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Introduction

A Machine Learning Approach to Predict the Evolution of Air Traffic Flow Management Delay 3

ÅAt present, when a flight is caught by an air traffic flow management 

(ATFM) regulation, the airline has very limited information about 

the evolution of the ATFM delay

The ATFM delay may fluctuate a lot



Introduction
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ÅThe objective of this work was to develop a machine learning model 

that, trained on historical data (the past), can predict the evolution

(the future) of the ATFM delay for a regulated flight



Model
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ÅRecurrent neural networks (RNN) are very good at learning 

patterns from sequential data (e.g., time series of delay)

▐: Hidden state vector

●: Input features vector

►: Reset gate

◑: Update gate

▪: Candidate state

Ȣ: Parameters to be trained



Model
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Sequence of messages of a regulated flight

Sequence of regulations affecting the 

regulated flight (order by entry time)

Sequence of periods composing the 

regulation (ordered by start time)

ὸ: message index

ὶ: regulation index

ὴ: regulation period index

Ὕ: Number of messages

Ὑ: Number of regulations for message ὸ
ὖ : Number of messages for regulation ὴin message ὸ

Hierarchical data structure



Model
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FFNN

GRUBiGRU

é é

Regulation update

(per message ὸ)

Message update

Sequence of regulations

(per message ὸ) Sequence of messages

Regulations representation

(per message ὸ)

?

History representation

ATFM delay evolution indicator

ή: period ὴsuch that flight enters regulation ὶin message ὸ



Model ïBasic Regression
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(Last ATFM delay, in minutes)

Works well, but does not provide a measure of uncertainty é

FFNN

ώ ȡ(Actual) last ATFM delay



Model ïPoisson Regression
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The last ATFM delay distribution fits a Zero-Inflated Poisson (ZIP) 

Most of the time is zero

With a long tail to the right

ɟ: probability of extra zeros

ɚ: Poisson rate 



Model ïPoisson Regression
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Parameters of the last ATFM 

delay distribution

(under ZIP assumption)

Expected last ATFM delay = (1- ɟ) ɚ

Example:ɟ=0.9 ɚ=10

Expected last ATFM delay = 1

FFNN FFNN

ɟ ɚ

ώ ȡ(Actual) last ATFM delay



Model ïOrdinal Regression
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FFNN

The cutpoints are additional parameters to be learned from the data

In the current implementation, the trend of the ATFM delay is classified as:

Å Increase: The last ATFM delay is higher than the current + 5 min

Å Decrease: The last ATFM delay is lower than the current - 5 min

Å Stay stable: Otherwise

ώ ȡ(Actual) ATFM delay trend 



Features
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Numerical 

Embedding

Power transformation 

Standarisation

Model

Additional parameters Ȣ

to be learned during trainingCategorical features:

ÅDeparture airport

ÅDestination airport

ÅATFM flight state 

ÅTraffic volume 

ÅGeographical 

ÅType of geographical entity 

ÅReason of the regulation

ÅAirline é

Numerical features:

ÅTime to start of the regulation

ÅCurrent ATFM delay é

ÅHour of the day

ÅNumber of regulations

Cyclic transformation

Normalisation

Missing indicators

ATFM delay 

evolution 

indicator 



Data

ÅEnhanced Tactical Flow Management System (ETFMS) ï

Per flight ïMay change with time

ÅEvolution of the ATFM regulations (e.g., activations, 

modifications and cancellations)  ïPer regulation ïMay 

change with time

ÅCollapsed sector definitions ïPer AIRAC cycle

ÅTraffic volume definitions ïPer AIRAC cycle
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Results ïTraining (same for the 3 models)

Å300 / 20 / 40 random days of 2019 for the training / 

validation / test sets

Å3 epochs (number of passes of the entire training set)

ÅNumber of trainable parameters ( Ȣ) ~1.8M 

ÅTraining time: 7 h using a NVIDIA Tesla K80 GPU and 

the Intel Xeon E5-2690 v3 (Haswell) processor, kindly 

provided by MUAC
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Results ïIllustrative example
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Results ïBasic regression
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Baseline (|Actual ïCurrent|) Machine learning model



Results ïPoisson regression
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Baseline (|Actual ïCurrent|) Machine learning model



Results ïOrdinal regression
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Machine learning model



Conclusions

ÅGeneric model inspired by hierarchical architectures

ÅThe model is able to provide several indicators of the 

ATFM delay evolution of each regulated flight

ÅThese indicators were designed to improve the situation 

awareness and decision-making for operations

ÅThe model improves the accuracy of the current delay 

predictions from 30% to 63%, >2 h before COBT

ÅWhen approaching COBT, the benefits are marginal
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