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Data analytics for Airspace improvement

Before project

Efficiently capture current practices
in airspace:

e Real trajectories flown
e Fuel efficiency



Presenter Notes
Presentation Notes
Example: animation of two different strategies used by ATC in saturation cases. These strategies were identified by clustering of dozens of saturation events.



Data analytics for Airspace improvement
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Measure and fine-tune airspace:

e Fuel efficiency - related to
airspace functioning metrics



Presenter Notes
Presentation Notes
A functioning airspace is a fine mechanism that equilibrates capacity and efficiency.
The controller need actionable and efficient targets for speed, altitude, as well as strategies to solve conflicts.
By measuring the use of these targets and fine tuning it iteratively with efficiency VS capacity, an optimum can be achieved in an efficient way

Illustration: detection of “rogue” flights at the exact moment that inefficiency develops, allows to iterate with measured controller targets and adapt them if needed.


Trajectory clustering from ADS-B data
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Presenter Notes
Presentation Notes
Clustering is useful to quickly split thousands of flights into representative categories.

At project start to identify common patterns (for instance in vectored airspace)

During project, by splitting traffic (for instance sorting on efficient flights / non efficient flights and then clustering them) to detect relevant trajectories and optimizing them specifically
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Fuel estimate from ADS-B data - ;o'
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Reconstruct fuel flow
Training on FDR
10 airlines, 2 years of traffic Wevh & February 3921

Platform constraints
Big Data: 10Tb+ of ADS-B records

|"'I
Illl J | |n|| f A
! p fi lﬂjlu.-"" nl'.h'] V'kvl_n"'rrw'l"lln‘llﬂ'; J_I"'f Mﬁﬁ""\-". 'rUI'ILfN'IJIp- ",-'wuurﬁu“"'_,l ,r,."’q '|'I'I'rm',-,



Presenter Notes
Presentation Notes
Shallow learning used to reconstruct fuel flow from ADS-B data.

Sources of uncertainty / error: weather (wind, QNH), aircraft weight -> can be estimated roughly

Error remains on individual flights (~ 6% on a single data point). But becomes much less relevant when analysing dozen of flights at airspace scale



Benefits brought by Al

Low cost of training

Compared to classical performance

models Efficiency

Provides reliable and exhaustive
supportive data.
Frees time to focus on operators

Compatible with large scale \ _
and iterate with them

datasets

Allows systematic and fast analysis
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