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Air Traffic: What We See
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One Day of Reality

Flight paths across the U.S. on April 4, 2013

5,292,351 points
41,797 flights (a quiet day)
1009MB of data



Air Traffic: Reality
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Data Set Vital Statistics: 
ASDI Air Traffic

 Aircraft Situation Display to Industry
 Unclassified feed of US civilian air traffic

 Powers all flight status web sites, displays in 
airports

 FAA originated; we get it from AirNav, Inc.

 Rich, relatively clean data
 ~30-65000 flights per day (mostly IFR)

 Each aircraft pinged every 5-60 sec.

 Position calculated from radar transponder reply

 Position error affected by distance from radar

 Status, position, heading, speed, etc. updated and 
reported every 60 seconds

 Lots of data: ~5M points/day, ~1GB/day

 Lots of metadata: 17 columns worth



How do we make sense 

of all that?
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Approach 1: Inspection
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Train humans to watch an ongoing display 
of traffic and point out anomalies.

Hey, it works for traffic control…

Let’s try it!



Chicago

Flight paths on April 4, 2013:

80,456 points
3,986 flights

~15MB of data



Chicago Again

Flight paths on April 4, 2013:



Approach 2: Feature Vectors

 Clustering algorithms are pretty good…
 Take your pick: parametric, non-parametric, mixture models, k-means, 

k++-means, hierarchical, agglomerative…

 One problem: most of them require a normed space!

 Trajectories as curves exist in a non-normed metric space

 Measures exist but are often unintuitive

 Solution: invent features that describe behavior
 How do we as humans describe trajectories?

 What quantities will let us formalize that?

 Does that give traction to fast clustering algorithms?
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Test Data Set:  ASDI Air Traffic
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ASDI Data Description

 Aircraft Situation Display to Industry
 Unclassified feed of US civilian air traffic

 Powers all flight status web sites, displays in airports

 FAA originated; we get it from AirNav, Inc.

 Rich, relatively clean data stream
 ~30-65000 flights per day (mostly IFR)

 Each aircraft pinged every 5-60 sec.

 Position calculated from radar transponder reply

 Position error affected by distance from radar

 Status, position, heading, speed, etc. updated and reported ~60 seconds

 Lots of data: ~5M points/day, ~1GB/day, currently >100GB!

 Lots of metadata: 17 columns worth



Simple Features
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• End-to-end distance

• Total distance traveled

• Total curvature

• Total turning

• Speed (avg, max, min)

These features are derived from the individual 
line segments that compose the flight.



Geometric Features
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• Aspect ratio of convex hull

• Perimeter of convex hull

• Area of convex hull

The convex hull helps us see higher-level behavior.



Feature Vectors: Avoiding Space
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Feature Vectors: Avoiding Space
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Feature Vectors: Holding and Diverted

17



Feature Vectors: Survey Flights
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Approach 3: Distance Geometry

 “…characterization and study of sets of points based only on 
given values of distances between member pairs.” 
[Wikipedia]

 Very useful in computing protein structure and searching for 
similar molecules

 Intuition: Pick evenly spaced sets of points, compute 
pairwise distances, normalize so largest distance is 1

 Result: fingerprint invariant under rigid transformation
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Distance Geometry: Exemplar
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Distance Geometry: Result 1
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Distance Geometry: Result 2
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Distance Geometry: Result 3
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Prediction Using Tracktable

 Idea: Put known historical trajectory fragments into a 
database

 Take the observations of the beginning of a new trajectory, 
and search for near matches

 Weight the “nearness” of the different trajectories, and sort 
the different possible destinations

 Work based on observing the first 20% to 80% of a flight, 
with that fraction unknown to prediction algorithm
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Small Data Set -> Mistake

 Target flight 
(white) goes from 
LAX to Toronto, but 
nearest flights are 
all going to more 
common 
destinations 
(Chicago, Detroit)
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More Data, Better

 Flights from 
Nashville go to 
DFW and IAH, but 
proper weighting 
finds DFW for the 
target (white).
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Lots of data

 Popular flights are 
picked perfectly 
(DFW to Las Vegas)
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Perfection not possible

 Some flights to the 
same airport follow 
the same path for 
long time, like 
Chicago to Bay 
Area.

 Close-up shows 
flights going to 
SFO, OAK, SJC (and 
one to 
Sacramento!)
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Numerical Results

Few Hours One Day 5 Days One Month

Top Flight 34.36% 44.09% 52.86% 56.73%

Top 3 Flights 51.25% 63.45% 72.59% 75.76%

Top 5 Flights 58.22% 70.15% 78.83% 81.18%

Top 10 Flights 64.13% 75.74% 82.59% 84.22%

Top 20 Flights 64.80% 76.28% 82.87% 84.43%
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Numerical results for prediction from ASDI Data

 Some notes
 Prediction from 4 pts, random first 20%-80% of flight

 Data sets range from ~8K (Few Hours) to ~800K (One month)

 All flights in data set were predicted one-at-a-time, based on all other 
flights in data set

 Having an existing flight in the database is critical (prediction not magic!)



Numerical Results
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What Next?

 Characterize and identify flight segments

 Generative model for behavior?

 Run at even larger scale

 Open-source release of Tracktable
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UNUSED SLIDES FOLLOW
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