minor changes created drastic differences in an unacceptable solution set. Airlines prefer minimum deviations from the original schedule if possible. Also, Wang and Sun, (2010) showed that delay propagation among different aircraft nodes on a flight string and reasonable adjustment of the buffer time could effectively reduce the propagation of initial delay. The researchers concluded that increasing slack, swapping aircraft at hub turns, and recent technologies reduce the propagation of delays. Multi-fidelity modeling uses simple approximations to identify the best solution and then simulate the output more thoroughly and in-depth with follow on optimization techniques. “Deterministic integer programs find initial solution enabling uncertain elements in the environment to be included in the decision-making process” (Rhodes-Leader et al., 2021).
	“The transportation system is greatly influenced by various external factors and how the stakeholders and procedures are complicated and interlinked” Kim, (2016). Their study showed perturbations that the total delay time could be a ripple effect, indicator, and tool to show how one airport affects the operations at other airports in the airline system effecting additional delays and cancellations. Ionescu & Kliewer “studied optimized airline schedules that created a lack of delay tolerance in the case of unforeseen disruptions” (Ionescu & Kliewer, 2011).  “The study also allows a better understanding of delay mechanisms available to airline operations that can lead to a better trade-off between cost-efficiency and robustness” (Ionescu & Kliewer, 2011).
[bookmark: _Toc120621612]2.6 Government Studies/Solutions Creating Slack into an Optimized System
	NASA conducted Dynamic Weather Routes (DWR) studies to analyze air traffic throughout the national airspace (McNally et al., 2015). “DWR can allow an airliner to fly more efficiently to its destination, saving time, increasing slack in the airway system, and keeping aircraft safe from weather issues” (McNally et al., 2015). NASA airspace technology demo (ATD) 2 uses algorithms to predict airport traffic conditions and flow rates of departures to determine when an aircraft should depart from the gate. It shifts the wait times to the gate with the aircraft door open instead of running engines at the end of the runway. Decreasing tarmac delays ensure flights do not have to return to a gate after three hours of domestic and four hours for international flights required by the DOT Passenger Bill of Rights during ground delays. The goal is to get the airplane from the gate to the runway and airborne with little to no delay, creating additional slack to board and service aircraft for the next flight. 
DOT has an office of system capacity to collaborate with airlines, air traffic services, and developers to create a multi-dimensional framework for air traffic performance measurement. The indicators capture flexibility in the system to adapt to changing needs, predictability to let airlines know when they can arrive and depart, accessibility to enter the system, and the delay from the optimum time to complete a segment of operations (Department of Transportation, 2021a). The office of system capacity allows airlines to adjust operations based on the current air traffic performance and variances caused by any known or predictive irregularities. Adaptability allows each airline to proactively adjust its current schedule to create slack in its operations (Department of Transportation, 2021a). 
[bookmark: _Toc120621613]2.7 Summary and Conclusion
	Irregular operation solutions can only be solved with a team effort from the airlines, DOT, and FAA. One solution for one hub or point-to-point flight service changes may affect several other central transportation nodes, resulting in increased delays further down the transportation string and days of rescheduled operations. The number of variables of the six major categories running six different solvers with different priorities can come together for the “best” solution for that IROP event on that day (Amadeus, 2016). Moreover, historical data help the holistic recovery view from the OCC that looks at the problem from the 40,000-foot solution relying on the stakeholders to present their solutions for their piece of the puzzle. This paper took a small iterative piece of the vast puzzle of IROPs and recovery and created a real-time solution for aircraft recovery operations and in-hub aircraft swapping for hub and spoke operations or point-to-point scheduling. The real-time solution prioritizes the decrease in FAA flight delays flying the schedule with similar aircraft and then prioritizes placing the aircraft back on the assigned schedule for aircraft overnights or decentralizing maintenance at stations away from the major hubs. 

[bookmark: _Toc115756677][bookmark: _Toc120621614]Chapter 3: Methodology

[bookmark: _Toc519271331][bookmark: _Toc519272800][bookmark: _Toc115756678][bookmark: _Toc120621615]3.1 Introduction
This chapter outlines and describes the methodology used to conduct this research on using an assignment optimization model to decrease late flight departures during an airline disruption event at a central airline hub. The first method uses a program to capture the variables to reduce late departures using a single type of aircraft, narrow body, specific distance bands, and aircraft departing from the same Hub and returning. Returning aircraft to the hub enables scheduled maintenance to be completed as planned for the overnight locations. The second method uses the same assignment optimization method for a different type of airline operation that uses only one kind of aircraft that can be reassigned/ interchanged, which creates a larger pool of available resources with less dependency on returning the aircraft to the hub to resend the plane to its original scheduled destination. Southwest uses this technique and has dispersed the necessary maintenance at more outstations than the focus city hubs.
Both methods produce a solution that uses the same type of aircraft that can be interchanged with like aircraft to reduce the number of delayed departures. These aircraft are from the same hub and turn within the same or close flight distance bands. Reducing the complexity and size of the problem allows an optimization model to decouple and solve a subproblem.
An airline-integrated recovery program that requires linking six separate optimization programs consisting of the flight crew, cabin crew, aircraft, passengers, NAS, and ATC with thousands of variables is beyond the scope of this research paper. 	Creating an option for the OCC to reassign aircraft in this paper is just one part of the intricate puzzle of airline disruption that decreases the number of late departures. Using time bands throughout the daily operation allows aircraft either currently at the hub or inbound aircraft to be used for reassignment to meet a departure criterion of 15 minutes or less, which is the current FAA standard for an on-time departure. 
“A corrective actions performance is determined by how well it can resolve a disruptive event based on the following metrics used by most major airlines:
Time to create a plan that will return the operation to normal scheduled operations
The number of delayed, diverted, and cancelled flights 
The number of aircraft that can meet the FAA required on-time arrival/departure metric of <15 mins
Time to reschedule and accommodate disrupted passenger schedules” (Jhunjhunwala et al., 2022).
This paper focuses on the number of delayed flights that can be reassigned to meet the FAA requirement of producing an on-time flight. 
[bookmark: _Toc519271332][bookmark: _Toc519272801][bookmark: _Toc115756679][bookmark: _Toc120621616]3.2 Hub and Spoke Versus Point-to-Point Operations
		An airline hub is a centrally located airport surrounded by a group of smaller secondary airports (spokes) that provide connections passing through the hub. Most major airlines have east-west, north-south, and coastal international hubs to connect passengers traveling in the general direction of their destination. Airlines review the data on passengers and locations that have great demand for origination and destinations as locations for the hub airports. New York, Chicago, Miami, and Los Angeles meet those criteria and are some of the busiest airports in the nation. Arrivals and departures are grouped into complexes or banks by connection time of day. DFW has seven departure and arrival banks throughout each day. Passengers, crews, and cargo either remain with a plane transiting a hub as a through flight, or they can transfer at the hub during the bank interval. 
		The secondary type of hub reviewed can be illustrated with Houston Hobby airport by Southwest Airlines, which changes the flow of aircraft from the standard hub and spoke model to a focus on a set of flights into smaller cities that provide more point-to-point service but still allow the model to offer reassignments that lead to a reduction in late departures. Fewer connections are available with a point-to-point operation in IROPs. All flight and cabin crews are qualified to fly every aircraft that Southwest flies, reducing the number of variables unavailable to other major airline operations in the United States. 
[bookmark: _Toc115756680][bookmark: _Toc120621617]3.3 Data Sources
		This section discusses the three publicly available data sources used in this study. Variables available in the original datasets and the preprocessing steps taken to clean the data and prepare them for modeling are included. The data sources were used to determine days of irregular operations based on days depicting adverse weather that affected airline operations. 
		Winds greater than twenty-five knots with rain greater than 1 to 3 inches will create Instrument Flight Rules (IFR) for aircraft attempting to land and depart from airports. IFR flying requires pilots to use aircraft instruments to maintain situational awareness and control to align the aircraft for safe takeoff and landing operations. Increased aircraft spacing and sequencing occur under IFR arrivals and approaches, creating additional procedures, requirements, and labor by ATC to keep aircraft safely separated. Reduced arrivals and departures are associated with IFR type of weather and are normally associated with convective weather and thunderstorms (Page, 2022). Airlines create schedules based on Visual Flight Rules (VFR) that allow ATC to sequence aircraft closer together on arrivals, increasing the capacity and throughput of aircraft into an airport. Aircraft under VFR flying allow closer sequencing of arrivals and departures which decrease the amount of spacing creating slack in the flight operation and allows an increased rate in arrivals and departures. 
		A search of the NOAA historical database with these two variables of wind and rain produced a database of days that met that initial IFR criterion (Aeronautical Information Manual, 2017). These weather days were then compared to the FAA database of the major airlines to view the delays created by the adverse weather conditions and reduced arrival and departure flow at American Airlines hub of DFW, Delta Airlines at Atlanta, GA, and Southwest Airlines point to point hub connections at both Dallas Love Field and Houston Hobby Airport. 
[bookmark: _Toc115756681][bookmark: _Toc120621618]3.3.1 Bureau of Transportation Statistics
		The Bureau of Transportation Statistics, published by the Department of Transportation (DOT) as an Excel/CSV file is the most comprehensive publicly available compilation of the U.S. airline and aviation statistics that occurred in 1987-2021 (Bureau of Transportation Statistics, 2022b). Most data are sourced from commercial airlines and the FAA air traffic control system. The dataset provides up to eight different fields describing schedule versus actual departure times with delay causes. The definitions are given in full accordance with the codebook from the dataset’s website:
Carrier Code: A.A. for American Airlines/SWA for Southwest 
Date of Data: mm/dd/yyyy format
 Flight Number: Airline Flight Designation
Tail Number: Aircraft FAA Designation
Destination Airport: Destination
Scheduled Departure: Time of departure Hr: Min
Actual Departure: Actual gate departure Hr: Min
Type of Delay:
Carrier: within airlines control-maintenance/flight crew/servicing
Weather: significant meteorological conditions-rain/snow/visibility
ATC: Ground Delay Program/traffic volume/ATC
Security: security breach/excess of 29 minutes in screening area/inoperable equipment
Aircraft Arrival: same aircraft previous flight arrived late
[bookmark: _Toc115756682][bookmark: _Toc120621619]3.3.2 Predictors of Weather Disruptive Event Data
		The weather at any airport is reviewed online at the National Oceanic and Atmospheric Administration (NOAA) website (https://www.noaa.gov/tools-and-resources). It contains weather information for the airport area starting from 1946. By searching the database for precipitation rates of 1"/hour and wind speed data >25 knots, a disrupted event can be found and crosschecked against the DOT/FAA database described in Section 3.3.1. 
		The dataset provides nine weather content tables in CSV and ASCII data files. The definitions and weather appendix are given, including codes and abbreviations for types and amounts of precipitation, visibility, and temperatures.
 Daily Summary: mm/dd/yyyy format
Temperature: max/min/avg/dep/arr/adp/awb
Degree day: heat/cool (65 degrees)
Sun: Rise/Set
Weather Type: Daily occurrences of weather types 
Precipitation: TLC/snowfall/snow depth
Pressure: Avg Stn/Avg SL
Wind: Avg Speed/Peak Speed/Pead Direction/Sustain speed + direction
Monthly Avg Totals
		Wunderground.com takes the NOAA historical data and allows specific views and graphs of the location. Figure 12 captures a particular date’s temperature, precipitation, and wind data in the aircraft reassignment models. During a thunderstorm event, the temperature will decrease as the storm pushes cooler air ahead of the storm front. The wind speeds become more variable, causing airport arrival and departure runways to change several times, as landing and takeoffs need headwinds. Aircraft are certified by the aircraft manufacturer and restricted to accept minimum tailwinds and thirty-five knots maximum crosswinds which include gusts that accompany thunderstorm passage. Once the storm arrives at the airport, the wind gusts, and the amount of rain of 1/8 inch of standing water can create a disruptive event. (Table 4 Landing Condition Assessment (FAA.gov)
IROPS Weather Indicators
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[bookmark: _Ref116911992][bookmark: _Toc121926597]Figure 12  Temperature/Precipitation/Wind Example
[bookmark: _Ref113536892][bookmark: _Toc115756711]. 
[bookmark: _Toc115756683][bookmark: _Toc120621620]3.3.3 U.S. Airports
		The airports used in the paper are provided in CSV and Excel data files.
Airport ID number
Airport ICAO
Airport Type
Airport Name
Airport Latitude/Longitude
Airport Elevation
Airport Location: City/State
Airport individual website


[bookmark: _Toc115756684][bookmark: _Toc120621621]3.4 Aircraft Assignment Optimization
		In 2007, more than 33% of delays at major airports resulted from late-arriving aircraft (Department of Transportation, 2022b). Delayed arriving flights cause late departure flights due to optimized schedules preplanned by airlines. Ninety-five percent of late arrivals at hub airports depart late from a hub operation. If the aircraft arrives late, there is a high probability of a late departure.
		Slack in the scheduling planning stage is lost revenue to the revenue management office. In contrast, slack in the system to daily operation allows OCC to absorb delays and create more feasible solutions. The planning and operations groups have separate incentives with different overall objectives, and management must reconcile the differences based on the cost or loss of revenue. Delay causes Figure 26 need to be understood by the OCC to find solutions to the problem of IROPs. OCC can adjust aircraft flight recovery in several ways: delaying flights, canceling flights, rerouting aircraft, using reserved spare aircraft, ferrying aircraft, and changing flight speeds to create slack in the flight plan. 
		Depictions of a normal on-time hub turn are shown in Figure 13.  Aircraft/Flight 1 (dashed line) is departing Airport A at 0730 and arriving at the hub, Airport B, at 1000. Aircraft Flight 1 has a 60-minute scheduled ground time and departs Hub B as Flight 2 at 1100 departing to Airport C, also as a dashed line arriving at 1245 at Airport C. Aircraft/Flight 3 (solid line) departs Airport C at 0830 and arrives at Hub B at 0930 and has a 75-minute scheduled ground time departing Hub B as Flight 4 at 1045 with an arrival time of 1300 at Spoke Airport A. 





Ontime Hub Turn Depiction
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[bookmark: _Ref120609656][bookmark: _Toc121926598]Figure 13  Normal Ontime Hub Turn Depiction (Su et al., 2021)
Note. Original Schedule: All Flights on time and in the green
a Flight 1—0730-1000 Airport A to Airport B. 2 hours 30 mins of Flying Time (FT) 
b Flight 2—1045-1245 Airport B to Airport C. 2 hours of FT
c Flight 3—0830-0930 Airport C to Airport B. 1 hour of FT 
d Flight 4—1100-1300 Airport B to Airport A. 2 hours of FT
		Figure 14 depicts an arrival delay in Aircraft 1, which has a departure delay from Airport A of one hour, which creates a delay in Flight 2. The flight crew made up 15 minutes of flying time compared to Figure 13, which took two hours and 15 mins of flying time scheduled. This occurs because the normal flying time from Airport A to hub Airport B’s original schedule was flying into a congested arrival time into Hub B, which is artificially created by airlines to have inbound aircraft arriving within the same bank of aircraft at the hub. This creates ATC congestion, reduced arrival rates, and longer flight times. The late departure time from Airport A is now only 45 minutes late arriving at Airport B; however, the ground crews have lost the 45 minutes of ground time scheduled and only have 15 mins to turn the aircraft to create Flight 2 from Hub B to Airport C. With prior notice from OCC, the fuel, catering, lavatory, baggage handling, and other ground services can concentrate on the late arrival and reduce the 45-minute turn time to 30 minutes. A late departure of Flight 2 at Hub B will also have a reduced time from the gate to the runway for takeoff since it will be at the end of the bank of departure aircraft, and the OCC can have the flight crew adjust the airspeed to make up a few minutes to arrive at Airport C within 15 minutes of the scheduled arrival time of 1245. This adjustment to the required ground time at the hub and the flight time for Flight 2 may still be late but ensures the aircraft is at the correct overnight destination without causing downline corrections to the flight operation. Figure 14 shows the impact of one late arrival.
One Late Aircraft Arrival Impact
[image: Diagram

Description automatically generated]
[bookmark: _Ref116911637][bookmark: _Toc121926599]Figure 14  One Late Aircraft Arrival Impact (Su et al., 2021)
[bookmark: _Toc115756714]Note. One late arrival with a follow-on delay; one late arrival and one late departure
a Flight 1—0830-1030 Airport A to Airport B. 2 hours of flying time (FT)   
b Flight 2—1045-1245 Airport B to Airport C. 2 hours of FT: 15 mins ground time avail  
c Flight 3—0830-0930 Airport C to Airport B. 1 hour of FT 
d Flight 4—1100-1300 Airport B to Airport A. 2 hours of FT
In Figure 15, the depiction of a late arriving Flight 1 shows the reduced ground time and changes in the flying times to get Flight 2 with the same original aircraft only 15 minutes late at the end of its second scheduled flight. The depiction also shows a slight delay of Flight 4 to accommodate late arriving connecting passengers and luggage. This holding of on-time Flight 4 from Hub B to Airport A is normally used if Flight 4 is the last flight of the evening from the hub to a spoke or if the passengers from Flight 4 are connecting to international destinations which have priority schedules to transfer passengers and cargo to single destination departures overseas.
Delay of Two Aircraft Departures
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[bookmark: _Ref116911561][bookmark: _Toc121926600]Figure 15  Delay of Two Aircraft to Mitigate One Late Arrival (Su et al., 2021)
[bookmark: _Toc115756715]Note. Delay of two flights departures by 15 mins (flight 4 and flight 2) with one late arrival (flight 1) and two aircraft at FAA max delay for on time departure.
a Flight 1—0830-1030 Airport A to Airport B. 2 hours of flying time (FT)   
b Flight 2—1100-1300 Airport B to Airport C. 2 hours FT
c Flight 3—0830-0930 Airport C to Airport B. 1 hour of FT
d Flight 4—1115-1315 Airport B to Airport A. 2 hours of FT
Figure 16 depicts the methodology used in this paper to decrease late departures with an aircraft reallocation program. Flight 1 still lands at 1030 but now takes the later departure of Flight 4 at 1100. The reallocation of this study uses all the flights within the time band Figure 11;  of the arrivals and departures at the hub airport (McNally et al., 2015). Earlier flights arriving can be reallocated to different destinations to keep flights within the 15-minute late flight designation by the FAA. The late flight that caused the reallocation can then be reassigned to a later flight in the time band that allows the aircraft to fit into the departure schedule that meets the FAA on-time departure criteria. Flight 1 now connects and becomes the outbound Flight 4. The flight has a shorter ground time, but with OCC priority handling, the flight can meet the <15 min on-time criteria. Flight 2 inbound now connects and becomes Flight 3 outbound with ample ground time to allow assets to be redistributed among other gates once Flight 3 is serviced for departure. This reallocation program depicted in Figure 16 can work with single banks of aircraft or an entire day at an airline hub. A flow of information by the OCC prior to the disrupted event and the inputs of all stakeholders allows for the exchanges between aircraft, flight crews, and passengers to occur. Reallocation works if the OCC reacts in real time to the inbound aircraft to a hub city. Once the flights are inbound to the airport the OCC can run a reallocation model in real time and adjust the late aircraft to a later departure than originally scheduled and an on time available aircraft can be moved to cover the reallocation. 



Aircraft Reallocation Depiction
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[bookmark: _Ref116910908][bookmark: _Ref116910664][bookmark: _Toc121926601][bookmark: _Toc116149386]Figure 16  Reallocation to Mitigate Late Departure/Arrival (Su et al., 2021)
[bookmark: _Toc115756716]Note. Aircraft Reallocation Program: flight 1 late arrival now takes flight 4 on time and flight 3 reallocates to flight 2 also on time. All flights depart on time with no delays.
a Flight 1—0830-1030 Airport A to Airport B. 2 hours of flying time (FT)   
b Flight 2—1045-1245 Airport B to Airport C. 2 hours of FT
c Flight 3—0830-0930 Airport C to Airport B. 1 hour of FT
d Flight 4—1100-1300 Airport B to Airport A. 2 hours of FT
[bookmark: _Ref115754623][bookmark: _Toc115756717]	The reallocation process works in both the review of a disruptive schedule and during an active disruptive schedule in real-time. The OCC can see all inbound flights, aircraft types, crew schedule legalities, gates available, and passenger connections. With early knowledge of incoming delays, the operations center can create a new solution in real time before the incoming on-time, and late arrivals can be reallocated. Figure 17 shows DFW’s hub and spoke.

DFW Hub and Spoke Depiction
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[bookmark: _Ref116910957][bookmark: _Ref116910437][bookmark: _Toc121926602]Figure 17  DFW Hub and Spoke Depiction
		The initial aircraft assignment problem model is produced in nine small programs of seven arrivals, departures, and destinations. All aircraft are hub and spoke turns and can resume regular flight schedule after the first destination reschedule. The small initial tests of the model used the batch of flights within a period of different hub turns within a disruption during a single day. The model proved the validity of the small test using data relevant to a disruptive event on nine separate weather days at three different airlines and three different airports. The final test was verified on the entire disruptive day at SWA on 25 April 2022 in Houston.
		Table 2 depicts the original schedule destinations of the first model and the final destinations reducing the number of delayed flights. The table also shows the original schedule and the rescheduled destinations in nine separate colors to show where the aircraft were originally scheduled and where they were rescheduled. The flights then return to the hub of DFW, which allows the aircraft to proceed to the original destinations with the scheduled maintenance. 
[bookmark: _Ref116910798][bookmark: _Toc116809047][bookmark: _Toc116809096][bookmark: _Ref116910791][bookmark: _Toc119238589][bookmark: _Toc115756757]Table 2  Example of Original Scheduled Destinations and Rescheduled Destinations
[image: ]
		Let  be the set of aircraft in the American Airlines fleet, and for every aircraft a in the model    and α equal to the limited aircraft available scheduled to be arriving and departing the Hub during the disruption. The number of aircraft available at an airline hub is a small subset of the total fleet size of the four major airlines in the United States Figure 18. 
2020 Airline Fleet Size of Top 4 U.S. Airlines[image: Graphical user interface, application
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[bookmark: _Ref116911021][bookmark: _Ref116910501][bookmark: _Toc121926603]Figure 18  Airline Fleet Size
		Let  be the set of destinations in the American Airlines schedule that connect through the DFW hub Figure 17 with being the destinations available to the OCC to reassign the α during that specific disruption. Not all destinations d out of DFW are flown with every bank of departures. With  we can create a small model for seven aircraft and seven destinations. If an aircraft is assigned a destination, the aircraft a to a destination d, and 0 if there are fewer aircraft than destinations. 

Aircraft constraints are set to ≤ because an aircraft may or may not be assigned to a destination due to a lack of aircraft resources.
Destination constraints are set to 1 to ensure only one aircraft is assigned to each destination during the disruption event. The summations of aircraft and destinations are such that only one aircraft will proceed to one destination. The only time a destination is not served is when there are not enough aircraft to support the number of destinations. In the first set of constraints below, we guarantee each airplane is assigned a destination, while in the second set below under the first set, guarantees are introduced to limit the destinations an airplane is assigned to also to one. This assignment problem is an easy problem to solve, and efficient algorithms are available to find the optimal solution. 


[bookmark: _Toc115756685][bookmark: _Toc120621622]3.5 Objective Function
The objective function is to minimize the delays of aircraft reassignment, minimizing delays to less than or equal to 15 mins to increase the on-time departures. The M coefficients are broken down into distance bands that increase the probability that the same aircraft type and destination distance legs are made in the one-for-one replacement sequence.

Both the aircraft and the destinations are non-negative (a  0 and d  0).
The goal of the optimization model is to reduce the late departures in a hub and spoke bank. By giving the highest value to a reallocated aircraft leaving within or closest to 15 minutes of a scheduled departure, the reallocation model can find the best match/highest value of aircraft and city pairing among the number of combinations of aircraft and destination possibilities. The coefficients help to separate and create the solution set, and then additional criteria are used to optimize within the solution sets (same aircraft type, original destination).  As the daily schedule progresses, the coefficients of the later flights will be lower matches with earlier flights because they will not fit the criteria of reallocation withing a 15-minute departure window. A morning departure of 0730 that has a late aircraft inbound will not have any aircraft coefficient set equal to 75 departing in a timeframe earlier than 0715 and later than 0745. This creates/drives a feasible solution of the available aircraft to only those flights within the same arrival/departure bank. Later flights will not score high in the feasible solution set for an earlier flight bank that needs reallocation. 
The coefficients are set to higher margins if the aircraft (a) can meet a departure time to the destination (d) is ≤ 15 min.  A coefficient of 75 ensures a solution set of the reassigned aircraft will be one of the highest priorities as a replacement for a late flight. The highest priority in the search for reallocation is to ensure the reallocated aircraft is as close to the departure time as the original flight and therefore on the tarmac with the same band of flights arriving and departing a hub.  Coefficients of 75/50/25 were used in the optimization program to ensure only aircraft in the same time band/batch of arrivals and departures are used for reallocation.  If an aircraft cannot meet the departure plus 15 criteria but can meet a departure of less than 30 minutes, it receives a coefficient of 50. This reduced coefficient reduces the value of the destination and aircraft combinations since a ground quick turn using additional assets must be directed by the OCC, or it will be a delayed flight.  If the aircraft departure time is > 30, the coefficient is 25 and separates the possible combinations to the lowest reallocation pairing available. The coefficients ensure the nearest departure/arrival aircraft is used in the reallocation model if replacing a late arrival into the hub.   An additional separation within the three coefficients provides priority for the reallocation of the same type of aircraft and the original destination scheduled for that aircraft. 		

Table 3  M Coefficients for a Seven-by-Seven Model shows that aircraft 818 going to AUS coefficient is 25 because it would be a departure delay of > 30 mins if that aircraft flew that flight segment with the excel historical data. 
[bookmark: _Toc115756758][bookmark: _Toc116809048][bookmark: _Toc116809097][bookmark: _Ref116911117][bookmark: _Toc119238590][bookmark: _Toc116149817]Table 3  M Coefficients for a Seven-by-Seven Model 
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		There are three ways to increase the M coefficient in the model. Adjusting the coefficients in the optimization program gives more value to an aircraft that arrives and leaves within the same time bank for aircraft swapping.  A greater M value is also created if the aircraft continues to its original scheduled destination versus rerouting to a new destination. Using the same aircraft type also increases the M value to maximize the final optimization product. Late arrivals have a strong correlation with late departures in current scheduling programs. The ability to take late arrivals and reallocate the aircraft and crews to an on-time departure is one tool available to the OCC with this paper’s reallocation model.
[bookmark: _Toc115756686][bookmark: _Toc120621623]3.6 Hypothesis Testing
[bookmark: _Toc115756687][bookmark: _Toc120621624]3.6.1 Testing Hypothesis 1
		Data search analysis of the historical weather from NOAA compared to the FAA data on aircraft operations can produce days of disruptive weather data that create delays in airline operational hubs. Historical weather data on airline hubs produce probable days of disruptive events based on IFR landing minimums and decreased arrival departure rates. The dates compare directly with the FAA historical data that indicate late arrivals, late departures, and cancellations for a reallocation study. The weather disruptions have a 100% correlation to a disruptive airline schedule.	
		Weather at a hub and spoke operation accounts for approximately 75% of airline disruptions (Ball et al., 2007). With weather disruptions come delays in arrival and departure corridors due to inclement weather, increased spacing between arrival aircraft, reduced number of runways available due to crosswind limitations, and gate availability limitations due to late departures. 
[bookmark: _Toc115756719]		The air space, airports, and air traffic management by air traffic controllers provide the tools to fly safely with the most expeditious routing based on traffic and en-route weather (Page, 2022). The optimum route for a commercial flight is based on the shortest distance, minimum flight time due to winds and weather, minimum fuel consumption, and the smoothest passenger ride. Flow constraints around airport nodes increase aircraft density in both the available altitude and latitude of space. Capacity flow constraints at major hub airports have little to no slack to make up for reduced weather operations or loss of air traffic control capabilities. The FAA has resorted to restricted flight operations and slot controls at many airport nodes to create slack. These constraints are maximized even in the best of weather conditions and everyday operations. The capacity of a runway system during a weather disruption also decreases the flow of arrivals and departures that lead to schedule disruptions, flight cancellations, and missed flight connections (Ball et al., 2007). The U.S. Northeast corridor is a perfect example of a system optimized for perfection and maximum aircraft flow volume that cannot manage a slight disruption at one major airport without affecting the entire national air traffic control system. A capacity coverage chart (CCC) depiction is created for each major airport in conjunction with the airlines and air traffic control to help develop a flow of aircraft into the airport node for planning purposes. Boston Logan International Airport CCC shows a maximum capacity of 115 aircraft per hour, and that occurs 77% of the time with visual flight rules (VFR) with 55-60 aircraft movements per hour 6% of the time during instrument flight rules (IFR) with additional spacing required for takeoff and approach procedures. One and a half percent shows zero activities when closed due to weather conditions. Figure 19 shows an example of Boston’s airport capacity chart.
BOS Airport Capacity Chart Example[image: Chart
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[bookmark: _Ref116911220][bookmark: _Toc121926604]Figure 19  Airport Capacity Chart Example Boston

[bookmark: _Toc115756688][bookmark: _Toc120621625]3.6.2 Testing Hypothesis 2 
Creating slack in an operational schedule provides an additional tool for the OCC to recover operational schedules. The reallocation model is one tool that assists in rebuilding a broken schedule in real-time. Additional slack with new technologies is created with new processes and procedures to increase available flight altitudes, approach and departure corridors, AI assistance at ATC facilities, and future aircraft operational flying capabilities  (Ortner et al., 2022)  Figure 20 is a depiction of building additional slack in the flight schedule that the airline has total control over now. The relationship between departures and arrivals and two flights (i and j), shown in Figure 20, was introduced to illustrate the use of slack time and flight delay breakdown (Lan et al., 2006).
Planned versus Actual Operation Depiction on a Late Arrival
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[bookmark: _Ref116989478][bookmark: _Toc121926605]Figure 20  Actual Versus Planned Operation (Lan et al., 2006)
[bookmark: _Toc115756689]Every flight can create additional or lose embedded slack built into the system. Compounding delays that create departures greater than 15 minutes are labeled as late departures by the FAA, and the aircraft reassignment process can start working on the predicted late departures before the aircraft arrives at the hub turn airport. 
[bookmark: _Toc120621626]3.6.3 Testing Hypothesis 3 
		Airlines believe that operational reliability is a competitive advantage (Sefanov, 2018). Passenger surveys show that delays in checking in, flight punctuality, and delays in waiting for baggage are the most important attributes of airline travel (Bellizzi et al., 2020). The goal is to create a flight schedule that is prepared to operate, having aircraft ready to start the first flight departures at the beginning of the day, turning aircraft on time, ensuring the aircraft overnight at planned airports, and focusing on peak periods of the flight schedule. Importantly, on-time arrivals increase the probability of on-time departures. The reallocation model will be evaluated by comparing the number of late flights prior to running the model to the number of flights that can be reallocated to an on-time departure.	 
		The first of the nine testing models was created using historical data on 09/01/2020 at DFW, one of the major hubs for American Airlines. The first models used a seven-by-seven matrix of destinations and aircraft available for reassignment. The NOAA data showed that winds exceeded the 25-knot threshold and precipitation ≥ 1 inch on that specific date. The combination of winds approaching aircraft crosswind landing maximum limitations with a reduced runway braking coefficient is a good indicator of reduced arrival and departure operations. Figure 12 shows winds several times during the day ≥ 25 knots. 
[bookmark: _Toc519271333][bookmark: _Toc519272802]		The optimization reallocation program uses all the delayed time available, and it reallocates within the group of aircraft in the rescheduled operation to provide more on-time departures. As a result, the aircraft reassignment problem is solved within the hub where the disruption occurs. When the aircraft return to the hub, they return to their scheduled operations and destinations, ensuring that the disruption will not propagate throughout the system. 


[bookmark: _Toc115756690][bookmark: _Toc120621627]Chapter 4: Results

[bookmark: _Toc519271334][bookmark: _Toc519272803][bookmark: _Toc115756691][bookmark: _Toc120621628]4.1 Introduction
	Chapter 4 provides the analysis results according to the methodology described in Chapter 3. To create our model database, we looked at days with excess winds and rain at the airline hubs. Data gathering began researching the historical NOAA weather database to locate weather disruptions at DFW, Atlanta, and Houston based on wind speed differentials and rain fall rates. Once the dates were captured, they were compared with the FAA Bureau of Transportation Statistics to determine if the captured dates coincided with a disruption in airline operations. The correlation between the weather dates and airline disruption dates were 100%. 
Winds greater than twenty-five knots with rain greater than 1 to 3 inches will create Instrument Flight Rules (IFR) for aircraft attempting to land and depart from airports. Table 4 depicts reduced braking action with water  1/8” of water and poor braking action with depth > 1/8”. Reduced braking action and winds require additional spacing requirements for aircraft arrivals and departures (Aeronautical Information Manual, 2017).
Additional aircraft spacing and sequencing that occurs under IFR arrivals and approaches, create additional procedures, requirements, and labor by ATC to keep aircraft safely separated. Reduced arrivals and departures are associated with IFR type of weather and are normally associated with convective weather and thunderstorms (Yang et al., 2021).

[bookmark: _Ref116914102][bookmark: _Ref116909193]
[bookmark: _Toc119238591]Table 4  Landing Condition Assessment (FAA.gov)
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Airlines create schedules based on Visual Flight Rules (VFR) that allow ATC to sequence aircraft closer together on arrivals, increasing the capacity and throughput of aircraft into an airport. 
[bookmark: _Toc115756692][bookmark: _Toc120621629]4.2 Models and Results
	Initial Model Testing
A reassignment optimization model was evaluated nine separate times to validate the model under several types of hub and spokes at separate locations and operations. The initial seven-by-seven models were evaluated using different arrival departure banks to assess improvements in on-time departures. The disruptions at the airports were snapshots of the disrupted days, and improvements varied based on how badly the schedule was affected by weather and how many late departures were greater than 60 minutes. Table 5 shows the initial test results from the reallocation model from nine separate dates. The snapshot model of different disruptions improved nine delayed flights into on time departures. The model improved the total late departures from 28/49 to 19/49 scheduled flights. An improvement from 57% to 38% in a decrease in late departures.
Initial Model Results
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[bookmark: _Ref116914291][bookmark: _Toc119238592]Table 5  Nine Test Results for Aircraft Reallocation Model
September 1, 2019[image: Table
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[bookmark: _Ref116917895][bookmark: _Toc119238593]Table 6  Model Test Results for 9/1/19
	Table 6 depicts one of the early tests run on a small disruption at DFW. Out of the original bank of aircraft, three were late departures and the other four flights departed early from their gates. After running the model six out of the seven departures were on time and aircraft 960 on line 7 was only three minutes late. 
	
	A Complete Day
		The final model was run on an entire scheduled day at Southwest Airlines. Even with late departures greater than 60 minutes, schedules can be reallocated and improved to increase on-time departures. The assignment problem focused on a day with a disrupted schedule at Houston Hobby airport with a Southwest airline operation. A search in weather underground with the requirements of winds exceeding 25 knots and rain greater than one inch on 25 April 2022 shows the timing of the disruptive event in Figure 21.  The weather begins to affect the days operation at noon and gets progressively worse as both wind speeds and precipitation increase.  These changes create delays in both arrivals and departures.
[bookmark: _Ref113537946][bookmark: _Toc115756722]		The working day was scheduled for 130 departures. The airline canceled 23 flights and had 51 late departures. No flight after 8:10 PM left on time. The coefficient matrix and Excel spreadsheets in the appendix show the different batch files/banks used to break the 130 scheduled departures into aircraft arrivals and departures for reassignment. The batch files ensure that a morning flight is not used for an afternoon departure and vice versa. 
Full Day Model Weather Depiction[image: Graphical user interface, chart
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[bookmark: _Ref116918437][bookmark: _Toc121926606]Figure 21  Houston Weather 25 April 2022, (Department of Transportation, 2022c).
[bookmark: _Toc116149401][bookmark: _Ref113537881][bookmark: _Toc115756723]	The weather radar display in Figure 22, (Department of Transportation, 2022c), for the same date depicts the numerous showers passing through the area, causing the disruption  https://www.wunderground.com/history/daily/us/tx/houston /KHOU/date /2022-4-25), (Department of Transportation, 2022c).
Radar Display Houston Disruption Model[image: Map
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[bookmark: _Ref116918463][bookmark: _Toc121926607]Figure 22  Houston Radar 25 April 2022, (Department of Transportation, 2022c).
	Figure 22 and Figure 21 depict the disruption of high winds and 1.75 inches of rain at Hobby Int Airport between 3 and 9 PM. 100% of the late-arriving aircraft departed late during the disruption. Running the model for the data on 25 April reduced the number of delayed flights. Fifteen late departures were converted into on-time departures. In addition, 52.5% (52/99) of original late departures decreased to 37.3% (37/99) of the flights for the day delayed or a 28.8% decrease in late departures for the entire day. 	Figure 23 is the last bank of flights consisting of nine flights departing for the day. The last bank of flights flown on this date has all nine departures departing from 22-149 minutes late. The reallocation model depicted in Figure 23 shows that even with flight delays of several hours within the last bank of flights, on time performance can be created with aircraft flying to a different destination than originally scheduled.   
	The model did not consider the thirty-one flights that OCC canceled. The decision to cancel the flights is not factored into the optimization program. The cancellations and the reasons for cancellation are not provided to the FAA for inclusion to the on-time arrival and departure records. The FAA does keep records of flights that are cancelled in a separate database.
Reallocation Model Results Final Bank of Departures
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[bookmark: _Ref116918557][bookmark: _Ref116812238][bookmark: _Toc121926608][bookmark: _Toc116149404]Figure 23  Houston Hobby 25 April 2022 Reallocation 
(Flight to LAS went from 49 minutes delayed to 14 late and flight to LAX went from 46 minutes delayed to 6 late)	
Figure 23  Depicts the aircraft number in the first column followed by the original destinations in column two. The third column depicts the final destinations but also shows if the flight departure is late (red) or on time (green). All original departures are red and depart late. The first flight depicts an original aircraft scheduled to fly to Corpus Christi (CRP) continues to Corpus Christi and was the only aircraft not reallocated in the final nine flights of the day. The other eight departures are all reallocated to allow the flight to Saint Louis (STL) to fly to Las Vegas (LAS) and Harlingen (HRL) to fly to Los Angeles (LAX) both on time shown in green in the third column. 
The ninety-nine flights flown were broken into time frame batch files based on the scheduled departure times to ensure that the aircraft loaded into the optimization program were available at the airport for reassignments. Results for the entire day model are depicted in Appendix A. 
Hypothesis 1 was validated using search engines available on both the FAA and NOAA websites.  Search for specific airline hubs (Atlanta/Dallas Fort Worth/Houston Hobby) for days with winds greater than 25 knots and rain greater than 1 inch show 95% correlation between disruptive weather and disruptive schedules at hub and spoke airports.  
Hypothesis 2 was validated by creating slack in operational scheduling to reduce the impact of ongoing IROPs.  Flight deck crews and cabin crews staying together as crews versus changing crews and aircraft during a disruption is now used as a tool for the OCC at American Airlines to create slack in the scheduling system.  On-time aircraft departures reduce IROPs by not adding to a disruptive event and reducing the amount of turbulence in today’s optimized scheduling programs.  
Hypothesis 3 was validated with the optimization reallocation model on both snapshots of a disruption and a full day schedule during a disruptive event.  Installing Gurobi 10.0 and running an optimization reallocation in Python decreased late departures by 10% (Gurobi Optimization, LLC, 2022).


[bookmark: _Toc519271336][bookmark: _Toc519272805][bookmark: _Toc115756693][bookmark: _Toc120621630]Chapter 5: Discussion and Conclusions

[bookmark: _Toc519271337][bookmark: _Toc519272806][bookmark: _Toc115756694][bookmark: _Toc120621631]5.1 Discussion
IROPs within the airline schedule occur daily. Minor disruptions can be managed by the OCC with the amount of slack available and built into the system. Propagation of minor disturbances within a hub can be addressed with little to no disruption throughout an airline’s national flight schedule. A minor disruption includes both predicted and unforeseen causes of delays. Figure 24 shows fifteen of the most common reasons for flight delays (Busson, 2020).
Top 15 Cause of Flight Delays
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[bookmark: _Ref117140999][bookmark: _Toc121926609]Figure 24  Common Flight Delays
How the OCC manages the minor delays can either solve the minor disruption or exacerbate the problem by propagating the problem downline in the chain of events. Delaying a flight into the band of aircraft arriving or increasing the ground congestion for taxi and takeoff can cause a slight gate delay into a long launch and departure delay. The late departure then joins the air traffic that cannot accommodate another aircraft into crowded restricted airspace that, if given priority to the late release, now delays another flight in the national airspace. 
		Many airline disruptions go beyond the one hub reassignment problem. Maximizing profit for the airline is to keep the aircraft flying because the most expensive asset, the aircraft, makes no profit sitting on the ground. With little slack in the current system, disruption cannot be absorbed into the planned schedule. Delays will propagate quickly throughout the airline’s entire network. As a result, “airline strategic planners are shifting from maximizing profits to maximizing expected profits that add slack to account for additional costs of uncontrollable and unforeseen events” (Ageeva, 2020). Ageeva proposed a model that maximizes the number of times different aircraft routes intersect at airports other than at the hubs to allow aircraft to return to their original routes at some future point down line away from an airline hub. Ageeva’s paper took this papers basic aircraft reallocation model to allow adjustments to a schedule outside the hub and spoke operation by looking further into the planned future crossing of each aircraft schedule. 
		Researchers have also studied reducing delay propagation in airlines.” Delay propagation during an IROP event can be significant because resources are often highly ‘synchronized’ in an airline network” (Beatty et al., 1999). The goal of reducing the propagation of delays is to use historical data to calculate expected delays with historical flight arrival/departure times. 
		Resilient schedules with available slack versus maximum profitability is the wave of the future (Wu, 2016). Southwest Airlines is currently the only major airline that has diversified its hub and spoke system to a system of several mini-hubs that allow internal aircraft swaps within the mini-hubs, creating more operational slack. The cost is longer connection times between city pairings for traveling passengers due to fewer connecting flights through the mini hubs (Joshi, 2021). Southwest only flies one type of aircraft that allows more significant aircraft optimization and reassignment than the other three major airlines in the United States. Airline operations today are more willing to trade off large hubs and aircraft utilization with reliable and robust smaller hubs with more point-to-point schedule operations (Wu, 2016).
		A disruptive event is typically a local event that can be cleared using local resources such as spare aircraft, crew, and maintenance within the event’s time frame. In real-world IROPs, the delay is usually felt throughout the chain throughout the 
airline/national system. Flexibility and slack can decrease how far the disruption is allowed to perpetuate throughout the system. The model of aircraft swapping at a hub is one of the available techniques to the OCC. (Su et al., 2021).
A significant disruption will cause propagation throughout the network of flights for the airline and all other aircraft sharing the finite airspace in the nation. Weather is still the most significant determinant of IROPs today. Forecasting the incoming inclement weather’s date, time, and severity is still an inexact science. A thunderstorm that directly hits a hub during arrival and departure schedule will propagate throughout the system for the airline and, in turn, for the national airspace. On incoming flights, OCC must determine when to hold, cancel, and send aircraft to an alternate airport. 	
[bookmark: _Hlk117953196]Furthermore, arrival and departure corridor congestion may hold aircraft on the ground even though the weather event is not at the departure airport. The OCC must decide based on the best information available what actions should be taken. Canceling or delaying too many flights and then the weather misses the airport, or the severity is not as predicted can result in lost revenue and rebuilding a schedule that was rearranged due to poor weather information. If an airport has excess capacity, many delayed flights can be rescheduled to periods where the weather is not a factor without overloading the ATC system
	Not canceling early based on the weather prediction will result in aircraft diverting to incorrect airports, increased number of cancellations, and propagation of the disruption will be extended for the specific airline and to the detriment of the entire national airspace. Figure 25 highlights the causes of air traffic delays, and Figure 26 shows the type of weather that contributes to delays.
[bookmark: _Toc115756726]Major Causes of Air Traffic Delays
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[bookmark: _Ref117954204][bookmark: _Ref117080736][bookmark: _Ref117954197][bookmark: _Toc121926610]Figure 25  Traffic Delays-FAA.gov (Federal Aviation Administration, 2022d, July).
[bookmark: _Toc116149411][bookmark: _Toc115756727]





Types of Weather Cause of Delays
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[bookmark: _Ref117954317][bookmark: _Ref120611048][bookmark: _Toc121926611]Figure 26  Types of causes of Delays, (Federal Aviation Administration, 2022d, July).
	The nine runs of the optimization reallocation results shown in Table 5 show that using batch/bank groupings within a hub turn reassignment of aircraft can reduce the number of FAA-delayed aircraft departures. Additional runs on eight additional disruptive days also show improvement in on-time departures. The final run in the appendix is based on the disruptive day of April 25, 2022, at Houston, which also shows improvement in the reassignment program. The model assumes the use of aircraft that can be interchanged and flown to separate locations and return to scheduled operations when the plane returns to the same hub. 	
[bookmark: _Toc115756695][bookmark: _Toc120621632]5.2 Informed On-Time Decision Making
The optimization program can be determined early in the OCC process by using real-time in-flight arrival tracking software currently used by all OCCs. The airline can track the entire inbound bank and start tracking which flights are early or late and can be reassigned before the aircraft even arrives. Adjusting arrival gates helps the transition to different destinations for both the aircrew and the passengers. Gate agents receive alerts on misconnecting and reassignment of passengers. In addition, most passengers have real-time smart phone capability with free inflight Wi-Fi that can instantly be redirected to a schedule change. After rechecking crew legalities and updating the customer service system to inform crew and passengers of gate and departure time changes, the OCC initiates the aircraft reassignment before the aircraft lands for the next flight. Future scheduled aircraft maintenance is protected, with the aircraft being reassigned to the planned location upon arrival back at the original hub when possible. 
	American Airlines is currently evaluating a heuristic program called HEAT that takes all the controllable elements of disruption and provides the OCC with real-time solutions for aircraft delays, cancellations, and reassignments. These decisions then drive the change in flight crew and passenger services. The program also looks downline; tracking the aircraft in future routings and the perturbations that occur throughout the flight schedule for the remainder of the day. However, with the lack of available pilots to fly the rearranged schedule in 2022, the positive outcomes have not been realized. (Figure 31)	
	Southwest Airlines uses the SWIFT system to capture the aircrew and aircraft assignments and has hired more personnel in 2022, starting with instructors and personnel to provide more pilots for the flight system. One-third of the pilots in the seniority system in 2023 will be new hires with less than two years at the airline. They will create a slack into the system allowing growth, additional flight destinations, and acceptance of new aircraft going from 650 flights per day to over 1000 in 18 months.
IROPs can be reduced in an airline operation with current and upcoming changes to the NAS. Past disruptions can be reviewed, analyzed, and can prepare the OCC director on best practices and available decisions using and comparing past weather events at major airports with daily airline operations. The OCC can use past data and historical decision-making to make online optimization decisions on the reassignment of aircraft as a disruption is unfolding at a major airline hub. Optimization models can reassign aircraft in real time as late arrivals and congestion at hubs occur to reduce the flights departing greater than 15 minutes after scheduled departure.
A robust interaction of decision-makers on aircrew, cabin crew, aircraft, and passenger service representatives can provide the OCC director the tools needed to create either a slightly modified schedule change or a large set of changes occurring in an arrival and departure bank. “The lack of an adequate capacity of airports and airspace, coordination between competing airlines of flight schedules at congested airports, an outdated ATC system, and optimized flight schedules have left little slack to reduce delay propagation of an irregular operational event” (Belobaba et al., 2015). Current and future changes will help create slack in the system, but the real bottleneck will always be the significant airport nodes and the airspace surrounding them. 
	The FAA is in the process of creating the next-generation air transportation system (NextGen) to create additional slack in the airspace (Federal Aviation Administration, 2022c, July). One of the initiatives was to reduce altitude separation minimums. (RVSM) reduced the aircraft flight altitudes in the blocks from 29000 feet to 50,000 feet. The change reduced vertical separation from 2000 feet to 1000 feet between aircraft in 1990 (Federal Aviation Administration, 2020a). RVSM allows additional aircraft into the system safely and doubles the number of aircraft in the same previous airspace. Innovative technology, now required by all aircraft, allows planes to fly more direct routes, decreasing fuel burn, and decreasing congestion. New radar with precise position reporting using ADS-B on all aircraft showing exact position, speed, and surveillance data every second, texting between controllers and pilots, and a new decision support system that enables an initiative-taking, strategic national flow of air traffic. All the improvements are based on safety enhancement, and the byproduct of the changes that has allowed increased flow and capacity of aircraft throughout the national airspace. 
	Continuous increases in air traffic worldwide require efforts to optimize airspace and increase capacity. Area navigation (RNAV) and required navigation performance (RNP).  Figure 27 is one method of creating increased capacity. Next-generation aircraft approaches are the latest methods of navigation that permit aircraft operations on additional flight paths using ground or space-based navigation aids to guide the aircraft to a landing in IFR conditions. These approaches depicted according to the FAA “allow an aircraft under instrument flight rules to fly directly within a network of navigation points rather than navigate directly from a specific beacon to beacon” (Federal Aviation Administration, 2017b). This additional flight space created reduces flight distance, decreases congestion, allow flights into airports without beacons, opens new capabilities to service additional airports with lower weather operations, and create flight path approaches not previously available without this technology. Increased safety in mountainous terrain and less airspace to approach airports creates additional slack in controlled airspace in crowded airport sectors. Approaches have advanced from optical landmarks, astronomical navigation, and visual maneuvers used in the initial stages of commercial aviation. 
Next Gen Approach Optimization[image: Chart, radar chart
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[bookmark: _Ref117954510][bookmark: _Ref120611306][bookmark: _Toc121926612]  Figure 27 Next-Gen Approaches, (Federal Aviation Administration, 2020e, January)
	Artificial intelligence (AI) digital assistance will revolutionize air traffic control in 2022. ATC faces challenges in reducing costs, preventing delays by opening additional airspace capacity, and maintaining current safety. Further environmental concerns regarding the efficiency of routes that allow straighter paths increase the complexity of managing today’s crowded airspace. Digital assistance will completely rethink workload and capacity in ATC operations. Big data and cloud computing can process historical datasets to train AI algorithms to support ATC by identifying conflicts and non-conflicting traffic. The digital assistant can create an early warning sign and proposed separation instructions that ensure safety while maximizing capacity. A controller is assisted by a digital twin air traffic controller that can identify possible critical conflicts and efficient resolutions that support real-time decision-making. 
	Air transportation networks are extraordinarily complex due to the size, topologies, characteristics, and multiple variables involved in the web of daily operations. Airlines use graph representation in airports, flights connecting them, flights and connecting passengers, airline alliances, and even the gates available at airports. Graphs allow abstract data to be depicted using nodes and vertices. In addition, graph representation neatly visualizes data for the traveling passengers with data visualizations. The network below is a world network of airports and direct flights between them and is challenging to interpret. Graph neural networks (GNN) allow AI to perform relational reasoning and combinatorial generalization, increasing the efficiency of both the airline and passenger travel schedules and presenting options not readily apparent. Complex airline network solutions using GNN allow management to derive conclusions about the system's resilience and robustness and detect emerging behavior before the long-term strategic planning creates additional slack and options in the system (Kosasih et al., 2022).
[bookmark: _Hlk117953341]	The robustness of the transportation network analysis is also known as resilience engineering. The study will allow engineers to access complex networks and how they react and adapt to perturbations in their structure. For example, (Wuellner et al., 2010) concluded that point-to-point flying between airports was more resilient than the other major carriers’ typical hub and spoke operations to disruptions. 
[bookmark: _Toc115756731]An additional option for airlines to create slack in their internal system is to create an intermodal method of transportation within the airline schedule itself. For example, flights lasting less than one hour could be replaced by ground transportation options such as buses or rail. Intermodal transport can include substituting flights with the hub as part of the regional airline transportation system.  Dray focused on a disruption and concluded that inter-modal rerouting could be far superior to cumulative rerouting, taking several days to complete (Dray et al., 2017).  Figure 28 presents a comparison of multimodal accommodation and cumulative rerouting.
Multimodal Versus Cumulative Rerouting[image: Chart, line chart

Description automatically generated]
[bookmark: _Ref117954563][bookmark: _Ref120611343][bookmark: _Toc121926613]Figure 28  Multimodal Accommodation (Serrano & Kazda, 2017)
	Minimizing crew costs can lead to significant cost savings. The differences in pay, FAA flight restrictions, and collective bargaining agreements allow airlines to separate the flight deck from the cabin crews when optimized schedules are produced. However, these optimized schedules can create significant disruptions resulting from minor delays and missed connections in the hub and spoke system of flying. Pilots and flight attendants may change crews every flight connecting through a hub to optimize the cost per flight hour of the partitioned crew flying schedule. The cockpit crew flies the aircraft, and the cabin crew is responsible for passenger safety and service. One group member cannot be substituted for the other, and a complete complement of both cockpit and cabin crew are required to board, fly, and deplane an aircraft for passenger service. The cockpit crew is only qualified to fly one type or family of aircraft, while cabin crews for the airline are trained in all the aircraft flown by the company. Since the cockpit crew is paid more per hour than the cabin crew an optimized schedule between the two will create different optimum feasible solutions. These solutions create multiple crew swaps between flight deck and cabin crews occurring within a hub and spoke operation which can slow down the operation with delayed flights waiting for the correct crew complement.	
	American Airlines has started creating pairings that keep cockpit and cabin crews together for an entire trip length to ensure disrupted flight operations are not increased due to crew scheduling optimization algorithms. The opportunity for the OCC to direct all flight crews and cabin crews to fly as one entity during a disruptive event creates one less variable to reduce the time of an IROPs. 
U.S. Pilot Supply and Demand
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[bookmark: _Ref117954600][bookmark: _Ref120611377][bookmark: _Toc121926614][bookmark: _Toc115756732][bookmark: _Toc116149422]Figure 29  Pilot Shortages (Murray, 2021)
	Figure 29 shows a diagram of U.S. pilot supply and demand (Murray, 2021). “A shortage of pilots began when post COVID travel increased due to COVID-related early and mandatory retirements” (Murray, 2021). The shortage continues to grow through 2029 as more travelers return and airlines expand to capture the demand. The lack of qualified pilots will stress the ability of airlines to fly current schedules and react to IROPs in the future. As a result, airlines will have to reduce the flights available to increase passenger load factors and decrease options (slack) for future recoveries. 
A congressional bill introduced in congress will attempt to raise the airline pilot retirement age to sixty-seven from the current age of sixty-five (Thune & Colleagues Introduce Legislation to Address Pilot Shortage, 2022). The bill will temporarily reduce the upcoming pilot retirements but does not fix the problem of insufficient pilots to fill the open pilot seats required to be filled with increased flight demand.
	“NextGen Weather Processor (NWP) is the latest weather initiative by the FAA and NOAA to combine similar products from multiple data sources, algorithms of past and current data to create products for current weather, algorithms to generate a picture of future flight impacting weather conditions and convert current climate into weather avoidance products” (Federal Aviation Administration, 2022c). These weather products can create weather views for ATC that represent the same weather that the pilot sees while flying. This ensures that, for the first time, controllers’ scopes show storms actual locations and weather levels of intensity which is a vast improvement from the grayscale returns used by ATC just 10 years ago. This new capability with doppler radar data can detect microbursts, gust fronts, direction, wind speed, and runway-specific wind shear alerts. The radar also provides motion vectors, storm extrapolate positions, and growth and decay trends with echo tops, hail, and lightning detection to increase flight safety from the top of the airspace to the arrival and departure airport corridors. 
	More information and predictive analysis will produce slack and options for an overburdened system hit by a disruptive weather event. There are many initiatives to create space in the airline schedule. Optimizers try to make the highest revenue, and operation planners try to create slack into a system that can be used when the system incurs a disruption. The goal is to improve operational performance by redistributing planned slack without increasing costs. Models for reallocating planned slack were written by (Chiraphadhanakul & Barnhart, 2013), but the paper only deals with aircraft relocation within the OCC’s ability. Creating an intermediate measure to decrease the propagation partially is the first step. However, slack can be made in several other areas throughout the aviation system. Opening the aperture of feasible solutions includes increasing pilot availability, adding to current airport infrastructure, creating more airports, increasing predictive analysis and weather products for ground and airspace control, and increasing the use of available airspace and altitudes with many more NexGen initiatives. Pilot availability and airport congestion are long-lead items in the ongoing disruption of IROPs. All the major airports in the U.S. were built before 9/11. Significant renovations are occurring, but creating a new airport has land access, environmental regulations, and adherence to noise reduction and impact studies slowing the process of new airports.
Training new pilots for part 121 operations at major airlines requires long lead times. The minimum time to train a new pilot from zero flying experience to a commercial airline pilot is 18 – 24 months. The new pilot must have 1,500 hours of flying time to qualify for the commercial airline transport license (Federal Aviation Administration, 2017b). It will take many additional flying hours to become competitive to earn a seat in today’s U.S. commercial airliner. The lack of civilian pilots also means that flight schools and instructors must be available. The shortage of qualified pilots in the U.S. and overseas will affect aviation capacity for many years. Boeing and Airbus have started building cockpits for single pilots with robotic backups sitting in the flight deck versus two humans (Lowy, 2016). Additional controls like today’s uncrewed aerial vehicles (UAV) can become another backup to single-pilot commercial flying in cargo freight operations with additional slack created in the airline pilot pipeline. Reducing the single pilot workload with system automation, ground assistance, and robotics can create the security needed to transition from two to one pilot operations. The programs are known as Aircrew Labor in Cockpit Automation System (ALIAS), reducing the number of pilots, and picking up mundane flying tasks (Lowy, 2016). 
[bookmark: _Toc519271335][bookmark: _Toc519272804]The flying public must be educated about single-pilot operations and earn their trust by creating failsafe procedures. The latest poll from 2018 taken on behalf of the Air Line Pilots Association (ALPA) showed that only 15% of Americans would feel comfortable as an airline passenger on a commercial airliner without a pilot, versus 81% saying that they would be not very or not at all comfortable without a pilot (Ipsos, 2018). Abnormal flight situations sometimes need judgment and experience to make decisions; currently, a robot is not trained with that capability. 
[bookmark: _Toc115756696][bookmark: _Toc120621633]5.3 Future Challenges in Commercial Aviation	
	Global aviation is expected to double in the next 20 years, driven by demand for air travel in emerging economies with an expanding middle class. Most major air carriers are global entities reaching millions of the world’s populations by flying more international routes or connecting with other airlines through alliances such as One-world and the Star Alliance. Travel is integrated beyond international borders with interconnectivity that allows passengers to connect through central global hub and spoke operations, which means that disruptions from cities thousands of miles away can contribute to IROPs (Gershkoff, 2017).  Figure 30 shows the domino effect of disruption.
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[bookmark: _Ref117954669][bookmark: _Ref120611413][bookmark: _Ref113601844][bookmark: _Toc115756734][bookmark: _Toc116149426][bookmark: _Toc121926615]Figure 30  Knock-on Effects of Disruption
Figure 30 is an accurate picture of a world described by Thomas Friedman in “The World is Flat” (Friedman, 2022). With globalization comes geopolitical risks and volatility in the economic environment. An example of the recent suspension of Aeroflot from the Sky Team alliance is based on government actions in Ukraine. Economic slowdowns in critical markets, currency swings, and trade barriers can affect passenger and cargo traffic between major continents. COVID-19 has shown that the balance between supply and demand lead time for operations and inventory level for the number of flights required is a constant struggle. Aircraft were retired early or put in short/long-term storage. Early retirements for pilots took the most experienced pilots off the payrolls. Pheasey stated that significant product shortages would occur in a practical introduction to the supply chain if demand increased too rapidly for suppliers’ decreased capacity (Pheasey, 2017)
[bookmark: _Toc519271340][bookmark: _Toc519272809][bookmark: _Toc115756697][bookmark: _Toc120621634]5.4 Recommendations for Future Research
	Creating a one size fits all solution to commercial aviation IROPs is a significant problem with many changing variables and decisions required in real-time that may propagate throughout future airline operations or a national airspace issue. The impact is like a rock dropped into calm waters as the ripples flow away from the point of entry. The stone’s size determines the system’s disruption and the system’s capabilities to regain its balance. 
	Any future planning of the aviation IROPs recovery program must begin with the system’s safety to provide dependable, efficient, and adaptable solutions for travel today and in the future. The current air transport system is one of the most complex systems in the world. The system has a public, government, and private aviation system that needs to be addressed and allow all to participate versus creating competing systems. Military aviation, air carriers, private general aviation, corporate flying, and aviation enthusiasts need to be captured in the review, even though they all have specific regulations and rules that define the type of aviation category. Certifications, regulations, and procedures must ensure that new rules and regulations do not enhance one type of aviation to the detriment of another. Additionally, aircraft and avionic certifications must be reviewed to ensure airspace is available to all who want to use the national airspace. Today’s air traffic control must be made more efficient with new services and capabilities to continue expanding the suitability and availability of airspace use. NexGen programs designed today need to be developed with future capabilities using AI and ATC upgrades, such as controller pilot data link communications (CPDLC), to reduce radio communications. These aircraft and system upgrades have technology upgrades that are adopted based on new efficiencies with economic benefits to the airlines and need to be adopted by all users of the NAS.
The lack of a comprehensive review of current capabilities has led to a non-uniform set of procedures and levels of risk. Models of possible innovative technology efforts and procedural changes must be assessed to understand the current airspace management system and what the actual next-generation system can and should exist on. In addition to new systems, a review of human-in-the-loop simulations must also be addressed. How the aviation community and the flying public understand and accept upcoming changes relevant to the system capacity, environmental compatibility, cost, and overall safety must be included. 
Airlines that can successfully manage time during their normal and disruptive operations can make earlier and more accurate decisions, increasing the opportunity to preserve and return time to daily operations. In addition, the quality of the data, the fusing of the data from multiple sources, and improved analytics enable a more accurate picture of the process and components affecting the operation. This precise picture allows an OCC to maintain flight prioritization, enhance flow capacity, and provide a more predictable path to create a better-performing operation. 
Creating slack in the current aviation system needs an integrated approach to include increased coordination between governmental agencies and users of the federal aviation system. Collaboration with all the users of the NAS can ensure communication and awareness. Siloed operations cannot remain one of the variables for the next generation of systems involved in the national airspace. Creating slack cannot create a vacuum filled with additional scheduled flights. Without slack in todays and tomorrow’s system, disruption will continue, and flying in any capacity will continue to be challenging for both users and controllers. 
Trajectory-based operations is the ultimate concept of the future control of the NAS (Federal Aviation Administration, 2020a). It will first compare and assess the capacity and demand on the system and attempt to minimize the effects of IROPs. Greater resilience placed into the airspace control space creates a system that will improve flight flexibility and throughput. Performance-based navigation and time-based flight management with data communications will ensure that all current, available airspace is used and creates available routes and approaches not capable in today’s flying airspace. Airline management must view disruption management differently than in the past. Collaboration with ATC and competitors will create a better solution for the NAS. Technology investments can continue to decrease disruptions that will occur and benefit the traveling public and decrease the cost of disruptive service in today’s current flying market.
Civil aviation connects the entire world. Aviation connects the nation to the global economy with economic benefits through innovation, or as Thomas Friedman stated, it enables the globalization of the local (Friedman, 2022). Without continued innovation and technological progress, the system will struggle with irregular operations. Creating a robust and resilient design with innovative ideas, technological advances, and with the help of AI, disruptions can be mitigated. IROPs will never be eradicated; however, they can be reduced in intensity and scope to ensure the aviation system’s IROP sine wave is flatter and less disruptive to daily operations. Planning for both the opportunities and the challenges of the future system will require actions by all the stakeholders in the global aviation system to access, prepare, and address the changes needed now that will affect the future of IROPs. Fundamentally, this will create a foundation that is flexible and inclusive of all users in the next generation version in the NAS.	
Across the world, flight cancellations are at the highest levels due to lack of trained labor, poor weather, outdated air traffic control systems, and continued travel restrictions. The international and national aviation systems are broken. IROPs are not irregular any longer. A joint effort by all the managers and users of the aviation system must do better or Irregular Operations will surely get worse (Fifteen Below, 2022).
Ongoing Flight Disruptions
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The problem was solved on a laptop using Gurobi version 9.5.1 and took 12 iterations and .02 seconds to solve.
 Aircraft Assignment Allocation
!pip install gurobipy *
from gurobipy import*
A = ['818', '768', '953', '177', '972', '986', '960']
D = ['AUS', 'IAH', 'TUL', 'MCI', 'CLT', 'BNA', 'TPA']
combinations, ms = multidict ({
    ('818', 'AUS'): 26,
    ('818', 'IAH'): 76,
    ('818', 'TUL'): 76,
    ('818', 'MCI'): 26,
    ('818', 'CLT'): 25,
    ('818', 'BNA'): 75,
    ('818', 'TPA'): 25,
    ('768', 'AUS'): 76,
    ('768', 'IAH'): 76,
    ('768', 'TUL'): 76,
    ('768', 'MCI'): 76,
    ('768', 'CLT'): 25,
    ('768', 'BNA'): 75,
    ('768', 'TPA'): 50,
    ('953', 'AUS'): 76,
    ('953', 'IAH'): 76,
    ('953', 'TUL'): 76,
    ('953', 'MCI'): 76,
    ('953', 'CLT'): 25,
    ('953', 'BNA'): 75,
    ('953', 'TPA'): 50,
    ('177', 'AUS'): 26,
    ('177', 'IAH'): 76,
    ('177', 'TUL'): 76,
    ('177', 'MCI'): 26,
    ('177', 'CLT'): 25,
    ('177', 'BNA'): 75,
    ('177', 'TPA'): 25,
    ('972', 'AUS'): 75,
    ('972', 'IAH'): 50,
    ('972', 'TUL'): 50,
    ('972', 'MCI'): 75,
    ('972', 'CLT'): 26,
    ('972', 'BNA'): 50,
    ('972', 'TPA'): 76,
    ('986', 'AUS'): 50,
    ('986', 'IAH'): 75,
    ('986', 'TUL'): 75,
    ('986', 'MCI'): 50,
    ('986', 'CLT'): 25,
    ('986', 'BNA'): 76,
    ('986', 'TPA'): 50,
    ('960', 'AUS'): 50,
    ('960', 'IAH'): 25,
    ('960', 'TUL'): 25,
    ('960', 'MCI'): 50,
    ('960', 'CLT'): 51,
    ('960', 'BNA'): 25,
    ('960', 'TPA'): 76})
m = Model("RAP")
m.write('RAP.lp')
print(m)
x = m.addVars(combinations, name="assign")
destination = m.addConstrs((x.sum('*',d) == 1 for d in D), 'destination')
aircraft = m.addConstrs((x.sum(a, '*') <= 1 for a in A), 'aircraft')
m.setObjective(x.prod(ms), GRB.MINIMIZE)
m.optimize()
for v in m.getVars():
  if (abs(v.x) > 1e-6):
    print(v.varName, v.x)
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Description automatically generated]
Only the CLT flight is departing >15 minutes from the gate.
Time differential Coefficients
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Description automatically generated with medium confidence]


Results of 25 April 2022 Southwest Airlines Houston Hobby Hub
Green = on time	Yellow = Cancelled		Red = Late
	Tail Number
	Type
	Destination Airport
	Scheduled departure time
	Actual departure time
	Departure delay
	 
	New Destination
	New Delay

	N763SW
	700
	MCO
	5:25
	5:22
	-3
	 
	MCO
	-3

	N294WN
	700
	MSY
	5:25
	6:01
	36
	 
	MSY
	36

	N8545V
	800
	BWI
	5:30
	5:32
	2
	 
	BWI
	2

	N8654B
	800
	STL
	5:30
	5:49
	19
	 
	LAS
	14

	N8306H
	800
	LAS
	5:35
	5:30
	-5
	 
	STL
	0

	N269WN
	700
	PHX
	6:00
	5:58
	-2
	 
	PHX
	-2

	N7882B
	700
	DAL
	6:00
	6:01
	1
	 
	DAL
	1

	N8320J
	800
	DEN
	6:00
	5:58
	-2
	 
	DEN
	-2

	N8668A
	800
	LGA
	6:15
	6:13
	-2
	 
	LGA
	-2

	N8305E
	800
	FLL
	6:25
	6:26
	1
	 
	FLL
	1

	N203WN
	700
	ATL
	6:30
	6:44
	14
	 
	ATL
	14

	N8641B
	800
	MDW
	6:35
	6:34
	-1
	 
	MDW
	-1

	N251WN
	700
	TPA
	6:50
	6:44
	-6
	 
	TPA
	-6

	N8584Z
	800
	LAX
	6:55
	7:00
	5
	 
	LAX
	5

	N8575Z
	800
	DAL
	7:00
	7:00
	0
	 
	DAL
	0

	N291WN
	700
	MAF
	7:00
	6:59
	-1
	 
	MAF
	-1

	N7751A
	700
	MCO
	7:00
	7:02
	2
	 
	MCO
	2

	N482WN
	700
	BNA
	7:25
	7:23
	-2
	 
	BNA
	-2

	N7825A
	700
	DCA
	7:55
	8:55
	60
	 
	DCA
	60

	N947WN
	700
	DAL
	8:00
	7:56
	-4
	 
	DAL1
	-4

	N8517F
	800
	MCO
	8:00
	7:58
	-2
	 
	MCO1
	-2

	N8548P
	800
	SAN
	8:00
	7:59
	-1
	 
	SAN
	-1

	N8579Z
	800
	DEN
	8:15
	8:19
	4
	 
	DEN
	4

	N8556Z
	800
	TUL
	8:30
	8:31
	1
	 
	TUL
	1

	N7846A
	700
	ELP
	8:30
	8:26
	-4
	 
	ELP
	-4

	N729SW
	700
	AUS
	8:30
	0:00
	0
	 
	 
	 

	N478WN
	700
	ABQ
	8:30
	8:27
	-3
	 
	ABQ
	-3

	N969WN
	700
	HRL
	8:35
	8:35
	0
	 
	HRL
	0

	N748SW
	700
	MIA
	8:35
	8:35
	0
	 
	MIA
	0

	N8699A
	800
	OMA
	8:35
	8:46
	11
	 
	OMA
	11

	N425LV
	700
	ECP
	8:35
	8:35
	0
	 
	ECP
	0

	N262WN
	700
	MSY
	8:35
	8:43
	8
	 
	MSY
	8

	N232WN
	700
	PHX
	8:40
	8:44
	4
	 
	PHX
	4

	N292WN
	700
	SNA
	8:40
	8:40
	0
	 
	SNA
	0

	N7822A
	700
	MCI
	8:40
	8:38
	-2
	 
	MCI
	-2

	N263WN
	700
	OKC
	8:40
	8:43
	3
	 
	OKC
	3

	N8609A
	800
	SAT
	8:40
	9:47
	67
	 
	ATL
	17

	N8630B
	800
	CRP
	8:45
	8:45
	0
	 
	CRP
	0

	N8677A
	800
	SMF
	8:45
	8:44
	-1
	 
	SMF
	-1

	N8804L
	MAX8
	LGB
	8:55
	9:01
	6
	 
	LGB
	6

	N8562Z
	800
	LAS
	9:20
	9:20
	0
	 
	LAS
	0

	N8582Z
	800
	TPA
	9:25
	9:28
	3
	 
	TPA
	3

	N442WN
	700
	ATL
	9:30
	10:00
	30
	 
	SAT
	80

	N8544Z
	800
	BNA
	9:50
	9:49
	-1
	 
	BNA
	-1

	N7882B
	700
	JAN
	9:55
	10:08
	13
	 
	JAN
	13

	N781WN
	700
	DAL
	10:30
	10:31
	1
	 
	DAL
	1

	N8570W
	800
	PHX
	10:50
	11:02
	12
	 
	PHX
	12

	N8547V
	800
	LGA
	11:00
	11:32
	32
	 
	CHS
	7

	N7704B
	700
	AUS
	11:05
	0:00
	0
	 
	 
	 

	N8697C
	800
	MDW
	11:10
	11:09
	-1
	 
	MDW
	-1

	N7728D
	700
	CHS
	11:25
	12:02
	37
	 
	TUS
	17

	N8555Z
	800
	TUS
	11:45
	13:34
	109
	 
	MCO
	49

	N7738A
	700
	DCA
	12:00
	12:00
	0
	 
	DCA
	0

	N7858A
	700
	MAF
	12:10
	12:19
	9
	 
	MAF
	9

	N8630B
	800
	DAL
	12:30
	12:32
	2
	 
	DAL1
	2

	N410WN
	700
	DEN
	12:40
	14:16
	96
	 
	DEN
	96

	N237WN
	700
	ELP
	12:40
	12:41
	1
	 
	ELP
	1

	N8634A
	800
	MCO
	12:45
	16:49
	244
	 
	LGA
	349

	N251WN
	700
	MSY
	12:55
	13:22
	27
	 
	SAT
	2

	N263WN
	700
	MIA
	13:00
	14:19
	79
	 
	MEM
	9

	N8533S
	800
	SAT
	13:20
	17:05
	225
	 
	MSY
	250

	N7733B
	700
	HRL
	13:20
	13:55
	35
	 
	HRL
	35

	N8555Z
	800
	AUS
	13:25
	0:00
	0
	 
	 
	 

	N717SA
	700
	CRP
	13:30
	14:03
	33
	 
	SLC
	13

	N8611F
	800
	LAX
	13:35
	13:47
	12
	 
	LAX
	12

	N8749Q
	MAX8
	SJC
	13:35
	13:45
	10
	 
	SJC
	10

	N8664J
	800
	SLC
	13:50
	13:51
	1
	 
	CRP
	21

	N8319F
	800
	BWI
	14:05
	14:06
	1
	 
	BWI
	1

	N444WN
	700
	MEM
	14:10
	15:11
	61
	 
	SAV
	16

	N8580Z
	800
	DEN
	14:45
	17:21
	156
	 
	MIA
	261

	N453WN
	700
	SAV
	14:55
	15:04
	9
	 
	DEN
	19

	N8752Q
	MAX8
	SRQ
	14:55
	15:08
	13
	 
	SRQ
	13

	N8579Z
	800
	DAL
	15:00
	0:00
	0
	 
	 
	 

	N466WN
	700
	PNS
	15:15
	0:00
	0
	 
	 
	 

	N8753Q
	MAX8
	LAS
	15:30
	0:00
	0
	 
	 
	 

	N560WN
	700
	JAX
	15:30
	15:44
	14
	 
	JAX
	14

	N8579Z
	800
	MSY
	15:45
	0:00
	0
	 
	 
	 

	N454WN
	700
	FLL
	16:00
	20:41
	281
	 
	FLL
	281

	N267WN
	700
	CMH
	16:05
	20:40
	275
	 
	CMH
	275

	N8634A
	800
	LGA
	16:05
	0:00
	0
	 
	 
	 

	N770SA
	700
	JAN
	16:15
	17:18
	63
	 
	TPA
	8

	N729SW
	700
	STL
	16:35
	17:18
	43
	 
	LGB
	-12

	N7704B
	700
	BHM
	16:35
	19:47
	192
	 
	BHM
	192

	N466WN
	700
	ECP
	16:35
	0:00
	0
	 
	 
	 

	N7733B
	700
	BNA
	16:50
	0:00
	0
	 
	 
	 

	N482WN
	700
	CRP
	16:50
	0:00
	0
	 
	 
	 

	N717SA
	700
	DAL
	17:00
	0:00
	0
	 
	 
	 

	N748SW
	700
	TPA
	17:10
	17:53
	43
	 
	MAF
	-2

	N496WN
	700
	OKC
	17:25
	0:00
	0
	 
	 
	 

	N7882B
	700
	LGB
	17:30
	18:06
	36
	 
	PHX
	-4

	N952WN
	700
	MAF
	17:55
	19:04
	69
	 
	AUS
	14

	N7842A
	700
	SAT
	18:05
	20:52
	167
	 
	SAT
	167

	N926WN
	700
	ATL
	18:10
	0:00
	0
	 
	 
	 

	N8579Z
	800
	OAK
	18:10
	20:40
	150
	 
	OAK
	150

	N7875A
	700
	PHX
	18:10
	18:25
	15
	 
	HRL
	10

	N783SW
	700
	HRL
	18:15
	20:38
	143
	 
	JAN
	263

	N8818Q
	MAX8
	MIA
	18:15
	0:00
	0
	 
	 
	 

	N400WN
	700
	DAL
	18:30
	21:58
	208
	 
	DAL
	208

	N7886A
	700
	AUS
	18:50
	23:48
	298
	 
	STL
	433

	N7816B
	700
	MCO
	18:50
	0:00
	0
	 
	 
	 

	N8641B
	800
	MDW
	18:55
	19:07
	12
	 
	MDW
	12

	N210WN
	700
	SAN
	19:00
	19:29
	29
	 
	SAN
	29

	N8637A
	800
	FLL
	19:35
	0:00
	0
	 
	 
	 

	N429WN
	700
	DCA
	20:10
	0:25
	255
	 
	DCA
	255

	N8513F
	800
	BWI
	20:10
	0:00
	0
	 
	 
	 

	N8515X
	800
	DEN
	20:10
	22:42
	152
	 
	DEN
	152

	N482WN
	700
	DAL
	20:30
	20:52
	22
	 
	TPA
	2

	N8630B
	800
	TPA
	20:50
	21:45
	55
	 
	SAT
	10

	N7868K
	700
	MCO
	21:20
	0:00
	0
	 
	 
	 

	N7720F
	700
	ATL
	21:30
	22:06
	36
	 
	OKC
	16

	N7743B
	700
	SAT
	21:35
	22:37
	62
	 
	TUL
	52

	N8801Q
	MAX8
	MCI
	21:35
	0:04
	149
	 
	MCI
	149

	N7743B
	700
	ABQ
	21:40
	0:00
	0
	 
	 
	 

	N783SW
	700
	AUS
	21:40
	23:58
	138
	 
	AUS
	138

	N8515X
	800
	PHX
	21:45
	0:00
	0
	 
	 
	 

	N781WN
	700
	MSY
	21:45
	22:44
	59
	 
	MSY
	59

	N8541W
	800
	TUL
	21:45
	22:50
	65
	 
	ATL
	80

	N8546V
	800
	BNA
	21:45
	0:00
	0
	 
	 
	 

	N7748A
	700
	OKC
	21:50
	22:54
	64
	 
	DAL
	144

	N967WN
	700
	IND
	21:50
	22:39
	49
	 
	IND
	49

	N208WN
	700
	CRP
	21:55
	22:49
	54
	 
	CRP
	54

	N8817L
	MAX8
	STL
	21:55
	22:44
	49
	 
	LAS
	14

	N251WN
	700
	JAN
	21:55
	0:00
	0
	 
	 
	 

	N421LV
	700
	ELP
	21:55
	22:36
	41
	 
	DEN
	21

	N8552Z
	800
	DAL
	22:00
	22:22
	22
	 
	HRL
	17

	N8546V
	800
	HRL
	22:05
	22:51
	46
	 
	LAX
	6

	N8670A
	800
	MDW
	22:05
	0:34
	149
	 
	MDW
	149

	N8649A
	800
	DEN
	22:15
	23:40
	85
	 
	ELP
	105

	N8697C
	800
	LAS
	22:30
	23:12
	42
	 
	STL
	77

	N8724J
	MAX8
	LAX
	22:45
	23:49
	64
	 
	DAL
	109
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