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Background D

A FAA and Eurocontrol published metrics to evaluate flight en
route inefficiency, and understanding the mechanism behind
the Inefficiency Is of great importance;

A For flight delay we hav

AWhat abouten route § Weather: 58.19%

§ Volume: 33.69%

|n9ff|C|ency? § Equipment: 0.2%
§ Closed Runway: 4.84%
§ Other: 3.08%
Sources:

http://www.transtats.bts.qov/ot delay/ot delaycausel.asp?type=5&pn=1 3



http://www.transtats.bts.gov/ot_delay/ot_delaycause1.asp?type=5&pn=1
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A 0: Actual flown distance from exit point to entry point;
A 'O: Great circle distance between local entry and exit point;

A "0 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/sincieky/pru/newsrelated/201305-08-slidesworkshop
achieveddistance.pdf



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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Project Goals
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A Support FAA in developing en route inefficiency performance

metrics

A For selected metrics, identify reasons for inefficiency

I NAS route structure

| Convective weather

I Traffic management initiatives (TMIs)
I Winds

A Eventually allow comparison with other ANSPs such as

Eurocontrol
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A Data Sources and Preliminary Statistical Analysis
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Data Sources

A Flight Event Data
I From FAA Enhanced Traffic Management System (ETMS)
I Flight level performance records from 2013 to 2014
I We only focus on the traffic among the U.S. core 34 airports

A Flight Track Data
I From FAA Traffic Flow Management System (TFMS)
I Currently we focus on eight pairs in 2013:
IAH BOS, ORD DCA, JFK LAX and FLL JFK



.ITSlx rkele

Institute of Transportation § h:dbcl

Summary Statistics

A Flight Event Data

I Record the flight level distance measure
Including filed distance, flown distance
and achieved (benchmark) distance

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

A Flight Track Data

I Radar track points:

Latitude, Longitude, Altitude, Time, Ground
speed

Real-time Trajectories: JFK->FLL
- Great Circle Trajectory
© © US Core 34 Airports
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En Route Inefficiency
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Gap Between Actual and Flight Plan Dis

(_\ Kernel density estimation: 2013
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Inefficiencies for Representative Airport Pairs (2

ATL to ORD (6.86%) ATL to LAX (1.28%)

Horizontal inefficiency for flights from ATL to ORD Horizontal inefficiency for flights from ATL to LAX
020 Points with inefficiency larger than 20% are not shown. 020 Points with inefficiency larger than 20% are not shown.
4 1 1 1 1 1 * 1 1 1 1 1 1 1 1 1 1 1 1 1 1
i i
P
+ + i
! H I : S
0.15 | H % H . f . 015 | ;
i S SR S : t
¥ I $ + I
T 1 ¥ % I s E ¥ + 4 T * T
e + I T + = + + T T T
FRETE TN TN N NN B R N : Dy
o 010} T : % T H o 010 H i !
5 | : : $ £ i \ i + +
= i - = + +
- IR * fo *
i | | | [ [ | + I 1 : + H
“oogBHeHdaons e o O
¥ i
| | | | ' ! [ ! | I | | i ! _%_ | :
1 L | | | i | . - 1 —_ i
E: i_ + 4 + I i $ T + F ; |
S B TS I 2 3 U 2 L =
nop L% i T —!— S i i i - 000 Q ; ; % % ; %
1 2 3 4 5 G 7 8 9 10 11 12 1 2 3 4 5 B 7 8 9 10 11 12
Month Month

11



OITSI)U keley

Institute of Transportation Studies

Outline

A Macroscopic Variation in Flight Inefficiency
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Patterns of Variation in Flight En Route Ineffici@éy

A Quantify how departure/ arrival airports, seasons and flight
f SY3JioK FFTFFSOO FEtAIKGIAQ Sy NI
A We use linear regression to build tviged effect model&o
estimate those effects;

A The 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 Pl

A Model I: Include airports, months and flight length categories as explanatory
variables, and monthly variation is airport independent. (6M observations, 82
Variables)
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A Model II: Include (AirposMonth) tuple and flight length categories as explanatory
variables, which allows monthly variation to be airport specific. (6M observations
808 Variables)
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Model |- Estimation
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A Impact of Route Selection on Flight Inefficiency
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Why Route Selection Matters?

IAHA BOS (2013)
A Macroscopic models well Real-time Trajectories: IAH->BOS

explain the variation of en 5 o ke Toieciony
route performance, but have
relatively low R squared,;

A Trajectories (red curves) show
obvious clustering in the
alrspace;

A Different clusters appear to
nave different en route
nerformance.

18
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Finding Nominal Routes

A We defineNominal Routess the set of representative
trajectories for a given OD pair;

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

A Trajectory clustering algorithm helps us achieve such goal.
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Clustering Algorithms

A Step 0: Trajectory Cleaning

I Exclude both spatial and temporal
discontinuity trajectories;

I Exclude trajectories starting/ending
outside terminal areas.

A Step 1: Trajectory resampling
I Get trajectories with equal numbers of
points;
I Linear Interpolation (with respect to
distance flown);

I Each trajectory is represented by 100
points.

A Step 2: Principal Component

Analysis (PCA)

I Dimension reduction & Trajectory

smoothing;

I First five components can capture

more than 90% of variations.

A Step 3: Clustering

I Trajectory classifications;
I DBSCAN algorithm is applied to the

PCA components to get representative
clusters;

I solve a Imedian problem to

determine nominal route for each
cluster
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Resampling Example L S
. . . 44 . . .
A Linear interpolation between solid Red. Original Track ports

a7 || Dashed black: Interpolated

the start and end tracking
location for each route “w;
A 100 pseudo points are 5|
predicted locations at: .l
I Initial location (dO) i

I dO + trajectory distance/99 (d1)
I d1 + trajectory distance/99 (d2)
i X 0
I Final trajectory location (d100) =

21
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Dimension Reduction P

A Reduce the dimension of trajectoriesave computational
time

A Improve the quality of clustering Principal Component
Analysis (PCA) can help to filter off noise and smooth the data

A Using PCA, we found that the first five components can captur
almost all the variation e.g.

i 99% for IAHY, BOS
i 96% for FLB JFK
i 94% for ORB, DCA
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Example of Dimension Reduction (BABO

Onginal Resampled Trajectories Trajectories based on PCA with five factors
45 | 45
a0 L
L
SRS
mn L
=100 =45 =90 &5 —a0 =75 =70 =100 —a5 =40 &5 =& =75 =70

Lon Lon
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A Use trajectory PCA components to find sets of trajectories that
are similar to each other;

A Apply DBSCAN algorithm because it
I Does not need to preletermine number of clusters

I Allows trajectories to be identified as outliers
I Can limit variation within each cluster
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DBSCAN applied to PCA mode matrix Enroute Ineff|c1ency for dlfferent cIusters

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

0.30

025}
Average En Route Inefficiencies

0.20 |

I
I
I
0.15 I
I
I
!

En Route Inefficiency

0.10 |-

0.05 |

0.00

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

Black curves are classified as outliers
White Solid curves are Nominal Routes Weights
White Dashed curve is great circle trajectory 25
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JFKA FLL (4043 of original 42)/3

DBSCAN applied to PCA mode matrix

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

En Route Inefficiency

Enroute Inefficiency for different clusters

11.59% 8.05% 12.28% 15.09%

045

1.85%

040

Average En Route Inefficiencies

035

o+

030

025}

020

015 |

010

a5

000

84.14%

1.11% 9.57% 2.05%

Weights

0.64% 2.47%

26
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Impact of Route Selection
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A Build routespecific fixed effect models to capture variations in

en route inefficiencies among representative clusters;

A Model specification

| Separate models for each airport pair
i 08 QQQURNYAE O td Tt

[N

and @ are categorical variables;

I Cluster ID can be found on previous slides.
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A Al the cluster fixed effects are compared with the outlier group:

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

IAH BOS BOS IAH JKF_FLL FLL JFK ORD DCA DCA ORD
Cluster IDc r -4,328*** -4.831*** -8.108*** -18.470*** -24.538*** -22.026***
Cluster IX g 0.525%** -2.463%** 1.558%* -12.457%* -7.521%xx -21.908***
ClusterlD¢ m -3.697*** -5.801*** -1.970*** -12.956*** -15.434*** -11.593***
Cluster IDg c -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

________________________________________________________________________________________________________________________________
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ANOVA A Route Selection explains
100% much of the variation (~60%)
80% INn en route Inefficiency;

60% By
A Identified clusters are helpful

40% _ _
0% In understanding causal
0%

reasons for flight en route

5 X O Q% Y QO " Yoy
IS S G AR L Inefficiency
¥ D &

m ClusterID m MONTH = Residual

29
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