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The main objective of the trajectory uncertainty
prediction assessment is to implement the models and
processes required to capture the influence of the
micro-level uncertainties that are present in the
development of an aircraft trajectory.
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Operational stochastic factors, e.g. differences
between the pilot/FMS behavior models used in

traject dicti d that actual guid
rajectory prediction and that actual guidance Stochastic Trajectory

strategy of the pilot/FMS. :
oxe = put Stochastic Trajectory Prediction Model Output
Aircraft Motion Model Description of
Intent E> e | Computed
Description m&_\@ Trajectory
N N E> D6, L0, T, Wi}
LN = fori=0,1,.
Initial Aircraft Weather Model
Conditions: [> Performance
Model )4
toa{)‘o-\'u}ﬂ\
Stochastic factors related to the initial conditions used A \ s i
for trajectory prediction, e.g. differences between the Stochast:cfactors related to the modeling of aircraft _ _
actual position, velocity and weight of the aircraft at performance, e.g. random differences between real Environmental stochastic
a given time and the values of those variables used as aircraft performance characteristics such as thrust, drag or factors, e.g. wind and
initial conditions for trajectory prediction from that fuel consumption and the aircraft performance models temperature modeling or
time onwards. used for trajectory prediction. forecast errors.
Initial Conditions: Aircraft Intent: Aircraft Performance: Weather:
== |nitial time == Climb speed = Fuel == Temperature
= |nitial mass —» TOC (speed & altitude) —» Drag = Pressure
— Initial position —» Cruise (speed & altitude) —» \Wind speed
—»|nitial altitude —»TOD (speed & altitude) —>\\ind direction

—» Descent speed
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Montecarlo
/ Inpu Trajectory Computation Infrastructure Output
Aroraft Motion Model N Desenpton
nten 3 | of Compute
Description E:> ";{L:§ Trajectopry
7 | _ V A o>
i LN — i
Initial % Aircraft Weather ‘{:“}-;i-f—r‘.or‘.?—f.
| Conditions: E:> Performan Model . lil e
é\_ro—,{xg,vg} ce Model <% for i=0,1, ...
==> High number of runs
= High computational demand
1 Polynomial Chaos
Wir ) & PO @)
i=0 / .
B Inpu Trajectory Computation Infrastructure Output e
q ©
Pt Aircraft - | Description )
Y, = Zai P (&) Intent E> Motion Model o o Compputed
=0 Description| | el | Trajectory
— | v A o> —
h| [——— 1 At g TR
| nitial Aircraft Weather | v LD, T e e
| Conditions: > Performan Model q | Wi
Coa{xu,w} 2 i for i=0,1, /

q —» |ess runs, lower computational demand
W, ~ Za- PO (£,)
n i n

\__ J —» Sensitivity assessment
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Application of Polynomial Chaos Expansion (PCE) to quantify the propagation of uncertainty in dynamic systems, like an aircraft
trajectory.

* Arbitrary PCE (aPCE) generalizes chaos expansion techniques towards arbitrary probability distributions.
> Data-driven process to characterize the uncertainty in the trajectory prediction inputs
e Multivariate time-dependent PCE application

z(t,§1,§2,-.,.§N) = zbi(t) bi(€1,§2, -, $N)
i=1

Implementation of data assimilation models that capture estimates of input values in the pre-tactical phase.

1 Polynomial Chaos IR
Wir ) & PO @)
i=0
B / Inpu Trajectory Computation Infrastructure Output
q
~ PO Aircraft : Description
W, . a; P\ (&) Intent E> Motion Model T - | of Computed
=0 Description e | Trajectory
— N o>
Initial E> %Aircraft | 7] Weather m.;iif.ﬂf.ﬂ. e
| Conditions: Performan Model i
Model™~< j=
é\_foﬂ{xui\'u} ce Modei q fori=0,1, ...
q =» |ess runs, lower computational demand
v 380G
. -/ —> Sensitivity assessment
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Operational stochastic factors, e.g. differences
between the pilot/FMS behavior models used in

traject dicti d that actual guid
rajectory prediction and that actual guidance Stochastic Trajectory

strategy of the pilot/FMS. :
oxe = put Stochastic Trajectory Prediction Model Output
Aircraft Motion Model Description of
Intent E> e | Computed
Description m&_\@ Trajectory
N N E> D6, L0, T, Wi}
LN = fori=0,1,.
Initial Aircraft Weather Model
Conditions: [> Performance
Model )4
toa{)‘o-\'u}ﬂ\
Stochastic factors related to the initial conditions used A \ s i
for trajectory prediction, e.g. differences between the Stochast:cfactors related to the modeling of aircraft _ _
actual position, velocity and weight of the aircraft at performance, e.g. random differences between real Environmental stochastic
a given time and the values of those variables used as aircraft performance characteristics such as thrust, drag or factors, e.g. wind and
initial conditions for trajectory prediction from that fuel consumption and the aircraft performance models temperature modeling or
time onwards. used for trajectory prediction. forecast errors.
Initial Conditions: Aircraft Intent: Aircraft Performance: Weather:
== |nitial time == Climb speed > Fuel == Temperature
—» |nitial mass —» TOC (speed & altitude) —» Drag = Pressure
— Initial position —» Cruise (speed & altitude) —» \Wind speed
—»|nitial altitude —»TOD (speed & altitude) —>\\ind direction

—» Descent speed
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Operational stochastic factors, e.g. differences
between the pilot/FMS behavior models used in

traject dicti d that actual guid
rajectory prediction and that actual guidance Stochastic Trajectory

strategy of the pilot/FMS. : :
- = put Stochastic Trajectory Prediction Model Output :
Aircraft Motion Model Description of
Intent E> e | Computed
Description \&_‘@ Trajectory
v A E> D6, L0, T, Wi}
— = | fori=0,1,.
Initial Aircraft Weather Model
Conditions: [> Performance
Model }<
toa{)‘o-\'u}fk
Stochastic factors related to the initial conditions used A \ - e
for trajectory prediction, e.g. differences between the Stochast:cfactors related to the modeling of aircraft _ ' _
actual position, velocity and weight of the aircraft at performance, e.g. random differences between real Environmental stochastic
a given time and the values of those variables used as aircraft performance characteristics such as thrust, drag or factors, e.g. wind and
initial conditions for trajectory prediction from that fuel consumption and the aircraft performance models temperature modeling or
time onwards. used for trajectory prediction. forecast errors.
Initial Conditions: Aircraft Intent: Aircraft Performance: Weather:
== |nitial time == Climb speed —— Fuel == Temperature
 lnitialmass —» TOC (speed & altitude) - Drag —» Pressure
— Initial position —» Cruise (speed & altitude) —» \Wind speed
—»|nitial altitude —»TOD (speed & altitude) —>\\ind direction
Lack of FDR data!

—» Descent speed
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Uncertainty quantification

Operational stochastic factors, e.g. differences
between the pilot/FMS behavior models used in
trajectory prediction and that actual guidance

strategy of the pilot/FMS.

put
Aircraft

Intent
Description

Initial
Conditions:

to—>{XoVo} A

o>

Stochastic Trajectory Prediction Model

Motion Model

. P :

T [: >

/ A

Aircraft | F7 Weather Model .
Performance
Model }<

Output

Description of
Computed
Trajectory
L DL T WY
fori=0,1,.

Stochastic factors related to the initial conditions used
for trajectory prediction, e.g. differences between the
actual position, velocity and weight of the aircraft at

a given time and the values of those variables used as

initial conditions for trajectory prediction from that

time onwards.

Initial Conditions:

= |nitial time
s lnitial

= |nitial position
—»|nitial altitude
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KA\

Stochastic factors related to the modeling of aircraft
performance, e.g. random differences between real
aircraft performance characteristics such as thrust, drag or
fuel consumption and the aircraft performance models
used for trajectory prediction.

Aircraft Intent:

> Climb speed
> TOC (speed & altitude)
—» Cruise (speed & altitude)
= TOD (speed & altitude)
— Descent speed

Aircraft Performance:

— Eyal
—-—D-D-Fa-g
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Stochastic Trajectory

Time

Environmental stochastic
factors, e.g. wind and
temperature modeling or
forecast errors.

Weather:

—» Temperature
= Pressure
—>\Wind speed
- \\ind direction
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Uncertainty in aircraft intent variables is studied through the characterization of the differences observed between planned and
flown trajectories in a relevant timeframe, and thus embedded within the aPCE process — polynomials will depend on their value!

Study case: Uncertainty characterization for 8 trajectory variables for 1356 flights between June 2017 and May 2018 covering city
pair LEMD-EDDM
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Uncertainty in aircraft intent variables is studied through the characterization of the differences observed between planned and
flown trajectories in a relevant timeframe, and thus embedded within the aPCE process — polynomials will depend on their value!

Study case: Uncertainty characterization for 8 trajectory variables for 1356 flights between June 2017 and May 2018 covering city
pair LEMD-EDDM
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Uncertainty quantification

Operational stochastic factors, e.g. differences
between the pilot/FMS behavior models used in
trajectory prediction and that actual guidance
strategy of the pilot/FMS.

put
Aircraft
Intent E>
Description

Ty

Initial

Conditions: [>

to—>{XoVo} A

Stochastic Trajectory Prediction Model

Motion Model

-
= 3
- >
S
I
M A
Aircraft " ] Weather Model
Performance
Model X4 Q

Output

Description of
Computed
Trajectory
L DL T WY
fori=0,1,.

Stochastic factors related to the initial conditions used
for trajectory prediction, e.g. differences between the
actual position, velocity and weight of the aircraft at
a given time and the values of those variables used as
initial conditions for trajectory prediction from that
time onwards.

Initial Conditions:

= |nitial time
s initial

= |nitial position
= |nitial altitude
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KA\

Stochastic factors related to the modeling of aircraft
performance, e.g. random differences between real
aircraft performance characteristics such as thrust, drag or
fuel consumption and the aircraft performance models
used for trajectory prediction.

Aircraft Intent:

== Climb speed
—» TOC (speed & altitude)
—» Cruise (speed & altitude)
—»TOD (speed & altitude)
—» Descent speed

Aircraft Performance:

— Fuel
—}-D-Fa-g
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Stochastic Trajectory

Time

Environmental stochastic
factors, e.g. wind and
temperature modeling or
forecast errors.

Weather:

—» Temperature
= Pressure
—>\Wind speed
- \\ind direction
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Data assimilation models are used that are capable of providing an estimate on the potential deviations of the initial time of the
flight (understood as TOT) and runway configuration.
Deviations in the initial TOT time will be considered as an accumulation of the estimated deviations in the turnaround time and the

taxi time.
Study case: Probability distributions for the estimates of the turnaround time and the taxi time for flights departing from LEMD on
June 2018.
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Uncertainty quantification

Operational stochastic factors, e.g. differences
between the pilot/FMS behavior models used in
trajectory prediction and that actual guidance
strategy of the pilot/FMS.

put
Aircraft
Intent E>
Description

Ty

Initial

Conditions: [>

to—>{XoVo} A

Stochastic Trajectory Prediction Model

Motion Model

o
»
RS
I
M A

Aircraft P Weather Model
Performance

Model }‘

Output

Description of
Computed
Trajectory
L DL T WY
fori=0,1,.

Stochastic factors related to the initial conditions used
for trajectory prediction, e.g. differences between the
actual position, velocity and weight of the aircraft at
a given time and the values of those variables used as
initial conditions for trajectory prediction from that
time onwards.

Initial Conditions:

= |nitial time
s lnitial

—» |nitial position
—»|nitial altitude
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KA\

Stochastic factors related to the modeling of aircraft
performance, e.g. random differences between real
aircraft performance characteristics such as thrust, drag or
fuel consumption and the aircraft performance models
used for trajectory prediction.

Aircraft Intent:

- Climb speed
—» TOC (speed & altitude)
—» Cruise (speed & altitude)
—»TOD (speed & altitude)
—» Descent speed

Aircraft Performance:

—> Fuel
—y.D.r:a.g
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Stochastic Trajectory

Time

Environmental stochastic
factors, e.g. wind and
temperature modeling or
forecast errors.

Weather:

> Temperature
= Pressure

= \\ind speed
= \\/ind direction
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What about the uncertainty coming from the weather?

Different problems come up from including weather uncertainty within the aPCE implementation

1. How can we quantify the uncertainty in the weather?
* Comparing reanalysis with forecasts? Which forecasts?

2. The dimensionality issue:

N+

The number of collocation points (M) required to fit aPCE is defined as: = T
with N as number of variables and d as polynomial expansion degree Nld!

w44 5 15 35 70 126 210 330 495 715 1001 1365_

£34 4 10 2 35 56 8 120 165 220 286 364 455 560 680 816

G

E243 6 10 15 21 28 36 45 55 66 78 91 105 120 136

S

£142 3 4 5 6 7 & 9 10 11 12 13 14 15 16
T T T T T T

T T T T T T T T T
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Number of variables N

Weather variables in .GRIB (~0(10>)) UNFEASIBLE
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Uncertainty quantification

To overcome the weather integration in aPCE framework, we propose to reduce its dimensionality to reduced number of
variables (~0(10%)). One main data-driven techniques are proposed:

« Convolutional-Neural-Network Autoencoder (or more sophisticated Variational Autoencoder) !

The three techniques allow us to compress the weather data into few variables to be fed to aPCE and recover back the
original weather data.

h = 150 mbar h = 500 mbar h = 875 mbar
W\; ..... (:_ 1 Errors are scaled
(!E:L‘Jr with their res.pe.ctive
: g 4 standard deviations

* Relative root-mean-squared-error levels

Lr=32% are acceptable for the compression ratio
- * Large-scale trends for temperature and
G Lu = 43% in-plane velocities are captured

r 209 From 310500 to 10 parameters
‘:‘ V= 0

\ L, = 79%
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Planned vs flown

analysis Uncertainty
—>» Quantification
(uQ)

> Deterministic Flight

- Plan Optimization —> Optimiz_ed
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Network demand

- ‘ Weather Processing Reduced
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Proposed architecture
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Study case

Comparing the issued flight times against the real ones incurred for all flights
covering the city pair LEMD-EDDM during June 2018 (202 flights).

For each optimized flight plan, 72 estimations are issued based on 3 potential
variations (-a, u, o) of the 8 uncertain variables and 3 possible weather forecasts.

Variations in the initial conditions not implemented.

Developed method introduces a significant computational demand reduction with
respect to TP

0.0008

Error w.r.t. actual times
0.0007 o

0.0006
0.0005
r*_f_‘
~ 0.0004
=9
0.0003
0.0002

0.0001

0.0000 - T
—3000 —2000 —1000 0 1000 2000 3000

Error [s]
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Avg. issued times by TP
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* Proposed a full scale architecture for the quantification and propagation of micro-level uncertainty in the aircraft trajectory
prediction process
* Consideration of all sources of uncertainty is limited by data availability
* PCE proven to be computationally more efficient than Monte Carlo approaches without loss of accuracy

* Integration of data assimilation models for the characterization of aircraft intent, weather and initial conditions uncertainties
* Novel methodology implemented for integrating uncertainty coming from the weather forecasts

* Validation of the proposed methodology through a study case in the European airspace
* Obtained results show potential for scaling it to a much larger and populated scenario to obtain probabilistic estimations
without too much computational demand
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