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Background

ÅFAA and Eurocontrol published metrics to evaluate flight en 
route inefficiency, and understanding the mechanism behind 
the inefficiency is of great importance;

ÅFor flight delay we have:

ÅWhat about en route 

inefficiency?
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Sources: 
http://www.transtats.bts.gov/ot_delay/ot_delaycause1.asp?type=5&pn=1

http://www.transtats.bts.gov/ot_delay/ot_delaycause1.asp?type=5&pn=1


Defining En Route Inefficiency

ὍὲὩὪὪὭὧὭὩὲὧώ
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4

Åὃ: Actual flown distance from exit point to entry point;

ÅὈ: Great circle distance between local entry and exit point;

ÅὌ: Achieved distance (related to great circle distances from 
exit/entry points to arcs surrounding arrival/departure airports).

Sources: 
https://www.faa.gov/air_traffic/publications/media/us_eu_comparison_2013.pdf
https://www.eurocontrol.int/sites/default/files/content/documents/single-sky/pru/news-related/2013-05-08-slides-workshop-
achieved-distance.pdf
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https://www.faa.gov/air_traffic/publications/media/us_eu_comparison_2013.pdf
https://www.eurocontrol.int/sites/default/files/content/documents/single-sky/pru/news-related/2013-05-08-slides-workshop-achieved-distance.pdf


Project Goals

ÅSupport FAA in developing en route inefficiency performance 
metrics

ÅFor selected metrics, identify reasons for inefficiency
ïNAS route structure

ïConvective weather

ïTraffic management initiatives (TMIs)

ïWinds

ÅEventually allow comparison with other ANSPs such as 
Eurocontrol
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Data Sources

ÅFlight Event Data

ïFrom FAA Enhanced Traffic Management System (ETMS)

ïFlight level performance records from 2013 to 2014

ïWe only focus on the traffic among the U.S. core 34 airports

ÅFlight Track Data

ïFrom FAA Traffic Flow Management System (TFMS)

ïCurrently we focus on eight pairs in 2013: 

IAH BOS, ORD DCA, JFK LAX and FLL JFK
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Summary Statistics
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ÅFlight Event Data

ïRecord the flight level distance measures, 
including filed distance, flown distance 
and achieved (benchmark) distance 

ïAround 3 million flights per year in/out of 
core 34 airports, accounting for about 
50% of total flights in/out of the US;

ÅFlight Track Data

ïRadar track points: 

Latitude, Longitude, Altitude, Time, Ground 
speed



En Route Inefficiency vs Great Circle Distance 
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Gap Between Actual and Flight Plan Distance
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Inefficiencies for Representative Airport Pairs (2013)

ATL to ORD (6.86%) ATL to LAX (1.28%)
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Patterns of Variation in Flight En Route Inefficiency

ÅQuantify how departure/ arrival airports, seasons and flight 
ƭŜƴƎǘƘ ŀŦŦŜŎǘ ŦƭƛƎƘǘǎΩ Ŝƴ ǊƻǳǘŜ ƛƴŜŦŦƛŎƛŜƴŎƛŜǎΤ

ÅWe use linear regression to build two fixed effect modelsto 
estimate those effects;

ÅThe first model investigates the independent effects of 
terminals, month, and flight length, while the second model 
takes a closer look at the monthly variations within each 
departure/ arrival airport.
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Model Specification
ÅModel I: Include airports, months and flight length categories as explanatory 

variables, and monthly variation is airport independent. (6M observations, 82 
Variables)

ὍὲὩὪὪὭὩὲὧώ ‍ ẗὢ ‍ ẗὢ ‍ ẗ╧□▫▪ ‍ẗὈὭίὸ

ÅModel II: Include (Airport-Month) tuple and flight length categories as explanatory 
variables, which allows monthly variation to be airport specific. (6M observations, 
808 Variables)

ὍὲὩὪὪὭὩὲὧώ

ȟ

‍ẗ╧▀▄▬□▫▪
ȟ

‍ẗ╧╪►►□▫▪ ‍ẗὈὭίὸ

ïὈὭίὸȡπ ςππὔὓȠὈὭίὸȡςππτππὔὓȠὈὭίὸȡτππφππὔὓȠ

ïὈὭίὸȡφππψππὔὓȠὈὭίὸȡψππρπππὔὓȠὈὭίὸȡ ρπππὔὓ
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Model I - Estimation
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Model II ςMonthly Variation
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Why Route Selection Matters?

ÅMacroscopic models well 
explain the variation of en 
route performance, but have 
relatively low R squared;

ÅTrajectories (red curves) show 
obvious clustering in the 
airspace; 

ÅDifferent clusters appear to 
have different en route 
performance.
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IAH Ą BOS (2013)



Finding Nominal Routes 

ÅWe define Nominal Routes as the set of representative 
trajectories for a given OD pair;

ÅNominal routes help us understand the NAS route structures, 
and further en route performance;

ÅTrajectory clustering algorithm helps us achieve such goal.
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Clustering Algorithms

ÅStep 0: Trajectory Cleaning
ïExclude both spatial and temporal 

discontinuity trajectories;
ïExclude trajectories starting/ending 

outside terminal areas.

ÅStep 1: Trajectory resampling
ïGet trajectories with equal numbers of 

points;
ïLinear Interpolation (with respect to 

distance flown);
ïEach trajectory is represented by 100 

points.

ÅStep 2: Principal Component 
Analysis (PCA)
ïDimension reduction & Trajectory 

smoothing;
ïFirst five components can capture 

more than 90% of variations.

ÅStep 3: Clustering
ïTrajectory classifications;
ïDBSCAN algorithm is applied to the 

PCA components to get representative 
clusters;

ïsolve a 1-median problem to 
determine nominal route for each 
cluster
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Resampling Example

ÅLinear interpolation between 
the start and end tracking 
location for each route

Å100 pseudo points are 
predicted locations at:

ïInitial location (d0)

ïd0 + trajectory distance/99 (d1)

ïd1 + trajectory distance/99 (d2)

ïΧ

ïFinal trajectory location (d100)
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Dimension Reduction

ÅReduce the dimension of trajectories ςsave computational 
time

ÅImprove the quality of clustering ςPrincipal Component 
Analysis (PCA) can help to filter off noise and smooth the data

ÅUsing PCA, we found that the first five components can capture 
almost all the variation e.g.
ï99% for IAH Ą BOS

ï96% for FLL Ą JFK

ï94% for ORD ĄDCA
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Example of Dimension Reduction (IAHĄBOS)
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Trajectory Clustering

ÅUse trajectory PCA components to find sets of trajectories that 
are similar to each other;

ÅApply DBSCAN algorithm because it

ïDoes not need to pre-determine number of clusters

ïAllows trajectories to be identified as outliers

ïCan limit variation within each cluster
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IAH Ą BOS (1679 of original 1817)
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Black curves are classified as outliers
White Solid curves are Nominal Routes
White Dashed curve is great circle trajectory

3.81% 6.14% 2.84% 1.76% 3.26% 8.78%

Average En Route Inefficiencies

36.21% 25.25% 30.55% 0.95% 1.13% 5.90%

Weights



JFKĄ FLL (4043 of original 4273)

26

1.85% 11.59% 8.05% 12.28% 15.09% 10.00%

Black curves are classified as outliers
White Solid curves are Nominal Routes
White Dashed curve is great circle trajectory

84.14% 1.11% 9.57% 2.05% 0.64% 2.47%

Weights

Average En Route Inefficiencies



Impact of Route Selection

ÅBuild route-specific fixed effect models to capture variations in 
en route inefficiencies among representative clusters;

ÅModel specification

ïSeparate models for each airport pair

ïὍὲὩὪὪὭὧὭὩὲὧώϷ ‍ ‍ẗὢ ‍ẗὢ ;

ïὢ and ὢ are categorical variables;

ïCluster ID can be found on previous slides.
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Estimation Results
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IAH_BOS BOS_IAH JKF_FLL FLL_JFK ORD_DCA DCA_ORD

Cluster ID ςr -4.328*** -4.831*** -8.108*** -18.470*** -24.538*** -22.026***

Cluster ID ςg 0.525*** -2.463*** 1.558*** -12.457*** -7.521*** -21.908***

ClusterID ςm -3.697*** -5.801*** -1.970*** -12.956*** -15.434*** -11.593***

Cluster ID ςc -4.292*** -7.017*** 2.240*** - -19.705*** -13.695***

ClusterID - b -0.409 -5.498*** 5.058*** - - 26.114***

R squared 0.6463 0.6147 0.7523 0.5167 0.6083 0.5076

Notes:
*** p < 0.01; ** p < 0.05; * p<0.1

ÅAl the cluster fixed effects are compared with the outlier groups;

ÅWhile most of them are significant and with plausible sign, the 
explanatory power greatly enhanced.



Analysis of Variance
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ÅRoute Selection explains 
much of the variation (~60%) 
in en route inefficiency;

ÅIdentified clusters are helpful 
in understanding causal 
reasons for flight en route 
inefficiency
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