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Introduction

A At 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

Workspace Map

Powered by the Network Research Unit

File Flight Traffic Measure  TactConfig STAM Simulation ASM ENV KPls Admin FADE  Workspace

Default
4 Fn06Dec » Airline SWR Traffic: | Load Entry WEF: BOB00N UNT: BIBH00S proposals: Fest: Alg: N

E.. “I* ARCID ATYP ADEP ADES RM T 0BT E/CTOT TOBT TSAT 1T A/TTOT DELAY
UY.SUL  SVWhIomn AazU cuut Lozn ABluL 1 UU-UB. DU Uz.aUL s zo
09:31C SWR134J BCS1 EPWA LSZH HBJBB I 06-08:45 09:31C 20 26
09:32C SWR36N BCS3 EGBB LSZH HBJCO I 06-08:45 09:32C 15 32
09:34C SWR195N A3l LEBL LSZH HBIOD I 06-09:05 09:34C 09:05 17 12
09:41C SWR1189 E190 EDDN LSZH HBJVR | 06-09:25 09:41C 10 6
09:42C SWR299V BCS3 LSZH LPPR HBJCS | 06-09:10 09:42C 26 6
09:45C SWR74U E190 ELLX LSZH HBJVN | 06-09:35 09:45C 10 0
09:48C SWR563 A320 LFMN LSZH HBIJI | 06-09:40 09:48C 8 0
09:49C SWR1485 A320 LKPR LSZH HBJLP | 06-09:05 09:49¢C 09:05 10 34
09:52C SWR34E A320 LSZH EGLL HBIJH | 06-09:20 09:52C 24 8
09:53C SWR33U BCS3 EGLL LSGG HBJCC | 06-09:20 09:53C 09:20 18 15
09:56C SWR63D A321 LFPG LSZH HBIOK | 06-09:35 09:56C 09:35 09:35 21 0
09:58C SWR287A A320 LEMD LSZH HBJLT | 06-09:27 09:58C 09:27 16 15

The ATFM delay may fluctuate a lot
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A The 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

Workspace Map

File  Flight Traffic = Measure TactConfig STAM  Simulation ASM ENV  KPIs Admin  FADE

Default

Workspace

‘ Powered by the Networ

4] Fri06Dec » Airline SWR Traffic: | Load Entry WEF: PO8008 UNT: BH0008 proposals:
E.. “ ARCID ATYP ADEP ADES RM T 0BT 0BT E/CTOT TOBT TSAT T
UYI3UL SWKYSH A3ZU EDDIT LSZH HBIJL 1 Ub-U8:5U  Ub-UB:bU Uy:3uL 1z
09:31C SWR134J BCS1 EPWA LSZH HBJBB | 06-08:45 06-08:45 09:31C 20
09:32C SWR36N BCS3 EGBB LSZH HBJCO | 06-08:45 06-08:45 09:32C 15
09:34C SWR195N A3 LEBL LSZH HBIOD | 06-09:05 06-09:05 09:34C  09:05 17
09:41C SWR1189 E190 EDDN LSZH HBJVR | 06-09:25 06-09:25 09:41C 10
09:42C SWR299V BCS3 LSZH LPPR HBJCS | 06-09:10  06-09:10 09:42C 26
09:45C SWR74U E190 ELLX LSZH HBJVN | 06-09:35 06-09:35 09:45C 10
09:48C SWR563 A320 LFMN LSZH HBIJI | 06-09:40 06-09:40 09:48C 8
09:49C SWR1485 A320 LKPR LSZH HBJLP | 06-09:05 06-09:05 09:49C  09:05 10
09:52C SWR34E A320 LSZH EGLL HBIJH | 06-09:20 06-09:20 09:52C 24
09:53C SWR33U BCS3 EGLL LSGG HBJCC | 06-09:20 06-09:20 09:53C  09:20 18
09:56C SWR63D A321 LFPG LSZH HEIOK | 06-09:35 06-09:35 09:56C  09:35 09:35 2
09:58C SWR287A A320 LEMD LSZH HBJLT | 06-09:27 06-09:27 09:58C  09:27 16

1

Details Map Traffic Volumes Impact Assessment Regulation Risks AOWIR Op Log FPL History FPL FLT MSG
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Fest:

A/TTOT

Measure Upd

Alg: | NM Auto Refresh:  never

DELAY TREND ZERO DLY PDELAY +/- DLY
28 Vob% Vv 0% I -1
26 =66% = 3% 21 o
32 v81%v 20% 15 -17
12 =55% = 23% 8 -4
6 v69% v 49% 3 -3
6 v 50% v 45% 6 0
0 =69% = 82% 2 +2
0 =66% = 73% 2 +2
34 v67% v 9% 18 -16
8 v52% v 43% 6 72
15 v T4% v 31% 7 -8
0 =69% = 67% 3 +3
15 v60% v 36% 6 -9

A/C Rotation Quick Info ‘ Delay History ‘ Show: | A
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A Recurrent neural networks (RNN) are very good at learning
patterns from sequential data (e.g., time series of delay)

(h)i-, = GRU (@), o)

zy =0 (Wanhi1 + W),

ri =0 (Wrnhi—1 + Wyaxt),

n; = tanh Wyt + 17 © Wanhe 1),
hi=(1—2z;) ©hi—1 + 2z © ny,

| : Hidden state vector » : Update gate
e . Input features vector = : Candidate state
» . Reset gate g. Parameters to be trained
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Model

Hierarchical data structure EUROCONTROL

/Sequence of messages of a regulated flighm

1
(:13;,),/ 1

/Sequence of regulations affecting the\
regulated flight (order by entry time)

R
(ﬂjf»'r')fr';]_

. . )
Sequence of periods composing the

regulation (ordered by start time)
& -/ /

Py,
(@irp) Ly
0. message index “Y Number of messages
1 : regulation index Y : Number of regulations for message 0
N: regulation period index U : Number of messages for regulation r) in message 0
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N: period 1) such that flight enters regulation i in message 0 p/
M Od e I EUROCONTROL

Ly H :Et’r'qa |_| Lt H E’th
' ? Nquf p:riods ’ ° l Message update
“tr | Regulation update | FANN ]
(per message 0) . 1
L
e | é
_ .m , Sequence of regulations o s ;
(x,,,,)r:ll (per message o) (@), 1 eguence of messages
BiGRU GRU
l hr l History representation
EtRf
| > ]
Regulations representation ‘

(per message 0) ATFM delay evolution indicator
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Model i Basic Regression
hr
| FENN ]

Yvasic  (Last ATFM delay, in minutes)

L = |yhuf~:ic - 'ylm{:|-

Works well, but does not provide a measureofuncert ai nty
w d(Actual) last ATFM delay
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Model T Poisson Regression

EUROCONTROL

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

I,‘N\ . .
225/ H| \ Most of the time is zero
\
] \
CI.E('}' ‘|
== 1 I|
7 o :
=
g | 1
Sod |
: ! With a long tail to the righ
ooty || Withalong tail to the right
:\"—-l trn-n.ll o \
0.00 Y7 ‘

Actual ATFM delay [min]

2-: Poisson rate
} : probability of extra zeros
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Model T Poisson Regression
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1.0
e 3.0
— 5.0
— 9.0

J_ a\. 0 2 4 . 6 8 10 0 5 1;) 15 20
Parameters of the last ATFM Expected last ATFM delay = (1- } ) &
delay distribution
(under ZIP assumption) Example: } =0.9 &=10
Expected last ATFM delay = 1

L = —10g ZIP (Yirue | A, )

w d(Actual) last ATFM delay
A Machine Learning Approach to Predict the Evolution of Air Traffic Flow Management Delay 10
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Model i Ordinal Regression

In the current implementation, the trend of the ATFM delay is classified as:
A Increase: The last ATFM delay is higher than the current + 5 min

A Decrease: The last ATFM delay is lower than the current - 5 min
A Stay stable: Otherwise

hT 1.0

1 0.8
0.6

1.0

0.8

Decrease

— 0.6 Decrease
[ FANN ] 3 — sy 4 B

0.4 = |nCcrease 0.4 \ \ = Increase
| 1 |
0.2 1 0.2 | |
l [ |
0.0 I : 0.0 ! !
Yordinal ' T I

-10 -5 0 5 10 -10 -5 0 5 10

Yordinal Yordinal

The cutpoints are additional parameters to be learned from the data

L = —logCLL (ymdinal = Yirue | (ck)f:_ll) w dfActual) ATFM delay trend

A Machine Learning Approach to Predict the Evolution of Air Traffic Flow Management Delay 11



Features

Categorical features:
A Departure airport

A Destination airport
A ATFM flight state ..o
A Traffic volume

A Geographical

A Type of geographical entity
A Reason of the regulation
AAirline é

Numerical features: S

.
.
yun® ann®

Additional parameters
to be learned during training

8

4
4 N
Numerical
Embedding
\_ .

&
*
*
>
*

Missing indicators

Power transformation
Standarisation

A Time to start of the regulation

—>LCycIic transformation
ACurrent ATFM, del\ee—0r

A Hour of the day
A Number of regulations

*
*
*
*

Normalisation
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evolution
indicator

T T T T
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A Enhanced Tactical Flow Management System (ETFMS) i
Per flight T May change with time

A Evolution of the ATFM regulations (e.g., activations,
modifications and cancellations) T Per regulation i May
change with time

A Collapsed sector definitions i Per AIRAC cycle
A Traffic volume definitions i Per AIRAC cycle

A Machine Learning Approach to Predict the Evolution of Air Traffic Flow Management Delay 13
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Results I Training (same for the 3 models)

A 300 /20 / 40 random days of 2019 for the training /
validation / test sets

A 3 epochs (number of passes of the entire training set)
A Number of trainable parameters ( g) ~1.8M

A Training time: 7 h using a NVIDIA Tesla K80 GPU and
the Intel Xeon E5-2690 v3 (Haswell) processor, kindly
provided by MUAC

A Machine Learning Approach to Predict the Evolution of Air Traffic Flow Management Delay 14



Results T lllustrative example

Time to EOBT  State  Delay | Ypasic A p Pd Ps Pi
03:43:34 FS 79 12 23 025 098 002 0
03:31:37 FS 64 10 23 021 097 003 0O
03:30:54 ES 79 11 26 019 098 002 0
02:58:47 FS 76 11 26 017 098 002 O
02:39:55 ES 46 09 21 020 093 007 O
02:28:42 FS 76 11 25 017 098 002 O
02:07:22 FS 76 12 26 016 098 002 0
02:02:54 SI 76 12 26 016 098 002 0
02:00:47 SI 76 12 25 017 098 002 O
00:42:48 SI 76 21 30 011 097 003 0
00:39:45 SI 76 21 31 012 096 004 O
00:39:38 SI 76 23 31 012 09 004 O
00:35:07 SI 76 31 39 008 09 004 O
00:23:46 SI 34 22 23 005 080 020 O
00:15:46 SI 19 15 14 008 061 037 0
00:09:27 SI 64 34 40 003 093 007 O
00:07:31 SI 34 23 24 003 074 026 O
00:01:52 SI 19 15 15 006 054 043 O
00:01:51 SI 19 16 16 003 041 055 O

A Machine Learning Approach to Predict the Evolution of Air Traffic Flow Management Delay
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Results I Basic regression
Baseline (JActual T Current|) Machine learning model
30 30
e 20 ®*% 20
wn wn
Z & 4 9.2 19 o 3.8
-0 -0
(0, 1] (1, 2] (2, 4] (4, inf] (0, 1] (1, 2] (2, 4] (4, inf]
Time to COBT [h] Time to COBT [h]
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Results T Poisson regression

Baseline (|Actual T Current|)

30
3 m
© L 20
(Va]
= 10
i 4 9.2 19
-0

(0, 1] (1, 2] (2, 4] (4, inf]
Time to COBT [h]
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Machine learning model

30

l

20

4.4 10

-0

(0, 1] (1, 2] (2, 4] (4, inf]
Time to COBT [h]

FS

ATFM State

SI
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Results I Ordinal regression

Machine learning model

Time to COBT [h]
(0, 1] (1, 2] (2, 4] (4, inf]

Decrease 14.3 RS 0.8

True

Stay 2.8 0.3 1.0 28 02 @#
Increase 1.3 2.7 0.3 0.7 1.2 0.2
Decrease 1.4 1.9 1.5 ﬂ 0.7

2

Stay 0.8 pEEZ 1.5 1.4 1.4

Increase 1.1 0.3 1.7 0.5 0.4

True

DecreaseStay Increase DecreaseStay Increase DecreaseStay Increase DecreaseStay Increase
Predicted Predicted Predicted Predicted
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Conclusions

A Generic model inspired by hierarchical architectures

A The model is able to provide several indicators of the
ATFM delay evolution of each regulated flight

A These indicators were designed to improve the situation
awareness and decision-making for operations

A The model improves the accuracy of the current delay
predictions from 30% to 63%, >2 h before COBT

A When approaching COBT, the benefits are marginal

A Machine Learning Approach to Predict the Evolution of Air Traffic Flow Management Delay 19






