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Development of an Aircraft Landing Database and Models to Estimate Aircraft Runway 

Occupancy Times  

 

Navid Mirmohammadsadeghi 

ABSTRACT 

 

This dissertation represents the methodologies used to develop an aircraft landing database and 

predictive models for estimating arrival flight runway occupancy times. In the second chapter, all 

the algorithms developed for analyzing the airport surface radar data are explained, and detailed 

statistical information about various airports in the United States in terms of landing behavior is 

studied. In the third chapter a novel data-driven approach for modeling aircraft landing behavior 

is represented. The outputs of the developed approach are runway occupancy time distributions 

and runway exit utilizations. The represented hybrid approach in the third chapter is a combination 

of machine learning and Monte Carlo simulation methods. This novel approach was calibrated 

based on two years of airport radar data. The study's output is a computer application, which is 

currently being used by the Federal Aviation Administration and various airport consulting firms 

for analyzing and designing optimum runway exits to optimize runway occupancy times at 

airports. In the fourth chapter, four real-world case scenarios were analyzed to show the power of 

the developed model in solving real-world challenges in airport capacity. In the fifth chapter, pilot 

motivational behaviors were introduced, and three methodologies were used to replicate motivated 

pilot behaviors on the runway. Finally, in the sixth chapter, a neural network approach was used 

as an alternative model for estimating runway occupancy time distributions.  
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The federal aviation administration predicts ongoing growth in the aviation industry over the 

following 20 years. Therefore, the airports will be more crowded, and a higher number of 

operations will occur at those facilities. An accurate prediction of airportsô capacities can help the 

authorities to improve the airports appropriately. Due to significant reductions in in-trail aircraft 

separations, runway occupancy times will become more significant in airport arrival procedures. 

In this study, a landing event database was developed to represent the accurate distributions of 

runway occupancy times. Also, it is essential to have computer applications capable of replicating 

runway occupancy time distributions. In this dissertation, a novel approach was developed to 

replicate aircraft runway occupancy times. A massive amount of airport surface radar data was 

utilized to create all the mentioned computer applications. The results of the final products were 

validated against real data. Real-world case scenarios were discussed as part of this study to 

showcase the strengths of the final developed product in solving challenging problems related to 

airport capacity. Finally, extreme cases of motivated landing behavior from airline pilots were 

studied, and multiple methodologies were introduced to replicate pilot motivational behavior while 

landing on runway.
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Chapter1. Introduction 
 

 

1.1 Research Motivation 
 

Runway occupancy time is the amount of time that an aircraft spends on the runway. For arrival 

flights, it is measured from the moment that the aircraft nose passes the runway threshold to the 

time when its fuselage completely clears the runway. For departure flights, it is estimated between 

the time that the aircraft enters runway polygon until the moment when it has wheels-off. In this 

study, arrival runway occupancy times are investigated by various methods. In recent years due to 

many improvements in air traffic control technologies, the separation between arrival flights has 

been reduced. Federal Aviation Administration (FAA) has started a new era where new separation 

rules are applied at many airports around the country. Based on the recently published separation 

criteria between each pair of airplanes, many times the runway occupancy times for the leader 

planes are considered as the minimum separation between an arrival pair. Therefore, understating 

the actual distributions of runway occupancy times for each aircraft type under various 

environmental and geometrical conditions on different runways is critical for having smooth 

arrival and departure operations at airports. Since nowadays there are systems implemented at the 

airports to monitor the movement of airplanes, we can analyze the collected data in two ways: 

First, create useful databases for potential users and help them explore the behavior at various 

facilities for different aircraft types. 

Second, to develop predictive and simulation models to help analysts and airport designers 

designing runway exits or improving the performance of current facilities in terms of runway 

occupancy time. 
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This dissertation focuses on analyzing runway occupancy times for arrival flights. For this matter, 

Airport Surface Detection Equipment Model X (ASDE-X) data was analyzed and then collected 

in forms of an interactive database for further usages. The landing behavior of airplanes was 

studied and critical landing moments were extracted from the surveillance data to understand the 

required input data for the study. 

Finally, various approaches were proposed and evaluated for predicting runway occupancy times 

and runway exit distances. Modeling runway occupancy time and individual aircraft landing 

performance will help airport designers improve current and future airport facilities. 

1.2 Research Contributions 

 

The organization of this dissertation is as follows: 

¶ Chapter 2 provides information about the input data for this study, the algorithms that were 

developed to analyze the data and extract useful engineered features. Moreover, in this 

chapter, lots of information are provided about the developed landing database as one of 

the major deliverables of this study. 37 Terabytes of Airport Surface Equipment Detection 

Model ïX (ASDE-X) data was collected, cleaned, and converted into a relational database 

with 134 features. The author explains the methodology about MATLAB scripts, which 

were used to tabulate, perform quality control, and visualize the data. The developed 

database is used by the FAA, airport designers and planners, and airline analysts. 

¶ Chapter 3 provides information about the new proposed hybrid data-driven approach used 

to predict runway occupancy times and runway exit utilizations. In this chapter, all the 

improvements to the old Runway Exit Design Interactive Model (REDIM) are explained 

and the methodology behind the newly developed simulation model is described. A novel 
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approach was developed by combining machine learning and Monte Carlo simulations to 

solve the runway assignment and runway occupancy time problems. A clustering 

methodology was developed to identify runway exit groupings based on their geometry 

features and to estimate stochastic runway exit performance for 274 unique aircraft types. 

Also, a clustering methodology was developed to model individual landing performance 

based on 20 generated runway clusters. The methodology developed in this chapter can 

have applications in ground transportation studies such as modeling vehicle behavior in 

highway ramps. The model developed is being used by FAA and industry practitioners. 

¶ Chapter 4 presents four case studies that the new simulation model was used to analyze the 

potential improvements in runway occupancy times (ROT) at four airports in the united 

states. This chapter defines the current performance of those facilities and proposes 

different alternatives as solutions for improving the ROT values. In this chapter the author 

applied the model developed to four case studies suggested by the FAA sponsor. Also, 

practical runway exit improvements were identified to five runways currently considered 

for future infrastructure improvements (Airport Improvement Program). 

¶ Chapter 5 provides information about motivational factors that pilots can show while 

landing on different runways. These factors can be related to the gate or terminal location 

at the airport or based on the commands of the air traffic controllers on faster runway 

evacuation. Three methods were developed to model pilot motivational factors. The 

methods developed replicate the real data successfully. The findings in this chapter can be 

used by airline analysts and airport planners to understand the impact of gate location on 

runway exit behavior. There have been very few previous attempts to replicate such 

behavior in simulation models. 
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¶ Chapter 6 represents a machine learning approach for predicting runway occupancy times 

and distances by utilizing artificial neural networks. In this chapter, the author attempted 

to estimate runway occupancy times and runway exiting distances from a different 

approach than the one suggested in chapter three. A neural network approach was 

developed to predict runway occupancy times and exiting distance distributions. The neural 

network model can be used to construct runway occupancy time cumulative density plots 

and exit distances which are useful for design purposes. The approach represented in this 

chapter is complementary to the model presented in chapter three. The neural network 

models can predict the runway occupancy time and exit distances, but cannot estimate 

runway exit utilization. 

¶ Chapter 7 concludes this dissertation. 
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Chapter 2. Landing Database and ASDE-X Parser 
 

Federal Aviation Administration (FAA) implemented a system called Airport Surface Detection 

Equipment Model X (ASDE-X) at 37 airports in the United States since 2003 to help air traffic 

controllers in monitoring the movements at the airports up to 60 nautical miles in a more efficient 

and secured way [1]. This system visualizes flights while their operations are on screens in front 

of the controllers and can avoid runway and taxiway incursions [2].  

This equipment includes a combination of tracking systems such as surface movement radar 

installed at the top of air traffic control tower in the airport, multilateral sensors, ADS-B 

(Automatic Dependent Surveillance-Broadcast) sensors, terminal radars, terminal automation 

systems, and aircraft transponders [3]. The following table represents the names, airport codes, 

and locating states of all the 37 airports in the United States that are equipped with this system. 

Table 1. All the 37 Airports in the United States Equipped with ASDE-X. 

ICAO Code IATA Code Airport Name City, State 

KATL  ATL HartsfieldïJackson Atlanta 

International Airport 

Atlanta, GA 

KBDL BDL Bradley International 

Airport 

Windsor Locks, CT 

KBOS BOS Logan International 

Airport 

Boston, MA 

KBWI BWI Baltimore/Washington 

International Thurgood 

Marshall Airport 

Baltimore, MD 

KCLE CLE Cleveland Hopkins 

International Airport 

Cleveland, OH 
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KCLT CLT Charlotte Douglas 

International Airport 

Charlotte, NC 

KDCA DCA Ronald Reagan 

Washington National 

Airport 

Arlington County, VA 

KDEN DEN Denver International 

Airport 

Denver, CO 

KDFW DFW Dallas/Fort Worth 

International Airport 

DallasïFort Worth, TX 

KDTW DTW Detroit Metropolitan 

Airport 

Detroit, MI 

KEWR EWR Newark Liberty 

International Airport 

Newark, NJ 

KFLL FLL Fort Lauderdaleï

Hollywood International 

Airport 

Fort Lauderdale, FL 

KHNL HNL Daniel K. Inouye 

International Airport 

Honolulu, HI 

KHOU HOU William P. Hobby Airport Houston, TX 

KIAD  IAD Washington Dulles 

International Airport 

Dulles, VA 

KIAH  IAH George Bush 

Intercontinental Airport 

Houston, TX 

KJFK JFK John F. Kennedy 

International Airport 

Queens, NY 

KLAS LAS McCarran International 

Airport 

Las Vegas, NV 

KLAX  LAX  Los Angeles International 

Airport 

Los Angeles, CA 

KLGA LGA LaGuardia Airport Queens, NY 
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KMCO MCO Orlando International 

Airport 

Orlando, FL 

KMDW MDW Chicago Midway 

International Airport 

Chicago, IL 

KMEM MEM Memphis International 

Airport 

Memphis, TN 

KMIA  MIA  Miami International 

Airport 

Miami, FL 

KMKE MKE Milwaukee Mitchell 

International Airport 

Milwaukee, WI 

KMSP MSP MinneapolisïSaint Paul 

International Airport 

Hennepin County, MN 

KORD ORD O'Hare International 

Airport 

Chicago, IL 

KPHL PHL Philadelphia International 

Airport 

Philadelphia, PA 

KPHX PHX Phoenix Sky Harbor 

International Airport 

Phoenix, AZ 

KPVD PVD Theodore Francis Green 

Memorial State Airport 

Warwick, RI 

KSAN SAN San Diego International 

Airport 

San Diego, CA 

KSDF SDF Louisville Muhammad Ali 

International Airport 

Louisville, KY 

KSEA SEA SeattleïTacoma 

International Airport 

Seattle, WA 

KSFO SFO San Francisco 

International Airport 

San Francisco, CA 

KSLC SLC Salt Lake City 

International Airport 

Salt Lake City, UT 
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KSNA SNA John Wayne Airport Santa Ana, CA 

KSTL STL St. Louis Lambert 

International Airport 

St. Louis, MO 

 

Figure 1 also represents the location of each of the airports mentioned in Table 1 that are equipped 

with the ASDE-X system over the United States map. As shown in Figure 1, some areas have 

many big airports that are equipped with ASDE-X, while many states just have one airport which 

has ASDE-X technology. 

 

Figure 1. ASDE-X Supported Airports in United States. 

 

There were other studies that analyzed the ASDE-X data for different purposes. Spencer used this 

data to develop Bayesian models for predicting runway occupancy times for arrival and departure 

flights [4]. Hu used the analyzed ASDE-X data from six airports in the final approach segment to 

calculate the buffer times in the real world which are applied by controllers for each arrival pair 
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and evaluated the sensitivity of those buffer times in airportsô arrival throughput [5][6]. 

Mirmohammadsadeghi used ASDE-X data from six airports in the US and proposed a new method 

for estimating the unimpeded taxi times based on the calculated taxiing speeds which he calculated 

from the surveillance data [7][8]. In another study ASDE-X data was used to improve the 

predictions of departure taxi times [9][42]. 

For this study two years of ASDE-X data was provided by FAA. The data is for years 2015 and 

2016 and is extracted from all the 37 airports which are equipped with this system. Raw ASDE-X 

data is in text format and the files consist of data records for periods of 30 minutes.  

ASDE-X data includes many useful information about every aircraft within the limitations of the 

surveillance system. This tracking system identifies every vehicle with enabled transponders 

which is within 60 nautical miles from the airport. Some of the major fields in the ASDE-X raw 

data are as follows: Data Source Identifier, Message type, Time of Track, Position in WGS 84 

(World Geodetic System 84) coordinates including Latitude and Longitude, Position in Cartesian 

Coordinates, Measured Flight Level, Track Number, Track Status, Flight Plan Related Data like 

Call Sign, Aircraft Type, Wake Turbulence Category, etc. Upon request of FAA, we were tasked 

to develop a landing database by using the given ASDE-X data for 37 airports. Figure 2 shows an 

example of collected arrival tracks at Atlanta International Airport (ATL) on December 31st 2016. 

As shown in Figure 2 there is a distance limit in ASDE-X data collection and data recording starts 

from defined distance thresholds from the airport. In the following figure, arrival tracks from each 

direction on various runways are shown. 
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Figure 2. ATL Arrival Tracks Based on ASDE-X Data on December 31st 2016. 

ASDE-X system was primarily implemented at airports to report x-y coordinates accurately on the 

runways and taxiways. This of course needs the pilot to turn on the transponder in the cockpit to 

enable the radars to locate the aircraft. At some facilities depending on the precision of the terminal 

surveillance, the coverage is very high at the apron (terminal) areas, while at some other airports 

most of the tracks end close to the terminal area. Figure 3 represents a sample of ASDE-X tracks 

at LaGuardia Airport on July 15th of year 2015. 
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Figure 3. LGA Arrival Tracks on July 15th 2015 Based on ASDE-X Data. 

Figure 3 represents the analyzed ASDE-X tracks for arrival flights from the point that airplanes 

passed the runway thresholds to the final recorded location for each flight on July 15th 2015 at 

LGA airport. As it is shown in Figure 3, some of the arrival tracks enter the apron area (shown 

with red color in the map) and they continue up to some of the gate locations, but most of the 

arrival tracks end after entering the apron area and we canôt see which gate they took. In this study 

even though the developed algorithm for parsing ASDE-X data tries to find the finishing point and 

extracts the label for the apron area, we were mostly focused on the critical landing parameters on 

the runway until the nose of the airplane touched the hold-bar of the runway exit. 

For analyzing the raw ASDE-X data, initially a parser was developed in MATLAB programming 

language to parse all the text files for each airport. Since each file was named properly at the time 

of creation, we could combine all the files belonging to the same day. After concatenating all 

parsed text files for each day, we had to separate individual unique flight track and data based on 

flight ID and flight unique identifier that the system assigned to each transponder record. After 

finding all the unique flight IDs and collecting all the recorded latitude and longitudes in addition 
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to the time stamps, the first set of output files were saved in structure format. From this point on 

there are two different sets of input files which are required to analyze the spatial data and extract 

the critical landing moments from the ASDE-X tracks. 

The required separate input files for the analysis are: 

1- A database for runway geometry information which includes accurate location of runway 

end thresholdsô latitude and longitude in addition to other critical geometry parameters 

such as elevation, width, and displaced threshold. 

2- A database for runway exit geometry information which includes runway exits of the 37 

ASDE-X supported facilities and their geometry parameters such as radius of the arc, the 

path length of the runway exit, and the angle the runway exit has with the runway 

centerline. Also, the location of the runway exits and their distance from the runway 

threshold are critical parameter for our analysis. 

Not only we need the databases which we mentioned above, but we also need more accurate data 

and information regarding the aircraft altitude changes during the final approach segment all the 

way to the approximate moment of landing gear touchdown. ASDE-X data provides precise 

latitude and longitude information, however its precision in reporting altitude is not acceptable. 

The reported values for altitude have very noisy trends that we couldnôt find any proper smoothing 

algorithms to find the approximate moment of touchdown. Therefore, we collected some video 

data from airplanes landing at three facilities: Chicago OôHare International Airport (ORD), 

Charlotte Douglas International Airport (CLT), and Ronald Reagan Washington National Airport 

(DCA) in order to find a mathematical logic to find the approximate touchdown moment of 

airplanes by analyzing their speed profiles. 
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After understating the required databases and information for extracting critical landing parameters 

we represent each mandatory information through the subsections of this chapter. We initially 

review some of the collected video data and explain the analysis procedure in addition to the 

conclusions and we review some of the collected distributions. Then we explain the runway 

geometry database and the algorithms used to create runway polygons in addition to some primary 

statistical reviews of runway geometry parameters in the US. The third required database is runway 

exit geometry information and we review the procedures for creating them in addition to some 

primary statistical overview of runway exits used in our database. Finally, we summarize the 

chapter by representing the final product which was delivered to the FAA as Landing Events 

Database and detailed explanations of the functionalities and user interface capabilities. 

2.1 Video Data 

 

As mentioned earlier in this chapter, ASDE-X technology was initially implemented at busy 

airports in the United States to locate every moving vehicle with transponder and avoid potential 

runway and taxiway incursions under low visibility conditions. Therefore, the accuracy in 

reporting the latitude and longitude for this system must be high and reliable for controllers in air 

traffic control tower making critical decisions. However, the accuracy of the reported altitude 

values for each flight is not as much as the accuracy for reported x-y coordinates. Figure 4 shows 

an example of an altitude profile from the ASDE-X data and the reported elevation for the runway 

in which the sample flight landed on [7]. As it is shown in Figure 4, the reported altitude from 

ASDE-X has values below the runway elevation and also the trend for the time series of reported 

altitudes is not in a way that by smoothing the profile we would get more reasonable values. Also, 

by smoothing such profiles we might move the values further than what happened in the real world, 

which might cause a considerable error in estimating the approximate touchdown location. 
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Figure 4. Sample of a Fuzzy Altitude Profile. (Red Line Shows the Referenced Altitude of the Arrival 

Runway.) 

The importance of the altitude profiles for each arrival flight is in estimating the approximate 

location and time for the touchdown. Touchdown location and time measured from the runway 

threshold are critical parameter for every landing flight and they can have an impact on the amount 

of time that the aircraft spends on runway. For finding out a mathematical logic for estimating not 

only accurate touchdown locations, but also validating other algorithms in finding runway 

occupancy times we went to the following three facilities and collected some video data from 

arrival flights on various runways. The visited airports were: Chicago OôHare International Airport 

(ORD), Charlotte Douglas International Airport (CLT), and Ronald Reagan Washington National 

Airport (DCA). 
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Figure 5. Recording Landings on Runway 10C at Chicago O'Hare International Airport (ORD). 

The recorded videos from the three airports that we visited were then analyzed by an application 

called Visual Studio to recreate the speed profiles for each collected video [10]. For this purpose, 

we chose some reference points on each runway and tried to measure our angle and distance to 

those reference points then we could capture the distance of occurrence for each recorded critical 

parameter. Basically, the following parameters were extracted from each video if the video was 

clear and we could read the following events: 

1- The moment of passing runway threshold 

2- The moment of landing gear touchdown  

3- The moment of nose gear touchdown  

4- The moment of activating the thrust reversers 

5- The moment of activating the wing spoilers 
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Not all the mentioned parameters were used in either extracting critical landing moments from 

ASDE-X data or in simulating the landings in the new version of the REDIM model, however the 

video data helped us to derive a mathematical logic to estimate the approximate touchdown 

location based on the calculated speed profiles from ASDE-X data. Figure 6 represents a re-

generated landing profile based on a real collected video data from runway 28C at Chicago OôHare 

International Airport. Because the number of aircraft types operating in the National Airspace 

System (NAS) is more diverse than the video data collected, we assigned landing roll distributions 

to all aircraft using the Airplane Design Group (ADG) categories developed by the FAA. 

 

Figure 6. Sample Landing Roll Data Collected Using Video Equipment at ORD. 

After analyzing video data and the generated speed profiles, we noticed that touchdown location 

is approximately where the landing aircraft losses 5% of its threshold crossing speed. Therefore, 

in analyzing every ASDE-X speed profile we find the first moment where the speed is 95% of the 

threshold crossing speed and the deceleration values after that moment have a monotonic 

decreasing trend. 
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Moreover, for having a better understanding of the distribution of the timing for applying different 

braking systems on the runway after the main gear touchdown, we studied the time difference 

distributions between the main and nose gear touchdowns in addition with main gear and thrust 

reverser activations. Figure 7 represents the values generated from a truncated normal distribution 

assigned to the collected values for the time differences between main gear and nose gear 

touchdowns. The mean for this truncated distribution is 4.5 seconds and the standard deviation is 

2.0 seconds. The values represented in Figure 7 are for all the aircraft types we observed in the 

video data, however further categorizing was done to extract the distributions for different ADG 

aircraft groups. 

 

Figure 7. Assigned Normal Distribution to the Collected Values for Main Gear, Nose Gear Touchdown 

Time Difference. 
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2.2 Runway Geometry Database  
 

A critical input data for analyzing ASDE-X and creating a useful landing database is a runway 

geometry database. We should know on which runway end each of our landing flights landed. This 

will result in getting beneficial insights in runway usage at airports for arrival traffic, airport arrival 

fleet mix, statistics on runway occupancy times on each unique runway end, and eventually 

extracting meaningful patterns and relations between runway geometry and aircraft landing 

behavior. For this purpose, the FAA database for geometry information of airportsô runway ends 

was used [11]. The files from the FAA source are in text format and they report the following 

information for every registered runway end around the country: 

1- Latitude of the center point of runway threshold  

2- Longitude of the center point of runway threshold  

3- Elevation of the center point of runway threshold  

4- Width of runway 

5- Length of runway 

6- Location of displaced threshold and the displacement distance 

After parsing the files with their latest update in 2016 (since our ASDE-X data was for years 2015 

and 2016) the 37 ASDE-X supported facilities with all of their runway ends were extracted and 

based on mapping toolbox features in MATLAB, runway polygons were created for each airport. 

Therefore, each of the airports in our data was assigned to a runway geometry database where we 

could identify any intersection of flight track points with any of their runway polygons. Figure 8 

represents an example of created runway exit polygons at Dallas Fort Worth International Airport 

(DFW). As shown in Figure 8 based on the available geographic data, a database for runway 
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polygons was made for all the 37 airports similar to the represented runway polygons of DFW in 

the figure. 

 

Figure 8. Created Runway Polygons Based on FAA Geometry Data for DFW. 

Understanding the geometry features of runways in the analysis of aircraft landing behavior is 

crucial. There are 290 runway ends and 145 runways in the runway geometry database for the 37 

ASDE-X supported airports. Those runways have a wide range of lengths from 2ô555 (ft.) which 

is at BOS runway 15L-33R to the longest one at DEN which is runway 16R-34L with a length of 

16ô020 (ft.). Among the 37 airports in the database, DEN airport has the highest average runway 

length with 12ô666 (ft.) and SNA has the lowest average runway length with 4ô299 (ft.). The 

highest standard deviation of runway lengths is for SLC with 3ô112 (ft.) and the lowest standard 

deviation of runway lengths is for SAN with 0 (ft.) as it is the only single runway airport in our 

runway database. The following box plot represents the variability of runway lengths at each of 

the airport members of our runway database. As shown in Figure 9 while some facilities have 

many similar runways in terms of the available landing length, a few of them have runways with 
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different ranges of length. For the latter condition the fleet mix of the arrival aircraft would vary 

on each runway due to the length limitations. 

 

Figure 9. Variability of Runway Lengths Among the Airports in the Runway Geometry Database. 

While we took a look at the variability of runway lengths at the ASDE-X supported airports, we 

can always see how many runways are at each of our studied airports, since that can be a very 

useful information for assigning the arrival traffic and analyzing the count of operations on each 

runway based on the available data for years 2015 and 2016. Figure 10 represents the number of 

runways at each airport based on the runway geometry database. As shown in the figure both ORD 

and DFW are at the top of the list with 7 runways at their facilities while SAN is the only single 

runway ASDE-X supported airport. 
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Figure 10. Number of Runways at Each ASDE-X Supported Airport in the Runway Geometry Database. 

In Appendix. B, the complete tabular format of the created runway geometry database is provided. 

2.3 Runway Exit Geometry Database 

 

The second required input database is the runway exit geometry database. Since the primary goal 

of this study is to analyze the runway occupancy times and runway exit utilizations, we should 

know how long does it take for each aircraft to entirely vacate the runway by using exit ramps or 

so-called runway exits. The geometry parameters of the runway exits, along with their location on 

the runways, can help us deriving relations with arrival flight runway occupancy time. For this 

purpose, Google Earth was used since there is no official data source for reporting the geographical 

parameters of runway exits at airports [4]. For each runway exit at the 37 ASDE-X supported 

airports the following parameters were calculated by using Google Earth application: 

1- Runway exit path length from the point of the curvature at the beginning of the arc all the 

way to the exit hold-bar 
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2- Runway exit radius of the arc 

3- Runway exit angle with the runway centerline 

4- Runway exit width 

5- Runway exit distance from the operational runway threshold  

Figure 11 shows an example of the drawn runway exit arcs with their proper labeling for one of 

the runways at DFW airport. Each measurement from the Google Earth files were stored in a 

spread sheet with the same label for both exit name and runway id [4]. The final runway exit 

geometry database is a combination of collected numerical measurements and geographical 

information for each runway exit arc and hold-bar. 

 

Figure 11. Example of Drawn Arcs from the Point of Curvature to the Runway Exit Hold-Bar for Some 

Exits at DFW. 
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Since we have to identify the utilized runway exit for each arrival flight in the ASDE-X data, based 

on the collected arcs from the Google Earth files for each airport, runway exit polygons were 

generated to identify the exact moment of entrance for each track point. The way that each of those 

polygons were made is as following: based on the last point on the arc, the location of exit hold-

bar is identified. Since we have collected the runway exit width, we can reckon two more points 

based on the identified location for the exit hold-bar. From the new generated points, we create a 

rectangle with a length of 200 (ft.) in the heading of the exit angle to cover for possible 

maneuverings in the radar data or biased smoothed path based on heavy fuzzy reported locations. 

We noticed that for some runways due to the short distance between the runway exit hold-bar and 

runway centerline, the runway exit polygons length shouldôve changed to 150 (ft.) to avoid 

confusion in recognizing the exact exit polygon intervention. Figure 12 represents the processed 

runway exit polygons for DFW and all of its collected runway exits. 

 

Figure 12. Generated Runway Exit Polygons and Exit Arcs at DFW from the Google Earth Files. 

After collecting all the runway exit geometry information we noticed that there are 3ô385 runway 

exits totally at the 37 ASDE-X supported facilities. Analyzing the geometry features of the runway 
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exits and trying to find relations with aircraft exit speeds is one of the critical aspects of this study. 

Therefore, it is valuable to review the statistics of the measured parameters for each runway exit. 

The following figure represents three histograms that show the distribution of runway exit angle, 

radius, and path lengths. As it is shown in Figure 13, 48% of the runway exits in the country are 

right angle exits with radius values lower than 500 (ft.), and only 8% of the runway exits have 

angles between 30 and 40 degrees with radius values more than 1000 (ft.). The remaining exits are 

either low angle, back-turn, or non-standard exits. 

 

Figure 13. Runway Exits Angle, Radius, and Path Lengths for the 3'385 exits at the 37 ASDE-X 

Supported Facilities. 

Another important parameter in analyzing the runway occupancy time is understanding the 

configuration of runway exits along the runway. Depending on the location of exits and their 

geometry features, airplanes can take them at various speeds unless theyôre poorly located. By 

looking at the distribution of exit locations on the 290 runways that we have in our database we 

can learn more about the current state of runway exit locations that in later chapters we can evaluate 

whether they are located at desirable distances from runway thresholds for pilots, or they are at 



25 
 

non-efficient distances. As shown in Figure 14, 50% of the runway exits in the database are located 

before 5ô200 (ft.) which is around 60% of the median of runway lengths for ASDE-X supported 

airports. Moreover, the fact that almost 90% of the runway exits are located before 10ô000 (ft.) 

tells us that by that distance most of the airport designers think that airplanes can easily evacuate 

the runways. According to the plot there are very few runway exits which are located beyond 

12ô000 (ft.) which are right angle exits at DEN airport. 

 

Figure 14. CDF Plot for Exit Locations at all the 37 ASDE-X Supported Airports. 

The following figure represents the variability of exit geometry features among all the 37 airports 

that we collected in the database. As we can see in Figure 15, IAH has the lowest exit angle average 

among all the 37 airports with 66.6 degrees while ATL has the highest exit angle average with 

94.7 degrees. Most of the facilities have a median of runway exit angles around 90 degree which 

supports the fact that right angle exits are very popular around the country. IAH has the highest 

average exit radius with 796.9 (ft.) and after that IAD has the second highest average exit radius 

while MDW has the lowest in the country with only 142.2 (ft.). This observation for IAH supports 
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the lowest exit angle average and tells us that this facility has many low (acute angle) exits. 

Moreover, low values for average exit radius are mostly because of having too many right angle 

or non-standard exits. The ranking changes when comparing the average path lengths and DEN 

becomes the top airport with an average of 691.6 (ft.) for path length and this tells us that at that 

airport the runway exits are located further from the runway centerline due to sufficient available 

land. 

 

Figure 15. Variability of Runway Exit Geometry Features at all the 37 ASDE-X Supported Airports. 

 

2.4 Aircraft Dimension Database 

 

Since we are trying to extract the runway occupancy time for each individual flight, it is very 

important to identify the moment when the entire fuselage of the airplane evacuated the runway 

and was not on the runway polygon anymore. Because we have the latitude and longitude of the 

track points we can identify the exact moment of runway evacuation if we know which part of the 

fuselage is reported by the ASDE-X data. After reviewing many video data from the three airports 
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and animating the track data from ASDE-X, we noticed that with an acceptable approximation for 

various classes of aircraft, ASDE-X tracking data reports the location of the nose gear. Therefore, 

by knowing the dimensions of every individual aircraft from the data, we can replicate the 

imaginary fuselage of each arrival aircraft and check the critical points of the fuselage which are 

the tail and wingtips, to monitor the movement of the aircraft along the runway exit and capture 

the exact moment when the entire fuselage vacated the runway. For this, a database of aircraft 

dimensions was collected to report the following parameters for each of the 274 individual aircraft 

types in the data [10]: 

1- The distance between aircraft nose gear and main gear 

2- The distance between aircraft nose gear and tail tip 

3- The wing span of the aircraft 

By having the above parameters, we can check for every reported location in the radar data, 

whether any parts of the aircraft fuselage were still on the runway or not. 

Figure 16 compares the dimensions of two different aircraft as an example to show the collected 

parameters in the database. By referencing every point to (0,0) point in the x-y space, you can 

compare the approximate size difference between Airbus A319 and Airbus A388 by looking at the 

size of the imaginary circle passing their wing tips and the approximate location of nose and tail 

of the airplanes if we imagine the point (0,0) as the center point of the fuselages. 
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Figure 16. Comparing the Dimensions of A319 and A388 Based on the Parameters in the Aircraft 

Dimension Database. 

2.5 Landing Events Database and Computer Tool 

 

After preparing the required input databases for analyzing the ASDE-X data, we can start parsing 

the ASDE-X raw files and concatenate them to extract the critical landing parameters for each 

landing flight. For identifying the operational runway, we have to find that which runway polygon 

the flight track points showed up. Since we already have the exact boundaries for each of our 

runway polygons, this task can be easily done by any mapping toolbox library. The other important 

feature for assigning the operational runway is the heading of the track. We know that runways 

are labeled based on their azimuth heading, therefore we can calculate the azimuth heading of the 

arrival track and based on the absolute difference with the azimuth headings of either of the runway 

ends, we can choose between the runway threshold which yielded smaller absolute difference 

value. Since we might not be lucky to capture the exact tracking point above the assigned runway 

threshold, the next move is to interpolate the speed when the nose of the aircraft passes over the 

assigned runway threshold. We consider that value as the threshold crossing speed. The next 

critical point is touchdown location and time. For extracting the touchdown location as we 

explained earlier in this chapter, we look for the first speed value after threshold crossing that has 
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95% or less speed compare to the threshold crossing speed. Note that because of the noise in 

reported location and small time gaps between each reported point, we had to smooth the speed 

profiles for each landing to have a better reading of the speed trends. Figure 17 depicts the 

calculated speed profile from the latitude and longitudes and reported time stamps. As it is shown 

in Figure 17 the smoothed values for the speed are more reliable for any of our critical parameters. 

The smoothing algorithm used was moving average with a neighborhood of 5 nearby neighbors. 

This way we could remove the noise from the calculated speed values clearly. 

 

Figure 17. A321 Landing on Runway 10L in ORD, Speed Profile Example vs. Smoothed Speed Profile. 

The touchdown moment is the first time when the speed profile gets to 95% of threshold crossing 

speed or lower than that. We store the touchdown moment and its distance from the runway 

threshold. From that point on, we store the average deceleration all the way to the point of 

curvature of the runway exit that the pilot took. We also capture the deceleration from the 

touchdown point all the way to a moment that we call nominal speed on the runway, which is 

considered as 70 knots for narrow bodies and heavy jets, and is 70% of threshold crossing speed 
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for small aircraft class. The reason for capturing this deceleration is to have an understanding of 

the braking behavior for each aircraft until the moment that pilots are comfortable to start making 

decisions about selecting a runway exit ahead of them for evacuating the runway. The moment 

that pilots start the maneuvering for taking the runway exits is what we call the moment at the PC 

point. For capturing that moment, we keep a record of cumulative distances of the aircraft from 

the operational runway threshold and when that distance is equal or bigger than the recorded PC 

distances of the runway exits retrieved from the runway exit database, we capture the first moment 

that passed the criteria and store its index and speed at that moment. The path that airplanes take 

over the arc of the runway exit can be a zigzag move if we just rely on the pure reported radar 

locations, therefore we smoothed the path of maneuvering over the exit arc with a polynomial of 

second degree in regards to the retrieved information of the associated runway exitsô arcs. When 

the nose of the aircraft (or the ASDE-X track point) touches the runway polygon, we store that 

moment with its speed and index from the threshold. From that point on we refer to the airplane 

dimension database and check the imaginary circles passing both wingtips of the aircraft and 

imaginary location of aircraftôs tail tip to capture the first moment that the entire fuselage was 

observed outside of the runway polygon. This moment is the true moment of runway evacuation 

and even though it is hard to capture it in the real-world from far located ATC towers, we consider 

this value as true ROT. From that point on we continue monitoring the track until the nose of the 

aircraft touches the recorded hold-bar location for the associated runway exit. The ROT to that 

moment is called ROT to the hold-bar. In the original parser we monitor the flight track all the 

way to the last reported location and we try to find the label of the apron area based on the 

published GIS layouts for airports from FAA. We also capture the taxi time, taxi distance, average 

taxiing speed and deceleration, and unimpeded taxi times. However, in the final version of the 
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published landing events database we report the information just until the runway exit hold-bar 

and we donôt report any of the taxing parameters. Figure 18 summarizes all the explained points 

about the critical landing parameters for a sample flight which operated at LAX  on 15th of April 

2015. This landing belongs to a popular landing runway called 24R and is for a Boeing B772. As 

it is shown in Figure 18, we could capture the runway id, touchdown moment, PC moment, the 

moment when the aircraft nose touched the edge of the runway, the fuselage out moment, and 

finally the moment when the aircraft was at the hold-bar. This landing had a touchdown distance 

of 713.2 meters and it took 9.5 seconds to have the landing gear touchdown. The threshold crossing 

speed was 149 knots and it landed with a speed of 139.3 knots while it took the PC point of runway 

exit ñAAò with 51 knots. The ROT edge for this flight was 46.7 seconds while the true ROT was 

59.7 seconds and it touched the hold-bar after 61 seconds. For achieving that ROT, the aircraft had 

a nominal deceleration of -1.84 m/s2. These are very valuable information which the parser extracts 

with high resolution for every input arrival flight from every available airport. Figure 19 represents 

the speed-time diagram of the same landing with the associated critical moments. 

 

Figure 18. An Example for an Arrival Flight at LAX with its Extracted Critical Landing Moments. 
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Figure 19. An Example for an Arrival Flight at LAX with its Speed Profile. 

Around 12 million flights were analyzed for two years at 37 airports which the accurate statistics 

of the parsed flights with their critical parameters will be presented in the next section of this 

chapter. The data was gathered into a SQL database and access was given to FAA and many 

consulting companies [10]. An interactive user interface was designed to extract lots of meaningful 

statistical queries from the data [10]. For each airport the raw radar data, aircraft fleet mix data, 

aircraft runway occupancy times, runway exit utilizations, touchdown locations, deceleration 

profiles, approach speeds, and exiting speeds are available through different windows from the 

database. Figure 20 represents an example of the aircraft fleet mix for the ATL airport. 
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Figure 20. Aircraft Fleet Mix for ATL Based on Two Years of Ground Radar Data. 

Figure 21 shows an example of average runway occupancy times for various aircraft types at ATL 

airport. These box plots can provide useful insight for the potential user of this database to analyze 

the aircraft behavior at different air fields in terms of runway occupancy measures. For designing 

purposes, the percentiles of popular fleet at commercial airports can be extremely helpful for future 

modifications on runway exits or potential changes in operational procedures while evacuating the 

runways. 
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Figure 21. Average Runway Occupancy Times for ATL for Various Aircraft Types. 

Not only for internal validation of the correctness of extracted critical points, and the goodness of 

assigning runways and exits to each landing operation, but also for helping the users to track each 

individual cleaned arrival track from the ASDE-X data, we enabled a visualization mode over the 

real airport layout with highlighted critical moments on the runway. This way any user can validate 

individual flight tracks on runways and they can filter for a specific airport, aircraft class, runway, 

or even unique exits. For example, Figure 22 represents all the track information and critical 

moments of Airbus A321 flights on runway 08L at ATL airport which used exit B11 for vacating 

the runway. As you can see in the figure, the first point in the runway, touchdown location, the 

moment at the point of curvature for the runway exit, the moment of touching the runway polygon, 

and the full fuselage out moments are all shown with pinpoints over the flight track. 
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Figure 22. An Example of an Arrival Flight Track at ATL on Runway 08L. 

 

The landing database is a helpful tool for analyzing the exit utilizations at big airports in the United 

States and it is currently being used by many consulting companies for analyzing the landing 

behavior and exit utilizations of different classes of airplanes. 

2.6 Statistical Analysis on Extracted Parameters 
 

After analyzing the entire dataset which in the raw text format it approximately takes 37 terabytes 

of hard disk, we could collect the detailed information for more than 12 million landing flights at 

37 ASDE-X supported facilities for years 2015 and 2016. Table 2 represents the accurate number 

of landings retrieved for each of the studied airports. As it is shown in Table 2 ATL had the highest 

number of arrivals for the time period that we had data for, while BDL had the lowest number of 

operations among the ASDE-X supported facilities. 
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Table 2. Number of Retrieved Operations from ASDE-X Data for Each Airport. 

Airport  
Number of Operations in 

The Landing Database 
Airport  

Number of Operations in 

The Landing Database 

'ATL' 874,526 'LGA' 343,969 

'BDL' 82,497 'MCO' 310,180 

'BOS' 368,074 'MDW' 229,451 

'BWI' 234,907 'MEM' 201,326 

'CLE' 53,754 'MIA'  394,041 

'CLT' 528,058 'MKE' 99,304 

'DCA' 279,723 'MSP' 396,443 

'DEN' 539,212 'ORD' 850,169 

'DFW' 663,368 'PHL' 376,822 

'DTW' 362,791 'PHX' 416,403 

'EWR' 408,134 'PVD' 45,172 

'FLL' 264,995 'SAN' 180,997 

'HNL' 188,486 'SDF' 136,543 

'HOU' 178,913 'SEA' 381,260 

'IAD' 279,648 'SFO' 395,447 

'IAH' 468,800 'SLC' 269,703 

'JFK' 432,568 'SNA' 124,989 

'LAS' 408,560 'STL' 171,359 

'LAX'  649,347   

Total   12,589,939 

 

After analyzing all the input flights, we can take a look at the primary statistics of critical landing 

parameters at each airport for each aircraft type. Having a deep understanding of ROT 

distributions, speed distributions, deceleration distributions, touchdown locations, and exiting 

distances for various aircraft types at different facilities is very important for analyzing the arrival 

behavior and also for planning purposes. Since many big airports are moving towards new 

separation rules that will reduce the in-trail separation between arrival pairs, for avoiding potential 

conflicts and go-arounds on arrival runways, understanding the status of runway occupancy times 

around the country is essential [12]. Figure 23 represents the variability of true runway occupancy 

times at each of the studied airports. As it is shown in Figure 23 all the airports in the database 

have ROT outliers that exceed 75 seconds, however most of the facilities have a centrality of ROT 
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data between 50 and 60 seconds. The overall arithmetic mean of ROT fuselage among all the 

samples in our dataset is 50.75 seconds, while the standard deviation among all the samples is 11.6 

seconds. If we consider the median of a dataset as a better representative for the population since 

median values are not affected by the outliers, we notice that overall the ROT fuselage had a 

median of 48.9 seconds during years 2015 and 2016. Table 3 Represents the summary of ROT 

average, standard deviation, and median for each of the 37 airports. 

 

Figure 23. Variability of ROT Fuselage for all the 37 ASDE-X Supported Airports. 

Based on the information shown in Table 3, LGA airport had the lowest ROT median with a value 

of 41 seconds which sounds very reasonable for this facility with two relatively short runways and 

multiple available exiting options for pilots. The highest ROT median was for MEM airport which 

might be because of the higher percentage of heavy class aircraft share in the airport fleet mix. 

Moreover, HNL showed the highest standard deviation of ROT with a value of 16 seconds which 

might be because of poorly located runway exits that causes many planes spending more time on 

the runway. 
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Table 3. Summary of ROT Fuselage Statistics for all the 37 Airports. 

Airport Code Average ROT Fuselage 

(Seconds) 

Standard Deviation for 

ROT Fuselage (Seconds) 

Median ROT Fuselage 

(Seconds) 

ATL 47.3 7.4 46.9 

BDL 57.7 11.9 56.7 

BOS 49.6 12.1 48.2 

BWI 52.9 10.3 51.2 

CLE 50.9 13.2 48.4 

CLT 48.7 8.5 47.0 

DCA 43.0 5.9 42.0 

DEN 58.1 13.9 55.0 

DFW 52.1 11.3 50.0 

DTW 51.9 12.1 49.6 

EWR 44.0 9.6 42.7 

FLL 48.3 8.5 47.6 

HNL 59.7 16.0 56.4 

HOU 47.2 8.4 45.7 

IAD 50.0 12.6 48.4 

IAH 53.5 11.9 52.1 

JFK 52.4 11.4 50.3 

LAS 49.9 9.5 48.9 

LAX  51.4 11.5 49.8 

LGA 42.6 7.5 41.0 

MCO 55.9 11.3 54.0 

MDW 42.6 7.8 41.6 
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MEM 59.6 13.1 58.2 

MIA  53.4 12.9 51.1 

MKE 51.8 13.3 49.1 

MSP 50.3 8.4 49.0 

ORD 48.2 9.5 46.9 

PHL 50.1 10.5 48.3 

PHX 49.6 8.8 48.5 

PVD 52.9 12.2 50.6 

SAN 49.9 10.1 48.4 

SDF 55.2 13.2 52.3 

SEA 49.6 12.9 47.0 

SFO 58.9 13.7 55.8 

SLC 52.0 11.0 50.0 

SNA 47.2 7.8 46.0 

STL 55.4 14.6 51.8 

 

One of the great benefits of the landing database is that users can not only review the statistics for 

landing parameters at the airport level, but also they can analyze each individual aircraft type. 

There are 274 unique aircraft types that for each of them we retrieved various landing parameters 

from different airports. Not all the airports have the same fleet mix and number of operations for 

each aircraft type, therefore having an understanding of the operational fleet at each facility can 

help in analyzing runway occupancy times in a more sophisticated way. The following pie chart 

shows the percentage of appearance for every aircraft type in the database. This chart tells us that 

the dominant aircraft in the ASDE-X supported facilities during years 2015 and 2016 was Boeing 
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B737-800 with 10.1% of the entire operations. This chart also tells us that 77.1% of the entire fleet 

mix of those 37 airports is shared among only 17 distinct aircraft types and the remaining 257 

airplanes have a total share of 22.9% of the entire operations. 

 

Figure 24. Share of Fleet for Distinct Aircraft Types During Years 2015 and 2016 at all 37 ASDE-X 

Supported Airports. 

An interesting observation that we made across all the data, was that the lowest and the highest 

true ROT medians belong to airplanes of Cessna family. C320 or Cessna Executive Sky knight 

which is a twin-pistol aircraft had the lowest ROT fuselage compare to any other aircraft with a 

median value of 35.9 seconds. While we expected an aircraft of class heavy or super-heavy would 
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have the first rank, C162 or Cessna 162 Sky catcher had the highest median of ROT with a value 

of 84 seconds. The potential reason behind this value is that the studied airports in our database 

are mostly used by commercial flights and many time small engine planes land on long runways 

that they can coast on the runway for a long time and take very far away runway exits. Therefore, 

many times we observed high values of runway occupancy times for small engine airplanes in 

ASDE-X data which makes the modelling process for that class of aircraft more challenging. We 

will explain more about the challenges of modelling ROT behavior of small airplanes in the next 

chapter of this dissertation. However, if we take a look at the following ranked planes in terms of 

ROT median values we can see more expected results. The second highest median ROT was for 

Antonov An-124 with a ROT median of 83.6 seconds and the third rank was for Boeing B744-200 

with 82.4 seconds of median ROT. A complete table for median values of true ROT for all the 

distinct aircraft types in the database is provided in Appendix. C. 

While analyzing the runway occupancy time, we have to consider many parameters 

simultaneously. From the threshold crossing speed to the touchdown location, then braking rate 

and finally the exiting speed, there can be various dependencies and relations that make the 

modelling of the entire process very challenging. So far we analyzed some primary statistics about 

the runway occupancy times and fleet mixes at different airports. We now take a look at some 

other extracted parameters such as touchdown distributions and exiting speed distributions to have 

a deeper understanding of the behaviors before stepping into next chapter where we start modeling 

and regenerating the observed behaviors. 

Figure 25 represents the variability of touchdown locations at all the 37 airports. Figure 25 depicts 

that MDW had the lowest average touchdown location with a value of 322 (meter) from the 

threshold. Considering the fact that this airport has relatively short runways that we could check 
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from Figure 9, having short landing locations is rational for this facility. As expected due to high 

elevation and long runways, the highest average touchdown location observed in the data belongs 

to DEN airport with a value of 551 (meter) from the threshold. The trends shown in Figure 25 and 

Figure 26 are really helpful in understanding the relation between runway lengths and touchdown 

locations. For example, based on the standard deviation values shown in Figure 26, most of the 

airports with relatively short runways such as DCA, LGA, MDW, SNA had lower deviation in 

touchdown locations compare to other facilities with longer primary arrival runways. The potential 

reason for this observation is that when pilots land on short runways, they know that there is not 

extensive available runway length for landing, therefore that reduces the variability of their landing 

locations.  

 

Figure 25. Variability of Touchdown Locations at all the 37 Airports. 
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Figure 26. Average, Median, and Standard Deviation of Touchdown Locations at Different Airports. 

 

Finally, before concluding this chapter and moving on to the simulation and modeling chapter, we 

briefly review the distributions of exiting speeds at all the 37 ASDE-X supported airports. Figure 

27 represents the violin plots for exiting speeds at PC points for all the retrieved operations in the 

landing database. As expected and by referring to Figure 15, those facilities that have more high 

speed exits (exits with lower angles and higher radiuses of arcs), tend to show higher values of 

exiting speeds. This fact can reflect that when pilots have to take runway exits which have long 

path lengths, since they know that there will be enough pavement along their evacuation way, they 

take those exits at the PC point with higher speeds. Therefore, not only they can reduce their 

runway occupancy times, but also they will continue on reducing their speed along the path of the 

runway exit until they either reach a desirable taxing speed or stop at the exit hold-bar. According 

to the information which is presented in Figure 27, BWI had the lowest average exiting speed with 

just a value of 19 Knots, while the highest average was for DEN airport with a value of 51 knots. 

Both values are logical since BWI doesnôt have plenty of high speeds and most of its runway exits 
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are either right angle or non-standard with short path lengths and for the case of DEN because of 

higher elevation airplanes fly faster and the airport is equipped with plenty of high speed exits 

which helps the pilots to take the PC points at higher speeds. SLC had the highest standard 

deviation of exiting speeds which might be because of its obvious bi-modal behavior of exiting 

speeds according to Figure 27. Another interesting fact about the shown distribution of exiting 

speeds, is the number of facilities which show obvious bi-modal behavior in terms of exiting 

speeds. This can be due to considerable share of operations which take low-speed and high-speed 

exits on the runways at those airports. Considering the fact that in Figure 23, we didnôt observe bi-

modality in ROT behavior, this primary comparison of the distribution of exiting speeds and the 

distribution of runway occupancy times, tells us about the complex relations between the landing 

parameters and the overall ROT. Therefore, not all the times having high speed exits would result 

in lower values of ROT and depending on the location of the runway exits, we might observe high 

variations in ROT values. 

 

Figure 27. Variability of Exiting Speeds at Different Airports. 



45 
 

2.7 Conclusion 
 

Airport Surface Detection Equipment Model- X (ASDE-X) surveillance system has been in use at 

37 airports around the United States to avoid potential runway and taxiway incursions and provide 

better vision for air traffic controllers to navigate flights. For the first time in this study, we parsed 

and analyzed two years of ASDE-X data to extract critical landing parameters for more than 12 

million arrival flights. The outcome of the explained procedures in this chapter was a computer 

application called Landing Database, which provides many useful visualizations and insights about 

the landing parameters for 274 distinct aircraft types from 37 airports. Users can study the 

distribution of approach speeds, touchdown speeds, exiting speeds, touchdown locations, nominal 

deceleration rates, runway occupancy times, and exiting distances for various aircraft types. The 

outputs of this database can help evaluate runway exits at busy US airports in terms of their runway 

occupancy times and exit utilizations. This functionality can help many airports to understand the 

importance of each of the operational runways and runway exits better. In case of future 

constructions or configuration changes in the airport master plan, with the help of the output 

distributions of this developed database, they can estimate the current and future capacity and the 

amount of traffic that should be diverted temporarily. Another usage of this database's outputs is 

in airport simulation models, where users simulate the flight operations from gate to gate. Most of 

those models like SIMMOD do not use accurate distributions for runway occupancy times and 

users usually end up entering general normal distributions for every class of aircraft. Since the 

purpose of running those simulation models is to find the potential delay of certain flight schedules, 

it is essential to have accurate distributions of runway occupancy times for every unique aircraft 

type. With the help of the developed landing database researchers, analysts, and airport planners 

can export valid distributions of runway occupancy times for each aircraft type and use them as 
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input parameters for a bigger airport to airport simulation scenarios. This way not only the models 

will have more realistic assumptions based on the real-world operations, but also many sensitivity 

analyses can be running to understand how vital runway occupancy times can be in estimating 

total delays at airports. 

Finally, due to the recent improvements in aircraft separation systems at airports and the fact that 

FAA is moving to newer separation systems which will reduce the in-trail separation between 

arrival pairs, many times the runway occupancy times of the leader planes will become the critical 

minimum separation between arrival flights. Therefore, having a clear understanding of valid 

distributions of runway occupancy times of certain runways with certain runway exit 

configurations is essential for air traffic controllers in order to help them separating the arrival 

traffic both safely and efficiently. Moreover, by understanding the accurate distribution of runway 

occupancy times, controllers can avoid more go-arounds which is a very important aspect in 

improving the traffic flow at airports and all of those required input information can be obtained 

from the outputs of this chapter. 
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Chapter 3. Runway Exit Design Model Version 3 
 

3.1 Introduction 
 

Reductions in in-trail wake vortex separations in the future will make runway occupancy time an 

essential parameter in assessing runway capacity. The Federal Aviation Administration (FAA) 

proposes using a minimum of 2 nautical miles of in-trail separation under the newly developed 

Re-Categorization separation rules (RECAT Phase 2) for narrow-body aircraft operations. With 

such small wake separation, runway occupancy time could become a limiting factor in runway 

operations.  

This study focuses on arrival operations at airports. Runway Occupancy Time (ROT) is the time 

that an airplane spends on an active runway. In the past two decades, several techniques have been 

used to estimate runway occupancy time and estimate optimum runway exit locations. The 

Virginia Tech Air Transportation Systems Laboratory developed a Monte Carlo simulation model 

to estimate aircraft landing roll profiles for various aircraft with the final goal to predict ROT times 

[25]. A dynamic programming approach was used to find the optimum location of runway exits 

based on simulated landing roll profiles [13][14][15]. More recent studies further demonstrated 

the importance of runway occupancy time in airport capacity and mixed runway operations 

through simulation [7][16][18][19][20]. In another study, the impact of various ROT distributions 

on runway arrival throughput was studied [21]. There have been studies to determine the influence 

of runway occupancy time on the airport throughput [20]. Other studies compared the arrival 

capacity of airports considering the minimum separation between arrival pairs based on their wake 

vortex categorization. The airport capacity with minimum separation between arrival pairs was 

based on the runway occupancy time of the lead aircraft [21]. In a very similar approach various 
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percentiles of ROT were tested to find the impact on airports arrival throughput when the minimum 

separation can be the ROT of the lead aircraft [5]. In another study, runway landing occupancy 

times for airplanes of different wake categories are used to model the capacity of closely-spaced 

parallel runways [22]. In another study the arrival ROT was calculated as part of the taxing phase 

for arrival flights [23]. Most fast time simulations like SIMMOD Pro, TAAM, and AirTOp require 

user-defined (or default) runway occupancy times to simulate aircraft arrival operations [24]. 

Simulation model users are required to either collect runway occupancy time statistics in the field 

or employ dedicated runway occupancy time simulation models developed two decades ago [7]. 

Another study used runway occupancy times for departure and arrival flights to solve the problem 

of aircraft-sequencing at airports by using genetic algorithms [26]. The dispersion of runway 

occupancy times for arrivals at an airport, could create significant losses in airport capacity, create 

delays in handling airport operations, and cause reductions in precise trajectory adherence [27]. In 

another study the runway occupancy times and arrival separation times of arrival operations at 

LaGuardia airport during July 1984 were analyzed [28]. Since runway occupancy times are very 

essential for the traffic flow at airports, NASA developed a dynamic runway occupancy time 

measurement system which was used in an analyses aimed at improving the efficiency and safety 

of surface operations [29]. The impact of reduced inter-arrival separations and runway occupancy 

times were analyzed in another study [30]. Specifically, for high speed exits, the optimal suggested 

locations of runway exits were identified with a dynamic programming optimization [15]. Detailed 

performance of airplanes taking high speed exits were simulated by using Monte Carlo approaches 

[14]. Trani used distributions of runway occupancy times for developing a simulation approach to 

estimate the airport runway capacity [39]. The impact of gate locations on aircraft exit utilization 

behaviors was modelled by defining horizontal distances from the runway threshold [31]. After 
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analyzing two years of ASDE-X data, we noticed that an advanced data-driven approach is 

required for modeling aircraft landing behavior and estimating runway occupancy times. The other 

attempts for estimating runway occupancy times were not sophisticated enough to replicate the 

individual aircraft behavior for the current 274 unique aircraft types in the national airspace system 

[30]. 

Runway occupancy time is a stochastic parameter dependent on many factors including runway 

length, exit locations, gate locations, pilot motivation, and aircraft type. Since many airport 

simulation studies require ROT data at either individual or group levels, it is essential to have an 

accurate model to predict runway occupancy times under various operational conditions. Runway 

occupancy times can vary from airport to airport for many of the reasons stated. Analysis of Airport 

Surface Detection Equipment Model-X (ASDE-X) data illustrates the point (see Figure 28). Figure 

28 shows the variability of runway occupancy times at Atlanta Hartsfield-Jackson International 

Airport (ATL). Runway length, aircraft fleet mix and runway exit differences yield large 

differences in the medians of ROT according to the Figure 28. Runway 08L (a primary landing 

runway) has two well-located, high-speed runways exits resulting in median ROT values close to 

40 seconds (to aircraft nose reaching the runway imaginary plane). Runway 26L is primarily used 

for departures and has two high-speed exits located far downrange into the runway. The median 

ROT time for this runway is 15 seconds higher than runway 08L. This implies that for similar 

aircraft fleet mix, a set of poorly located runway exits may increase the runway occupancy time 

substantially. 
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Figure. 28 Atlanta Hartsfield-Jackson International Airport Cumulative ROT Distribution Plot. 

 

Some factors affecting runway occupancy time are more difficult to quantify. For example, gate 

location and pilot motivation can play a significant role in runway occupancy times. Consider the 

case of San Diego International Airport (SAN). Analysis of ASDE-X data indicates that Southwest 

Airlines flights landing at the airport vacate the runway earlier due to the location of the Southwest 

Airline terminals (see Figure 29). Figure 29 presents the distribution of runway occupancy times 

for narrow-body aircraft operated by three airlines at SAN landing on runway 27. Figure 29 shows 

Southwest Airlines flights in blue, United Airlines in orange and American Airlines in yellow. 

Southwest Airlines pilots are clearly motivated to use earlier runway exits to reduce taxiing times 

to the gates assigned to the airline. Figure 29 shows that for the same aircraft class, airline pilots 

will extend or shorten their landing roll to match suitable runway exits closest to their assigned 

gates. Delaying the exit location further downrange, can have a substantial effect on runway 

occupancy times as shown in Figure 29.  
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Figure. 29 Variability of Runway Occupancy Times for Similar Aircraft Types Operating at Different 

Gate Locations. 

 

3.2 REDIM Model Version 2 
 

Runway Exit Design Interactive Model (REDIM) was initially developed in 1990 for NASA 

[17][25]. The model was built to assess the runway occupancy times on runways and find the 

optimal location of runway exits and geometries to minimize the weighted average runway 

occupancy times. The input data for the earlier versions of that model were derived from collected 

video data. After converting the recorded landing videos to numerical data, many relations were 

extracted to find the projected behavior of pilots on runways while crossing the runway threshold, 

touching down, braking on the runway and eventually taking a runway exit to evacuate the runway. 

The original version of the model had an evaluation module that would run various iterations with 

a Monte Carlo simulation approach to simulate landings on existing runways with known 

environmental conditions such as runway length, runway width, percentage of wet and dry, and 

runway elevation. The output of evaluation module was a weighted average runway occupancy 

time, and an exit utilization table which showed the user how many times each of the entered 
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aircraft in the fleet mix share used a specific runway exit. The other critical feature of the model 

was its optimization module which used dynamic programming to let the users know about the 

optimal location of runway exits on an empty runway [39][45][46[47]. The optimization module 

was very essential in designing brand new runways around the world, as analysts used REDIM to 

design optimum locations for the runway exits on various runways [25]. REDIM model was used 

for designing the location and geometries of runway exits on new runways at many facilities 

including:  

1- John F. Kennedy International Airport (JFK) 

2- Seattle Tacoma International Airport (SEA) 

3- Los Angeles International Airport (LAX) 

The model has also been in use for producing cumulative density functions of runway occupancy 

times to be used in airport delay estimation via advanced node-link structured simulation 

applications such as SIMMOD. 

Although the earlier versions of REDIM model were essentially important in analyzing the runway 

occupancy times and optimal exit locations, there are many inefficiencies in the assumptions and 

input data for the early versions of REDIM model which makes it not as useful as it used to be for 

analyzing more recent operations at big airports. 

The following bullet points represent some of the shortages of the earlier versions of REDIM 

model which makes it less efficient in designing new runway exits based on recent operations at 

airports: 

1- The collected video data which resulted in numerical equations for REDIM2 includes only 

five distinct aircraft types with their performance charts updated at or prior to 1990. Today 
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based on the developed landing database, we know that there are 274 unique aircraft types 

which every single of them show particular sort of behaviors on runways which should be 

modeled accordingly. 

2- REDIM2 assumes a linear correlation between touchdown location, touchdown distance, 

and nominal deceleration with the runway lengths. Therefore, for various aircraft types, for 

each specific runway length, there will be a single value assigned to the critical landing 

parameters. Today we know that there can be a correlation with the centrality of each of 

those distributions with runway lengths, however many different combinations are 

observed that yield a more complicated situation compare to a single output of some linear 

functions. For each of the mentioned parameters, we observed large distributions of data 

with specific behavior on each runway. Therefore, for each aircraft type, thereôs a need to 

upgrade the algorithms for generating critical landing parameters. 

3- In REDIM2, the exiting speed should be entered by the user, therefore there is a single 

value associated with the exiting moment whenever a simulated arrival flight wants to 

evacuate the runway. If the user chose the default value for exiting speed, for very limited 

number of runway exits, the average observed value from the video data would be selected 

for each exit type. Today, based on the observations from the landing database, we know 

that there is much variety in runway exit geometries than the typical acute-angle, right 

angle, and back-turn exits used for categorizing runway exits. Moreover, we have more 

variety in the geometry features. Still, we have also seen distributions of speeds at the PC 

point for various types of runway exits for multiple types of aircraft. Therefore, there is a 

need for improving the functionality of the runway exit design model for generating more 

realistic exiting speed values for different aircraft types. 
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4- Finally, REDIM2 was trying to model and simulate the nominal behavior for arrival flights. 

Based on our observations, we noticed that some carriers based on their preferred taxiways 

or terminal location show some motivational factors while evacuating runways. This kind 

of behaviors cannot be considered as nominal. There are some extreme cases when pilots 

either pass by the runway exits which they could easily take in order to take further runway 

exits and save taxi times, or they brake harder than their nominal performance to optimize 

the ROT and shorten their taxing distance towards the allocated terminal for their airline. 

We will discuss the proposed methods in the new version of the REDIM model in chapter 

5 in more details. 

3.3 Methodology 
 

3.3.1 Runway Exit Clusters and Exiting Speeds Distributions 

 

As we mentioned earlier in this chapter, one of the inefficiencies of the earlier versions of the 

REDIM model was that the exiting speed at the PC point was defined by users and it was a single 

value for limited number of exit types. After reviewing the final distributions extracted from the 

landing database, we noticed that each aircraft type has various values of exiting speeds at the PC 

points, which the overall range of those numbers might vary due to differences in runway exits 

geometry features. For example, in Figure 30 we represent the CDF plots for the exiting speed 

distributions of Airbus A319 at three traditionally classified runway exits as high speed exit, right 

angle exit, and back-turn exit. As shown in Figure 30, the values of speed from the represented 

distributions are clearly separated from each other. Here by high speed exit we mean an exit angle 

of 30 degree and a radius of 1800 (ft.) and for right angle exit we mean an exit angle of 90 degree 

with a radius of 200 (ft.) and for back-turn exits we mean an exit angle of more than 105 degrees 

with a radius of 161 (ft.). While the average exiting speed at high speed exits for A319 was around 



55 
 

51 knots, that aircraft took right angle exits with an average of 20 knots and the lowest average 

exiting speed was for back-turn exits with 17 knots. Obviously, the runway exit geometry has 

impact on the values in the exiting speed distribution. For estimating the proper values of exiting 

speeds at PC points, first we have to understand the number of true categories for runway exits 

that we collected in our database. In chapter 2 we mentioned that we collected the geometry 

information for 3ô385 runway exits from all the 37 ASDE-X supported facilities in the country. 

For each of those exits we collected three parameters: exit angle, radius of the arc, and the path 

length from the point of curvature to the exit hold-bar. Previously, FAA used to classify runway 

exits based on their angles [26]. There were some thresholds for the exit angles that would identify 

the type of an exit. However, we noticed that in many facilities while the exit angles might match 

the defined ranges for specific exit categories, there are significant differences among the radiuses 

of the arcs and the exit path lengths. One approach is to call all of those exits as non-standard, 

however when we monitored all the parameters extracted for the runway exits, we noticed that 

there are multiple categories and we need to cluster our non-labeled data to find out the true 

categories for the runway exits. 
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Figure 30. Distribution of Exiting Speeds of Airbus A319 at Traditionally Classified Runway Exits. 

The best way to understand the information for runway exits is to visualize the three available 

features that we have. In chapter two in Figure 13 we saw the histograms for each of the parameters 

and noticed that the majority of the runway exits in the country are right angle exits. Here we 
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demonstrate a 3 dimensional visualization by using all the features together to see whether we can 

extract meaningful patterns among our runway exits or not. 

 

Figure 31. 3 Dimensional Plot for all the Collected Runway Exits Geometry Parameters. 

As we can see in Figure 31, just based on the values shown on the x-axis which are the exit angles, 

we cannot cluster our runway exits efficiently. The 3 dimensional graph clearly tells us that the 

categories of the runway exits can be identified by analyzing all the three features together. 

Therefore, a k-means clustering algorithm was used to identify the label of the runway exits. K-

means clustering is a popular methodology for identifying potential groups among unlabeled data 

[32]. Since, at the beginning of the analysis we are not sure that how many exit clusters can 

represent all of our 3ô385 runway exits, we ran our clustering algorithm from 1 to 50 clusters and 

check the elbow-plot of our clustering steps and find the optimum number of clusters that yields 

the minimum sum of distances from cluster centroids. Moreover, since the range of values among 

the three features of the data are significantly different, we standardized all the features before 

running the clustering analysis by using the z-score method. Even though we selected k-means 

algorithm for clustering our runway exits, it is always better to evaluate the distances of the input 
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data in the space from each other by analyzing the dendrogram of the input data after calculating 

the linkages. Dendrograms are useful for visualizing the clustering groups of hierarchical 

clustering results [33]. For this purpose, we calculated the average distance between every pairs of 

data points in the space and created the following dendrogram. 

 

Figure 32. Dendrogram of Runway Exits Average Distances Based on their Geometry Features. 

As Figure 32 suggests, based on the hierarchical clustering algorithm fed by average distances 

between every pairs of data points, there are potentially 30 exit clusters that can represent all of 

our runway exits. Therefore, we can reduce the maximum number of clusters that we wanted to 

check from 50 to 30 and run the k-means algorithm from 1 cluster to 30 clusters and identify the 

optimum point. When we face an unsupervised learning problem similar to what we have here, 

there are usually no absolute correct answer for the number of clusters. Depending on the research 

purposes or different aspects of data people can select their own desired number of clusters. 

However, here we try to choose the optimum representative number of clusters as technically 

proven as possible [34]. As shown in Figure 33 which depicts the sum of distances from clustersô 
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centroids for various numbers of clusters, after 20 clusters the graph doesnôt show considerable 

difference, therefore we can select any number equal or above 20. For keeping our problem and 

data analysis as simple as possible, we chose 20 clusters to categorize each of our runway exits 

within each of those cluster families. 

 

Figure 33. Knee Plot for Runway Exits Identification of Optimum Cluster Number. 

Before moving on and predicting the exit speed for each aircraft at the PC point based on our recent 

clustering algorithm, we take a closer look at our data again but this time we label each data point 

in the runway exit database with their associated cluster label. Remember that we have 20 clusters 

now, so we represent all of our exits within the cluster family that they had the minimum distance 

from the generated centroid of that family. Figure 34 represents the distribution of runway exits 

among each cluster family. As it is shown in Figure 34 and we talked about it earlier right angle 

exits and generally non-standard exits are amongst the most popular ones in the runway exit 

database. Lots of those exits were clustered in groups 1,7,8, and 19. 
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Figure 34. Number of Members in Each Exit Cluster. 

 

Since we had the 3 dimensional visualization of our exits, we can now re-draw them in the 3D 

space and evaluate how theyôre grouped together into different clusters. Figure 35 represents the 

3D graph of runway exit geometry parameters and their assigned clusters. To avoiding confusion, 

we represented the parameters for runway exits belonging to 10 clusters out of 20. It is obvious 

from Figure 35 that different ranges of values of radius, path length, and exit angle help in 

differentiating runway exits from each other and can validate our clustering approach. Moreover, 

with the help of clustering algorithms, we can identify outliers and bad data points which could 

have collected incorrectly at the time of measurements. 
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Figure 35. 3 Dimensional Graph of Runway Exits with Their Assigned Cluster Groups for 10 Clusters out 

of 20 Total Groups. 

 

Now that we clustered the runway exits based on their geometry features, we need a procedure to 

retrieve proper exit speeds for individual aircraft types. We know that the geometry of the exits 

has an impact on the range of exiting speed values, but coming up with a general linear formulation 

doesnôt sound reasonable since each of the unique aircraft types in the database has shown various 

speed ranges at different runway exits. Many factors such as the time of the operation, the demand 

for landing, the commands from the ATC tower, and pilot preferences based on either the carrier 

guidelines or self-experiences play role in the aircraft speed at the PC point. Therefore, we should 

either break the problem into many sub-problems and ask the user to enter enormous amount of 

input information such as the time of the operation, the carrier type, etc. or we can come up with 

an acceptable approach in deriving suitable values from the data. For this study we chose a data-

driven approach. Therefore, for every cluster that we formed we collect all the incidents from the 

ASDE-X data that individual aircraft types used each of the exit clusters, then we assign non-

parametric Kernel distributions to all the collected values within each cluster for every individual 

aircraft type. This way we make sure that not only all of our exiting speeds are coming directly 
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from the data, but also the assigned Kernel distributions will be unique for each aircraft type in 

each cluster. We truncated the distributions between their 10th and 90th percentile values to avoid 

having extreme numbers in our data. For each group a non-parametric Kernel distribution was 

assigned to the runway exit speeds at the point of curvature of the exits. Figure 36 represents the 

histograms for the exiting speeds of a popular commercial airplane Airbus A319 for all the 20 

runway clusters. The ranges of the distributions shown in Figure 36 clearly represent the unique 

behavior of each runway exit cluster in terms of the exit speed values. For example, runway exit 

clusters 3 and 20 represent high-speed runway exits with low exit angle and high equivalent radius 

and path lengths. As it is shown in Figure 36 for the mentioned exit groups the distributions show 

higher exit values compared to the rest of the exit clusters which is rational. 

 

 
Figure 36. Airbus A319 Distributions of Exiting Speeds for Each Runway Exit Cluster. 

 

Figure 36 clearly shows different ranges of exiting speeds for each runway exit cluster that we can 

retrieve proper values with the help of Kernel distributions. The differences in the distribution 
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values are very obvious among multiple exit clusters. Airplanes take high speed exits with higher 

speeds as expected. There might be some observed low speeds, but the centrality of data for high 

speed exit clusters is towards higher values. With this approach by re-sampling enough number of 

iterations for each exit type in our simulation scenarios we can make sure that a valid range of exit 

speeds will be used during each run of the model. The other benefit of this approach is that not 

only the exit speeds are cluster based, but also theyôre aircraft based as well. Different airplanes 

might take the same PC point of the same runway exit at different speeds due to their dimensions. 

The following figure for example represents this obvious difference among 6 distinct aircraft types 

from different dimensional categories. Later in this chapter we will explain the replacement of 

individual aircraft types to higher level grouped surrogates in cases that we didnôt observe 

sufficient number of incidents within each cluster. The minimum number of observations for each 

individual aircraft type within each cluster for assigning a Kernel distribution is 30. In the Figure 

37 we represent the cumulative density function for 6 distinct aircraft types from 6 different 

Aircraft Design Groups (ADG). Later in this chapter we explain more aircraft general groupings. 

The figure transfers many interesting findings about the exiting speeds. These speeds belong to 

the similar runway exit cluster index 20 which has runway exits with an average angle of 30 degree, 

and an average radius of arc of 1784 (ft.), in addition to an average path length of 1322 (ft.). This 

cluster can be considered as one of the high speed runway exit clusters. Based on the chart we can 

see the monotonic pattern up to MD11, where the average exiting speed increases by increasing 

the dimensionality of the aircraft, however we can observe that for ADG-5 and ADG-6 

representatives which are B789 and A388, we have lower captured exiting speeds. Thatôs because 

when the airplanes pass a certain size threshold, the pilots should care more and they cannot travel 
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too fast while taking a runway exit. As a summary for the figure here we present the median exiting 

speed for each of the shown airplanes in the figure: 

1- Cessna C172: 39.8 Knots 

2- Cessna C56X: 43.1 Knots 

3- Embraer E190: 46.7 Knots 

4- McDonnell Douglas MD11: 43.8 Knots 

5- Boeing B789: 39.8 Knots 

6- Airbus A388: 41.1 Knots 

It is true that by considering the entire distribution for each of the mentioned airplanes, we can run 

a hypothesis test and actually test which aircraft had higher values in overall, however a simple 

comparison of the medians can tell us about the centrality of the captured values for each of the 

mentioned aircraft types. With the help of non-parametric Kernel distribution through our clusters 

we can make sure that the resampled exit speeds in each iteration of our simulation represent the 

behavior of each individual aircraft at the PC point of runway exits in the real world. 
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Figure 37. CDF Plot for 6 Distinct Airplanes from 6 Distinct ADG Groupings. 

Every time we label a set of data points through an unsupervised learning, we need to train 

classifiers in case someone wants to enter their desired input parameters for the initial input data. 

Here we initially clustered our runway exits based on the 3ô385 data points that we collected from 

all the 37 ASDE-X supported airports in the United States, however if in future a user would desire 

to enter their own customized parameters for each runway exit, we need to let them do that. For 

that purpose, a classification model trained on the current labeled data is required to classify a new 

customized runway exit based on the user input information. 

For the classifier, we used the bagging method for decision trees. Decision trees are simple and 

popular classifiers that try to derive rules from the train data to classify their labels based on those 

rules. Even though it is very easy to train a decision tree classifier, since they can easily over-fit 

on the train data, it is recommended to use ensemble methods to avoid overfitting and improving 

the classification accuracy. One well known ensemble method is bootstrap aggregating or bagging 

method. In this method several random decision trees combine with each other and form the final 
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classifier to find the labels of the input data [35][36]. This way we train multiple decision trees 

randomly, and at the end we take the average of all the classifiers for our final model for continuous 

predictions and we take the most common vote for categorical predictions. Using the average of 

multiple random decision trees will reduce the variance in output results and as mentioned before 

helps with the overfitting problem. We selected 50 random decision trees to form our final 

classifier on customized runway exits. Since the data points were few, we selected 80% of the 

runway exits as train points and the remaining 20% as test points to evaluate the performance of 

our classifier. The trained TreeBagger gained an accuracy of 97.5% on the test set. Figure 38 

represents the tree style set of rules that the final trained classifier utilizes for labeling the data. 

 

Figure 38. Final Set of Rules for the Trained Classifier Which Labels Customized Runway Exits. 

 

In the final interface for the model application, the users will have the option of selecting from the 

provided 20 exit clusters. The users will also have the option of entering their own measured 

parameters for their desired runway exits and the trained classifier will identify the runway exit 

cluster label and will retrieve the proper exiting speeds based on the selected fleet mix. In the 
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Appendix A the runway exit clusters are attached to the initial estimated geometry features for 

each runway exit. 

3.3.2 Runway Clusters and Landing Parameters Distributions 

 

For simulating the arrival flights on the runway, we need to have a deep understanding of the 

critical particles of a successful landing profile from the runway threshold to the runway exit hold-

bar. The most significant variables for each arrival flight while landing on the runway are threshold 

crossing speed, landing speed, landing distance, nominal deceleration rate, nominal speed, and 

exiting speed. We analyzed the exiting speeds in the previous section and could derive the proper 

distributions for exiting speeds for each individual aircraft type. Therefore, we will discuss the 

essential speed and deceleration values prior to the runway exit. Very similar to the way that we 

extracted the exiting speeds based on the geometry of runway exits, we will try to derive the proper 

speeds and deceleration rates based on the geometry of the landing runway for each distinct aircraft 

type. We know that there is some relation between the landing parameters and the runway 

geometry features such as elevation, and length. However, after analyzing millions of landing 

profiles we figured that the correlation between runway geometry features and landing critical 

parameters is way more complicated than the earlier assumptions made in earlier versions of the 

REDIM model. The following matrix scatter plot shows an example of such complexity for CLT 

airport. As we can observe in the plot, the relation between each pair of parameters is not clearly 

linear and heavily correlated. This means that for example if previously there were assumptions 

that every time a flight land on a short runway, they would have a short touchdown distance, and 

harsh nominal deceleration rates, we cannot assume the same way anymore. Similarly, assuming 

longer touchdown distances and shallower braking rates for long runways are not the case 

anymore. There are definitely some logical relations between the centrality of distributions and the 
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geometry conditions, however as we observed the same behavior for runway exiting speeds, here 

again we need to retrieve the entire associated distributions for each individual aircraft for specific 

runway geometry parameters. 

 

Figure 39. Matrix Scatter Plot of Threshold Crossing Speed, Touchdown Distance, Nominal Deceleration, 

and ROT Fuselage of all the Operations at CLT. 

 

Since we observed the variability in each parameter and we are still aware of the potential relation 

between critical landing parameters and the landing runway geometry features, we repeat the same 

approach that we took on runway exits, but this time by using the collected geometry parameters 

for the runways. We clustered 290 distinct runway ends that we have in the database based on their 

length, number of runway exits beyond 2000 (ft.), distribution of runway exits along the runway 

length (ratio of PC distances over runway length), and the average distance of runway exits from 

the threshold. All of those features were selected as they have impact on the runway exit selection 

for each landing flight. Similar to the way that we selected the potential number of clusters for 

runway exits, we repeated the hierarchical clustering method to examine our 290 runway ends and 
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see how many cluster groups can potentially represent them with respect to the selected features. 

Similar to our runway exit clustering, we have a first guess that we can start with 30 clusters at 

maximum. Therefore, we form our elbow plot again with a variable number of clusters from 1 to 

30 and see when we can find a proper index where the sum of distances from centroids is not 

changing anymore. 

 

Figure 40. Dendrogram of Runways Average Distances Based on their Geometry Features. 

 

Based on the observations from the knee plot for runway clusters, we selected 20 clusters as the 

sum of distances from the centroids did not show considerable changes beyond that index. After 

having our runways clustered, it is beneficial to take a look at the cluster distributions and see how 

many members are in each cluster family. Figure 41 represents the runway lengths and the number 

of runway exits on those runways in addition to the allocated cluster for each group. The 

importance of the runway length in defining the runway clusters is obvious from the plot. There is 
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also a weak correlation between the runway length and the number of runway exits on those 

runways, as we can see a weak linear relation between the values shown. 

 

Figure 41. Number of Runway Exits vs. Runway Lengths Among Different Runway Clusters. 

 

Now that we identified the runway clusters among all the 290 distinct runway ends that we have, 

we should collect the distributions for critical landing parameters for each individual aircraft type 

within each runway cluster. The runway clusters will play significant role in selecting the 

appropriate Kernel distributions for threshold crossing speeds, touchdown distances, and nominal 

decelerations. Therefore, every time a user enters a specific runway geometry, after finding the 

correct runway cluster label for the entered runway, Kernel distributions for the landing parameters 

are retrieved for each of the selected aircraft types in the fleet mix table. With sufficient number 

of iterations that we will explain later in this chapter, we can make sure the algorithm will retrieve 

enough data points to reflect the nominal behavior of each individual aircraft type on that specific 

runway. Figure 42 shows an example of touchdown distributions for Boeing B737-800 among all 
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the runway clusters which this aircraft operated in the landing database. For each of the assigned 

Kernel distributions, after removing outliers we truncated the values between the 10th percentile 

and the 90th percentile of the distribution values in order to remove the extreme low and high 

observed values from the database. In the figure the two parallel vertical red lines represent the 

10th and 90th percentile of each distribution accordingly. 

 

Figure 42. Distribution of Touchdown Locations for B738 on Various Runway Clusters. 
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Figure 43. CDF Plots for B738 Nominal Deceleration on Different Runway Clusters. 

 

Figure 42 and Figure 43 clearly represent different behaviors on different runway clusters. For 

example, if we take a look at the values in both plots for runway cluster 13, we can see that not 

only the touchdown locations are shorter compare to many other runway clusters, but also the 

values for nominal decelerations are on the higher side. The average runway length in cluster 13 

is 6ô673 (ft.) which is relatively short and basically pilots who land on those runways donôt have 

long available landing distances, therefore they have to land short and brake hard in order to make 

to the runway exits successfully. Moreover, the average PC location of the runway exits located 

on the runways in cluster 13 family is 3ô811 (ft.) which tells us again that it makes sense to observe 

a pattern in flights behavior similar to what we see in Figures 42 and 43. 

Similar to runway exits that we trained a classifier after labeling our non-labeled runway exit 

database, we trained 50 random decision trees and bagged them to come up with a final classifier 

for runways in case a user wants to enter their own desired parameters for the simulation runway. 
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Therefore, whenever a user enters his or her own parameters for the runway, the trained classifier 

identifies the label for the brand new runway and then based on the entered fleet mix proper runway 

distributions will be picked and we randomly generate critical parameters for each iteration of our 

simulation model. Later in this chapter we represent a simple example of an evaluation case and 

we will explain about the generated critical landing parameters. 

3.3.3 Speed Corrections for Altitude 

 

The elevation of the runway end has an impact on aircraft approach speed. The higher the 

elevation, the faster the aircraft approach speed will be since by increasing the elevation we will 

have less density and that causes speed gain. Therefore, one of the critical environmental 

parameters for the simulation of landing flights is runway elevation. We need that input from the 

user to correct the approach speeds from the sea level. The following equation is what we use to 

correct the approach speed at a different altitude. Equation 1 shows the correction formula for 

editing approach speed at a certain altitude in regards of its sea level approach speed. In this 

equation V2 is the speed at the desired altitude, V1 is the speed at sea level, ” is the density ratio 

of the air at sea level and ” is the density ratio of the air at the desired altitude. Density ratios can 

be interpolated based on the standard ISA conditions which define the air density ratio as a function 

of the temperature and altitude. 

ὠ  ὠ         Equation 1. Approach Speed Correction Formula. 

 

3.3.4 Algorithms for Aircraft Runway Evacuation 

 

We talked about the critical landing parameters. We also talked about the procedure for randomly 

generating stochastic values for exiting speeds. However, after reaching to the PC point of the 
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runway exit, the aircraft still has to traverse the remaining distance from the PC point all the way 

to the runway exit hold-bar. This part will take another few seconds on the runway and depending 

on the aircraft exiting speed, deceleration rate along the path length of the exit, and the distance to 

the hold-bar it can take a range of values to evacuate the runway entirely. For defining the time 

and distance that it requires the aircraft to evacuate the runway entirely, we integrate the location 

of the aircraft numerically with steps of 0.1 seconds and appropriate deceleration rate, until the 

entire fuselage is recognized to be fully out of the runway. In chapter 2 we talked about the aircraft 

dimension database, therefore we know what is tail span and wing span for each of the vehicles in 

our model. We just need to identify a procedure to calculate the deceleration rate along the path 

length of the runway exit and use it in our numerical integration method. 

 

Figure 44. Exiting Speeds for Various Flights from ASDE-X Data at the PC Points vs. Average 

Deceleration Rates Along the Exit Path. 

Figure 44 shows a strong linear correlation between the speed at the PC point of runway exits and 

the average deceleration rates along the runway exit path. For predicting new values, we fitted a 

linear regression model to the speed values in knots to predict the deceleration values in meter per 
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squared seconds. The following equation represents the relation between exiting speeds in knots 

and the deceleration rate along the exit path from the PC point to the hold-bar of the runway exit 

in meter per squared seconds. The R-squared value for this fitted equation is 0.73. 

Deceleration Rate = -0.0270993813190620*(Exiting Speed Knots) + 0.550469480264916   
Equation 2. Linear Equation for Finding the Deceleration Rate Along the Exit Path Based on the Exiting 

Speed. 

For examining our fitted equation, we tested the numerical integration algorithm for 3ô000 

randomly generated Airbus A319 airplanes. The deceleration rate along the exit path is derived 

from Equation 2. Figure 45 represents in the 3D plot for the simulated test flights. As we can see 

in the plot, thereôs a logical correlation between seconds required for vacating the runway, the 

selected deceleration rate, and the speed at the PC point. Basically, the faster airplanes would be 

at the PC point, the sooner they can vacate the runway, but they have to brake harder to reduce 

more speed before getting to the exit hold-bar. 

 

Figure 45. 3 Dimensional Plot for Average Deceleration Along Exit Path, Exiting Speed, and Evacuation 

Time Required for Exiting Runway. 
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3.3.5 Wet and Dry Conditions 

 

Another important environmental parameter which has impact on the intensity of the friction 

between the runway pavement and the aircraft landing gear and nose gear, is the percentage of wet 

and dry pavements. This input parameter should be entered as two separate percentages which 

sums up to 100 percent. Basically each of the entered percentages define the amount of time the 

pavement is wet or dry. This parameter can be estimated by designers while theyôre analyzing their 

preferred facility based on the historical weather data. In the simulation model we consider a 15% 

loss in nominal deceleration rate and deceleration rate along the runway exit path. Therefore, 

whenever a sample from the percentage of the wet pavement is sampled, the stochastic value for 

its randomly generated nominal deceleration will be reduced by 15% of its value. Moreover, after 

the simulation logic chooses a feasible runway exit for evacuating the runway, the value of the 

deceleration rate after the exit PC point will be reduced by 15%. 

3.4 All Parts Combined Together ï A Simple Example 
 

In this section, we discuss the hybrid method to simulate individual aircraft landing roll profiles to 

estimate Runway Occupancy Time (ROT) and exit distance location. We use a Monte Carlo 

simulation approach for simulating critical events of each aircraft landing and then connect those 

events using simple kinematic rules. In order to generate stochastic landing parameters for each 

landing profile, we use parameter distributions extracted from ASDE-X data. Figure 46 shows the 

critical landing roll events selected for the simulation model. In the simulation, each landing 

instance begins with a randomly generated threshold crossing speed based on the Kernel 

distributions associated with the generated aircraft type on the defined runway cluster. Like all 

other landing parameters, the landing speed is obtained from distributions based on the ASDE-X 
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data. A nominal deceleration rate is generated from ASDE-X data for individual aircraft types 

from the proper distribution retrieved for the simulation runway cluster. In the model, we define 

the concept of nominal speed as the speed and time event where a pilot starts evaluating the current 

aircraft position and runway exits located further downstream. The nominal speed is normally 

associated with the search for suitable runway exits. After analyzing of hundreds of ASDE-X speed 

profiles, we found that the nominal speed for most of the commercial aircraft ranges from 85 to 70 

knots. Small General Aviation aircraft are observed to have significantly lower nominal speeds 

(40-55 knots). Since there is a wide variety of velocity profile behaviors for different classes of 

aircraft, we define the nominal speed based on the approach speed of every aircraft in the 

simulation. For the landing roll, simulation is based on the Aircraft Approach Category (AAC) 

groups. In the modeling paradigm adopted, a pilot will continuously assess the speed of their 

aircraft and runway exits located downstream that may be suitable to exit the runway. In general, 

pilots have a priori information about runway exits before landing. Such information is contained 

in airport diagrams available in either printed or electronic form (i.e., electronic flight bag). For 

each landing iteration, we generate random exiting speeds for each unique runway exit type on the 

runway. The stochastic generated speeds are based on the Kernel distribution of the associated 

aircraft type and runway exit cluster. The generated speed works as a control parameter to limit 

the highest value of runway nominal speed obtained in the Monte Carlo simulation.  Before 

finalizing the exit utilization in each iteration we check if the deceleration rate from the nominal 

speed decision point to the point of curvature exceeds a maximum deceleration threshold. If the 

ratio of the mentioned deceleration rate over the previously generated nominal deceleration is 

below 120%, we allow that exit assignment and we continue on estimating time parameters, 

otherwise we donôt finalize the exit assignment and we keep checking the remaining runway exits 
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until we pass all the mandatory conditions. The ratio that we picked for this control loop is 1.2 and 

that means that we let the flights to even brake 20% higher than the first phase if they can make it 

to the closer runway exit. While the average ratio from the ASDE-X data is around 95%, we have 

observed many regional jets using an extra braking power to evacuate the runway earlier. For 

avoiding runway overruns and making our simulation scenarios more realistic, in every simulation 

case we place a right angle exit at the end of the runway. Those right angle exits might be taken in 

situations that generated random events would belong to the tail of the distributions. 

 

Figure 46. Velocity Profile Phases Modeled in the Monte Carlo Simulation Model. 

  

In each simulated landing iteration, once a flight is assigned to an exit, we estimate the ROT time. 

ROT time is the summation of the individual times for key parameters defining the generated 

landing profile. The landing roll profile includes: a) air time from threshold crossing point until 

touchdown moment, b) free roll time from main gear touchdown until braking, c) activating brakes 

time until reaching the nominal speed, d) nominal speed until the runway exit point of curvature 
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location is reached, and e) runway exit point of curvature speed until the aircraft vacates the 

runway. 

To estimate the landing roll turning time, we use a numerical integration algorithm (depending 

upon aircraft) that integrates the instantaneous position of the aircraft with small time steps into 

the future. For generating meaningful stochastic values for every shown phase in Figure 46, we 

construct useful distributions of airplanes behaviors from ASDE-X data. We parsed, analyzed, 

cleaned, and mined around 12 million arrival flights from 37 ASDE-X airports in the United States.  

An important difference between the algorithm described in this paper and old algorithms such as 

those contained in REDIM 2 is that the new algorithm has the capability of modeling individual 

aircraft behaviors. Having 37 ASDE-X data sets helped us gathering information for 274 unique 

aircraft.  

In this section we represent preliminary results using the newly developed simulation algorithm. 

The results which we represent in this section are related to runways evaluation cases where users 

can run the simulation model with the fleet mix of their choice, and their preferred runway exit 

types and locations on the runways to estimate the weighted average runway occupancy time. We 

chose runway 10C from Chicago OôHare Airport for our case study. Table 4 represents the selected 

fleet mix for the case study that we ran our simulation for. 

Table 4. Fleet Mix for the Simulation Case Study. 

Aircraft Type Fleet Mix 

Airbus A319 20% 

Airbus A320 20% 

Boing B738 20% 

Boing B772 20% 

Embraer E190 20% 
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Figure 47 shows runway 10C at Chicago OôHare International airport with the runway exits on the 

runway. For the simulation tool we designed an interactive map system that users can select their 

favorite airport and runway and then from a list of existing runway exits, they can select the ones 

that they prefer to keep open during the simulation scenario or they prefer to close and not letting 

any airplanes using them. This functionality is extremely helpful for the occasions where airports 

have undergoing construction projects and they have to close some runway exits. In Figure 47 we 

represent the open exits with green and the closed exits with red. The imaginary exit arc from the 

point of curvature all the way to the exit hold-bar is drawn as well. For making our test case more 

realistic, we closed the right-turn exits and turn-back exits on the runway, therefore all the open 

exits will lead to the main terminal areas of the airport and provide enough space for airplanes to 

have higher exit speeds at the point of curvature. 

 

 

Figure. 47  Runway 10C at Chicago O'Hare International Airport with the Open and Close Exits for the 

Simulations Scenario. 

We ran 10,000 landing aircraft iterations for the test case with the given fleet mix and exit 

condition. The weighted average ROT for the given condition was 58.9 seconds. Figure 48 shows 
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the cumulative density function graph for exit utilization in the tested scenario. We can see in 

Figure 48 that runway exit P6 attracts close to 40% of the entire fleet mix. This high-speed exit is 

located 6,300 (ft) from the runway threshold point. Around 90% of our simulated flights leave the 

runway by using available exits prior to 9,000 (ft) from the runway threshold. 

 

 

Figure. 48 Exit Utilization Cumulative Density Function Plot. 

 

Figure 49 shows the speed-distance profiles for simulated flights in the model test case. The figure 

shows that aircraft approach speeds are limited to narrow ranges due to aerodynamic laws driving 

the process. The general trend of reductions of speed and slowing down on the runway is shown 

in Figure 49. An important aspect of the new algorithms presented, is the ability to produce 

stochastic speed values up to the exit speed point. The character of continuous distributions is 

clearly shown in Figure 49 where every speed profile ends at the point of runway exit curvature.  
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Figure. 49 Speed- Distance Profiles for the Simulated Flights. 

 

Figure 50 shows a summary of every landing event generated for simulated flights in a stacked bar 

format showing individual components. The red dots in Figure 50 represent taken runway exits 

and other colors in the stacked bars show different generated random events that construct a 

complete simulated landing profile for each flight.  

 

Figure. 50 Generated Random Events for Each Simulated Flights. 

 

 




































































































































































































































































































































































































































































