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Context

* Prognostic & Health Management

= A leverage to
= enhance safety

reduce maintenance costs

= optimize performance
= have feedback for future developments

= For turbo-engines, many PHM problematics arise:

Vibration monitoring

Oil monitoring

Sensors monitoring

Electric or control system monitoring
(thermodynamic) Performances monitoring

%y SAFRAN
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Context

* Prognostic & Health Management
= In a complete scheme, building indicator is the first stepping stone
= Weak indicators will mean weak detection, diagnosis and RUL* prognostic
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Engine performance inverse problem

= What is the engine performance inverse problem ?

= A thermodynamic model of the engine takes the efficiency & air mass flow rate as inputs, and returns the
expected measures as outputs

Indicators

n Fan

[" Fan Measurable quantities

n Booster Core rotation speed (N2)

I" Booster Physical model (solver Comp inlet temperature (T25)
n Comp » of thermodynamic Comp outlet temperature (T3)
[" Comp equations) Exhaust gas temperature (EGT)
n Low-pressure Turb Comp outlet pressure (PS3)

[" Low-pressure Turb CC fuel flow (WF)
n High-pressure Turb

[ High-pressure Turb

Health indicators
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Physical model (solver

of thermodynamic
equations)

Inverse problem solution

Measurable quantities

Core rotation speed (N2)
Comp inlet temperature (T25)
Comp outlet temperature (T3)
Exhaust gas temperature (EGT)
Comp outlet pressure (PS3)

CC fuel flow (WF)

Measurements

This document and the information therein are the property of Safran. They must not be copied or communicated to a third party without the prior written authorization of Safran
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Overview

= Even within this narrow scope, a lot of different works
from different communities

= Timeis not always considered \
.. . . Physics-based-model-inside-process methods
= Some methods are similar but presented with different
VieWpOi nts Model-inside-process inversion methad

& embedding filtering

= We proposed* a structuration based on two main
properties :
= We call “process” the main procedure of the algorithm
processing the data
= Where does the physics based model take part ?

= In process, i.e. you need the model when processing the data

= Out of process, i.e. the model was used in an offline step, and is not needed wh
processing the data

= How time is dealt with ?
= Simultaneously, i.e. you inverse and filter as one algorithm
= As a post-processing, i.e. you inverse step by step, then filter

Model-inside-process Estimation .
inversion method at specific t

- ~

Physics-based-model-outside-process methods

Estimation
i oot |2
Model-outside-
process for training

Raw measurements

Temporal estimation

[SAF1] Vu, Dong Quan, Razakarivony, Sebastien, Marnissi, Yosra, et al. 2025., « A Comprehensive Literature Review on the Resolution of Turbine Engine
Performances' Inverse Problems ». Journal of Engineering for Gas Turbines and Power.
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Physics-based-model-inside-process methods

» Key idea
= Physical model is used during the process, i.e. in an online manner

= Two main approaches
= |nverse each point of the time series, then filter (System identification methods)

= |nverse & filter at the same time (Bayesian Filters mostly)

[SAF1] Vu et al. 2025.
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Physics-based-model-inside-process methods: Gas Path Analysis

7. 0000

= Gas Pas Analysis
= The historic method ([1] Urban. 1969)

= Many, many variants
= Linear gas-path analysis,
= Non-linear gas-path analysis,
= Multi-point gas path analysis,
= We considered Genetic algorithm in the same category, as all these methods are direct optimization

= Main idea or the linear version
= Work on A : small perturbation in the efficiencies/flow = small perturbation in the measures
= AY = H-AX -> H is a matrix, Y the measurements, and X the efficiencies / flows
= Then, inverse the matrix (H is known, it is our physical model or its jacobian)

= One main drawback of classic GPA
= Not suited for underdetermined cases

= As no temporal aspect is taken into account,
you have to assume an observable system,
l.e. one measure = one degradation

[1] Urban, Louis A. 1969., « Gas turbine engine parameter interrelationships ». Hamilton Standard Division of United Aircraft Corporation (1969).
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Physics-based-model-inside-process methods: Filtering methods

7. 0000

» Filtering methods
= Often a probabilistic approach that estimates an unknown probability density function

= We referenced many different methods:
= Kalman Filter
= Particle Filter
= Filter under constraints
= Hybrid filters
= Sliding Mode Observers

= Kalman Filter is the most represented method

y SAFRAN


https://en.wikipedia.org/wiki/Density_estimation
https://en.wikipedia.org/wiki/Probability_density_function

C2 - Confidential

Physics-based-model-inside-process methods: Filtering methods

)

Measurement Update (“Correct”)

= Kalman Filters

= The basic equations
" Xp41 = Fx, + Gu, + NV(0,Q), transition equation

Time Update (“Predict”)
1. Compute the Kalman Gain

. A . 2. Extrapolate uncertainty Xpn= Xpp1t+ Kn(zn - an,nﬂ)
Of d d IStrI bUtlon Priin = FPunF' +Q 3. Update the estimate uncertainty
= It links the solution through time | et
= Same as linear GPA, there is a need for non-linear
Initial Estimate: X o, Po o |

" yn4+1 = Hx, + NV(0,R) observation equation
It represents the solution by a mean + covariance

approaches ([2] Dan et al. 2008)

= Unscented / Extended Kalman Filter
= Extended : linearize the simulator

= Unscented : approximate the covariance by some
specific well chosen samples (the “sigma points”)

= What about under determined settings ?

Covariance will grow in non-observable directions

1. Extrapolate the state
2n+l,n = an,n + Gu,

-1
K, = Pn,n—IHT(HPn,n—lHT + Rn)

2. Update estimate with measurement

True Transformation

) - covariance
.
- mean

Linear Transformation (EKF)

UT Transformation (UKF)

sigma points_
o

Xp+1 = f(xk) Xpyq = Akxk weighted mean and covariance
. ope from sigma points
= |t can lead to some problems without careful use (false observability) \ l T
\..'=l:..~' true covariance approximated l
g 4 covariance UT mean Oy

= Major drawback :

Need for a transition model
Need to tune some hyper parameters

True mean

* approximated
mean

[2] Simon, Dan. “A comparison of filtering approaches for aircraft engine health estimation.” Aerospace Science and technology Vol. 12 No. 4 (2008)

- hew sigma

® points
@ Ficnl
® hcl
®

&

UT covariance
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Physics-model-outside-process methods

» Key idea
= Build a big data base of all (efficiencies/debit, measurements)
= Then learn a model (measurements > efficiencies/debit) in a supervised, or unsupervised manner

= Why is it always point by point and not with temporal information ?
= |n the case of temporal process, the methods would need a sampling of trajectories
= The problem transitions from a dimension d to Td where T would be the length of the trajectories

= Number of samples needed to solve a problem is exponential with respect to the dimension, so it is unpractical
(unless you have strong assumptions on trajectories, or a really small T)

= Some methods work on discrete variables (Bayesian Networks & Fuzzy Logic), which make them lack of
precision

[SAF1] Vu et al. 2025.
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Physics-model-outside-process methods: regression methods

7. 0000

= Regression methods Dm\ Set Gvenmtor

= Use of a classic machine learning algorithms for
regression. Neural networks ([3] Loboda et al. 2022) are / \
the most encountered

Train/val Set Test Set
(e:P‘P‘ c_le,nc,l{/'Plcus . (e:P"P‘ cue,nct//Pl ows,
. simulated simulated
= These methods are really fast once trained measurements) measurements)
= However, it is difficult to acknowledge their capacity of \ . /
generalization to other similar systems For Leaming x| oraor e
= Furthermore, observability is not a natural notion in \ %

these technics, so the resolution of under determination

. - =1 ( Meural Network J
Issues is implicit

Re_axl Data ES‘timaCte,d
Measures - e,PP?.cienc:tf/P(ows

[3] Loboda et al. 2022., “"Nonlinear surrogate models for gas turbine diagnosis,” in Turbo Expo: Power for Land, Sea, and Air, vol. 85987. American Society of Mechanical Engineers,
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Conclusions on state-of-the-art

= Key messages

= Qur survey is on the engine
performance’s inverse problem for
health monitoring

= We structured the survey in two main

'''''

Model-inside-process inversion method
& embedding filtering

parts: £ , 8

£ ‘ Model-inside-process » Estimation C

- PhySical—mOdel in proceSS g inversion method at speuf'ct =

] o

" Physical—model out process £ ::_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'_'::: E
L : 2 Physics-based-model-outsid hod "

= And further more distinguish how the & o el [mode oulsice process metiod k3

methods deal with the question of time

Estimation
o atspecifct |/
Model-outside-
process for training

________________________________________________________________________

~ A l J
Saa -

[SAF1] Vu et al. 2025.
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Final Analysis & perspectives for new research

= New research ?
= Reality-gap-robust methods (better taking into account bias, noises and model errors)
= Work on measurements before hand

= Work at a dataset level
= Degradation models in out-process methods : what comes in part 2 of this presentation

= Hybrid techniques between out & in process and different approaches : what comes in part 3 of this
presentation

[SAF1] Vu et al. 2025.
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Literature Review: NNs for Performance Inverse Problem

7. 0000

Indicators
7 Fan easurable quantities . .
Pran » ohysical mode » e = MultiLayer Perceptron ([4] Volponi et al. 2003, [3] Loboda et al.
- Comp inlet temperature (T25) .
};ggr?:;er Comg ou‘[lte:‘[ergpertature (T3) 2022’ [5] CaStlllo et al' 2022)
T Comp Exhaust gas temperature (EGT)
1 Low-pressure Turl Comp outlet pressure (PS3) . . .
ILII__OW-F;)ressure"Tfurlljj CC fuel flow (WF) . S|mp|e denSe neural netWOI’kS ([6] De GIOI‘gI et al. 2022)
1 High-pressure Turb
" High-pressure Turb |nput to . .
= Extreme Machine Learning ( [7] Menga et al. 2022
Output NNs 9 (1] J :
from NNs
[Docta Set 6-;e_ne_ro:tor
/ \ Very promising performance (on simulated data).......
Troin/val Set Test Set but not so well in under-determined system
(effici e_nc_l//‘PIows, (ePfici enqvfplowsf
<i Mulox‘te,d si ""“‘I‘\ted ;
measurements) measurenents Table 2. TURBOFAN FAULT PARAMETER MEAN ERRORS
/
\ For Perfo Adapted from Castillo et al. 2022 and Loboda et al.. 2022)
For Learnin er e PM‘.:MQES .
9 Evaluation Fault parameter MLP Polvnonuals
v ALPCC C 0.012857 0.013230 >
(| Weural Wetwork | ALPCE 0.003196 0.011355
AHPCC 0.001798 0.006951
Real Data | Estimated AHPCE 0.002301 0.006106
"= ePRiciency/Rl
Measures ermctency/Tiows AHPTC 0.001498 0.004753
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Under-determination systems and enriched data

Indicators
’}1;121 Measurable quantities
Traditional perspective (state of the art) 1 Booster > # Comp inlt tempratre (125
= “Single-point” data: Normalizing measurements at 1 Comp Xt i tomperaure (EGT)
one "stable” operation condition during a flight: g Low-prevure Tuo ot ow (W)
F Hih presure ot
6D input = neural networks = 10D output Output Input to
from NNs NN

Multi-point perspective:

[SAF2] Vu, Dong Quan, Razakarivony, Sebastien, Thepaut Solene, et al. 2024., *Aircraft Engines Performances Estimation
from Multi-Point and Multi-Time Operational Data via Neural Networks”. IEEE Conference of Artificial Intelligence.

Can we improve estimations by using a type of “enriched” data?
= Multi-point data: NN's input = measurements at two operation conditions of the same flight
12D (closely correlated) input = neural networks = 10D output

= Multi-time data: NN's input = measurements at two (or more) flights
12D input = neural networks = 20D output (10 indicators + 10 deltas)

y SAFRAN
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Multi-point perspective
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. c e Figure 1. A compressor map (adapted from [12]): Efficiency and corrected
— Operatlon datasert —l ° Health indicators mass flow in “new and clean” condition (solid line) and in a degradation state

A A

measures  operating conditions

\

S 6w e )

J

Y

A set of “empirical”
hypotheses

x € R" with deformation coefficient 0.02 (dash line).

Deformation coefficients = how efficiencies & flow rates w.r.t a reference
component maps when operating conditions/health state change

= Hypothesis example: same shifts (same deformation) of efficiencies w.r.t. to a new engine at all conditions in a flight.

= Proposed in 2000s and applied only in gas-path analysis ([8] Stamatis et al. 1991.)

= Enriching data with a price to pay: choosing and justify hypotheses

[SAF2] Vu et al. 2024.
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Data Generation

Set of operating conditions

UcUu

Simulator

NS

N1, -, Ns ~ LHS(size = 5)

yes

Simulated dataset

Learning input Learning output

D' = {3t Weny) M
D2 = {33 1) ey 2
D® = {(yg’ u){ueu}} s

Use as

Training set

Adding Gaussian J«
noises

Enriching dataset,
otherwise, it does not
work = next slides

[SAF2] Vu et al. 2024.

training set?

Noise variance
- based on real-
‘ data

Noiseless test
set

noisy test
set
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Jittering: add noise to training input ?

Experiment 1

Training phase:

L(F) = Egep|lf 00 — x|

Experiment 2

Test phase (no noise):

L(F) = By |f0) — x|

[SAF2] Vu et al. 2024.

Test phase (with noise):

L(f) = Exy)o “lf(y tw) - x||§]

Noiseless measurement = non-
realistic
Standard practice in literature
Our results:
Multi-point > Single-point
(more information is better)

« Add (realistic) noise to
measurements
* Our results:
Single-point > Multi-point
(more information mess things up)

‘w SAFRAN



Jittering: add noise to training input ?

Experiment 3

Training with Jittering:

L(f) = Byl fr + © = x|

Experiment 4

Test phase (no noise):

L(F) = By |f0) — x|

[SAF2] Vu et al. 2024.

>

Test phase (with noise):
(expected worst case)

L(f) = IE:(x,y),w”f(y +w) — x”i

Our results:

Multi-point > Single-point
(more information is better)

Our results:
Multi-point > Single-point
(more information is better)

‘w SAFRAN



Numerical results

» Training with Jittering

= Not all combinations of measurements at different
operating conditions give the same effects

2 -0.0052
E-
© -0.0051
o
O
~ E- 0.0053 -0.0050
ST
® 0.0049
g 3
S 27 00088 0.0048
@]
& 0.0047
g'- 0.0052 JCKEINNER
© 0.0046

Climb1

Climb2
Operation 2

Cruise Ta ké_oﬁ‘

Figure 3. Estimation errors of neural networks trained with double-point
(noisy) data and validate with noiseless test data.

[SAF2] Vu et al. 2024.
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* In general, (more) multi-point is better

0.006 1

MAE

0.004 1

0.003 1

0.005

& ,
. o Mae_train
o Mae_test (no noise)
# Mae_test (noisy)
.
L
|
o :
= | ]
%X
L & & &
o o o o
< N N =
\Q} \Q/ \Q/ Q\
Q NS ($)
\‘\3' X R
& Qo

= |mprovement in comparison to State-of-the-art

Elements of n

MAE train

MAE test (no noise)

large improvement

MAE test (noisy) but error still not very

¥ Fan

1t Fan

n¥ Booster
nt" Booster
n® Compr
nt" Compr
n¥ HPTurb
nt HPTurb
n¥ LPTurb
nt LPTurb

0.00786 (-0.0034)
0.00028 (-0.0044)
0.00283 (-0.0040)
0.00136 (-0.0017)
0.00127 (-0.0017)
0.00218 (-0.0029)
0.00385 (-0.0015)
0.00054 (-0.0004)
0.00458 (-0.0061)
0.00642 (-0.0027)

0.00806
0.00021
0.00178 (-0.0062)
0.00087 (-0.0027)

(-0.0043)
(-
(-
(-
0.00081 (-0.0026)
(-
(-
(-
(-
(-

0.005)

0.00133 (-0.0045)
0.00385 (-0.0022)
0.00015 (-0.0001)
0.00335 (-0.0085)
0.00656 (-0.0038)

—— small

\ Good estimation,

large improvement

0.00917 (-0.0032)
0.0003 (-0.0049)
0.00309 (-0.0049)
0.00148 (-0.0021)
0.00137 (-0.0021)
0.00235 (-0.0035) Good estimation,
0.00445 (-0.0016) / small improvement
0.00055 (-0.0004)

0.00494 (-0.0069) )

0.00747 (-0.0029) ——~ large improvement

Notation: ™ = deformation coefficient of efficiency, n° = deformation coefficient of

but error still not very
small

flow rate, Compr = compressor, HPTurb = high-pressure turbine, LPTurb =
low-nressure turhine.

In parentheses = improvements compared to single-point

-

T T RAM
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Multi-time data * Three strategies:
= (A) Single-time input learns single-time output (state-of-the-art)
= (B) Multi-time input learns single-time output
= (C) Multi-time output learns multi-time output
Deformation coefficients at state 1

Table I
— MEASUREMENTS IN THE CONSIDERED USE CASE. Indicators
, Notation ~ Measurable guantities Unit n, I' Fan
Fl |g ht t = 1 N2 core rotation speed pm/s n, I Booster
I T25 compressor inlet temperature °K . . -
' _J T3 compressor outlet temperature  °K X M u It' - p0| nt = n, r Comp
! EGT exhaust gas temperature °K n, T Low-pressure Turb
i PS3 compressor outlet pressure bar .
| WF combustion chamber fuel flow  kg/s n, r ngh—pressure Turb
1
1
1
DEGRADE A
: — :
1 1
1 1
| ' Agap A
| — v
1 Table I
: MEASUREMENTS IN THE CONSIDERED USE CASE. . . .
1
; Deformation coefficients at state 2
Notation ~ Measurable quantities Unit _
N2 core rotation speed pm/s Indicators
1 — — T25 compressor inlet temperature °K . .
Fl Ig ht t 1 O T3 compressor outlet temperature  °K X M u |t| - p0| ﬂt _ 7 I" Fan
EGT exhaust gas temperature °K ” 1, I" Booster
PS3 compressor outlet pressure bar
WF combustion chamber fuel flow  kgfs n, r COmp
n, I' Low-pressure Turb

n, I High-pressure Turb

Our results: (B) > (4) > (O
[SAF2] Vu et al. 2024.
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Conclusion on Neural networks for Performance Inverse Problem

= Standard literature:
= |earning state-by-state (not leveraging time-series relation)
= Does not work well in realistic under-determined setting

* Multi-point, multi-time perspectives:
= Having more enriched data (under technical hypotheses)
= Can improve precision of estimations (if used with care)
= Still rooms for improvements

y SAFRAN
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Hybrids NN +KF
methods for health
indicators
estimation
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Hybrid NN+KF’s principle

= Key ideas

= Merge two state of the art methods, Kalman Filters and Neural Networks, for model inversion to
create a more efficient hybrid algorithm.

= Kalman Filters are physics-based-model-inside-process methods.

= Neural Networks are data driven physics-based-model-outside-process methods : physic
knowledge are incorporated through the data generation for training.

= Hopefully we take the best of both world. We aim for more accurate and more robust estimators.

* The challenges

= Each method can have a different role : filter, smooth, estimate, predict, reduce dimension of data.
= We defined three types of hybrid methods : Succession, Imbrication and Complex (see next slide)
= Data generation can be tricky

%y SAFRAN



Type of hybrid methods
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Measures y

Y

Method 1

—)

Qutput §

—)

Method 2

L-------_---_--‘

Y

Estimated
state x

Measures y

Succession (Morse, L. K. 2018, [9])

Measures y

—

Method 1

=)

Output §

=

I peeppepyua—

Method 2

1

Output §

-1

I

Estimated
state x

Method 1

Method 2

Measures y

Complex

(DynaNet : Chen, Changhao, et al. 2021, [11])

L2 Method 1

I

Step 2
Step 1
P Method 2

1

Estimated
state ¥

Output §

.|

——

Estimated
state x

Imbrication

(KalmanNet : Revach; Guy et al.
2022, [10])
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Implemented algorithms

Measures y

non-hybrid

C2 - Confidential

Estimated
state ¥

Measures y

Estimated
state ¥

NN with KF Measures y

Adapt KF with NN

ALGORITHM

TRAIN

Estimated
state ¥

V4

Measures y

-

NN
KF

1

Output §

-1

I —

UKF-(%X, y)

Filtered
Estimated
state x

Estimated
state x¥

%y SAFRAN
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Measurement Update (“Correct”)

1. Compute the Kalman Gain
A a pt - KF - y- N N Ky = PoposHT(HP, B 4 R)

2. Update estimate with measurement
in.n = in‘n—l + KI!(ZH — HXx, , —l)

3. Update the estimate uncertainty
Pyy=U = KyH)Ppp (I — K H)T + KRy K],

Reminder : Update formulas in KF

= Inspired from KalmanNet : Revach, Guy et al [9]

= The NN inputs are based on the current predicted state ALGORITHM NN
and measurements. It is then trained to learn the ' TRAIN

Kalman Gain K in a EKF

= The NN is imbricated into the KF to replace the i
computation of the Kalman Gain by the NN output l‘

= The NN and KF are not trained end-to-end, the loss of Measures
! y - KF :
the NN is based on the predicted K —— Es:;;r:ztsd

Qutput §

» Unfortunately this lead is not giving satisfying results at this stage.

* The reasons are :
* The data for training the NN is difficult to generate
* It is hard to train end-to-end the NN because of our underdetermined system

[SAF4] Thepaut et al. 2024.
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NN-with-KF

o o T — —— = —— = . . P S B S A B S A P S L T S S B R T B R e E e TR S e A S e S S S S e S S e s R RS s e s S S S SEEESSSSSSSESSSSSSSSSSSSsssssas =

Estimated
Measures y - m - state &

= First a NN is trained to learn state from measurements

Filtered
Estimated
state x

= Then the output of the NN and the measurements are used as observations into an adapted UKF

= The output is the estimated state, i.e. the health indicators

» This model was implemented and discussed in a paper accepted at ESANN 2024

* It gives very good performances on simple degradation scenarios of the health indicators

[SAF3] Thepaut et al. 2024.
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Results - Experiment

= We trained our algorithm on data obtained from N RN
the simulator -
= Qur test procedure was the following :

= Produce 15 test sets by adding gaussian noise to  nario: Linear degradation
a noiseless dataset.

= Run benchmark algorithms and hybrid on the test
sets

= Compute trajectory and slope errors
= Rank the different methods from best to worst

0.98- \\:\\\\ “.\-\\\.\
0.97 1
. . —<— |Indicator_1 Indlcator 6
= Trajectory error = sum of errors along the trajectory —= Indicator 2 —»— Indicator 7 \\\
0.961 —— Indicator 3 —e— Indicator 8

Performance indicators

= Slope error = sum of slope errors over a fixed window along the —4— Indicator 4 —— Indicator_8

—e— |ndicator_5 —e— |ndicator_10

trajectory 0.95 , , . | |
20 40 60 80 100
Flights

[SAF3] Thepaut et al. 2024.

Scenario : Degradation with maintenance
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Results - Table
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- . » 5 Algorithms
i ® UKF_NN,
-3 @® NN (non-hybrid)
& NN_UKF, Q=1e-7xI
Metric (Trajectory Error, Slope Error) 8 B NNk, Q= le8xH
Setup Linear With Maintenance g3 =4 % MLUKE Q=le:dxl
Rank 1 2 3 a 5 1 2 3 2 5 E' @  UKF (non-hybrid), Q =1e-7 X1
UKF_with NN | (9,4) (6,8) (0,3 (0,00 (0,0) | (8,7) (6,6) (0,2) (0,00 (0,0 S ] $ L fronbybed, @ = 16551
2 -5 X ®  UKF (non-hybrid), Q=1e-9 x 1
UKF (6,6) (9,4 (0,5) (0,0) (0,0) | (6,5) (8,7) 0,2) o,n (0,0) ® ¥ ¥ i " 0’71 i
NN_UKF (0,5) (0,3) (15,7) (0,00 (0,0) | (1,1) (0,1) (14,10) (0,3)  (0,0) 3 i REol; Q107
NN (0,00 (0,00 (0,00 (15,00 (0,15) | (0,2) (1,00 (0,1)  (14,0) (0,12) -6 X MR UKE RN, (@ =1e8iX]
UKF_NN (0,0) (0,00 (0,0) (0,15) (15,0) | (0,0) (0,0) (0,1)  (0,11) (15,8) .= . UKEWith NN, @ = 1e-9 x1
e b’
Table 2: Couplings showing ranks, by trajectory and slope errors, of each method oD;K:(al 3 . .
in the considered setups. E.g., in linear scenarios, UKF_with NN ranks first (hav- %,m pata_3 3 w, Uk
. . . . . . 4 - o, N,
ing smallest errors) 9 times with trajectory errors and 4 times with slope errors. Ll 5 W, "hve,, i
pata5 Ty o™ mgdfthms
% %,
1, %)

Figure 2: The trajectory error (in logarithmic scale) of considered algorithms in
the with-maintenance scenario showing UKF_with NN is the best algorithm most
of the time (comparing between algorithms using the same value of matrices Q).

« UKF-with-NN gives better results than UKF in a majority of our test dataset
* On both linear and with maintenance scenarios
* There is room for improvement

[SAF3] Thepaut et al. 2024.
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Conclusion on NN+ KF hybrid methods

= We implemented two hybrid NN+KF methods for our use case on aircraft engine
= The NN-with-KF algorithm outperforms the single methods such as UKF or NN

= The Adapt-KF-with NN is not giving satisfying results at the moment but is still an ongoing lead
with strong potential

= Current and future work :
= Hybrid methods based on Reinforcement Learning
= |mplement end-to-end Adapt-KF-with-NN
= Test different kind of NN if adapted
= QOther filters
= QOther scenarios
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Conclusions & future works

= Engine performance inverse problem:
= Having a model that takes health indicators (HI) as inputs, and outputs measurements (Y), how to inverse it and retrieve HI fromY ?
= An heavy litterature on the subject, mostly 2 criteria (in/out process, with/without time integration)

= Work on Neural Networks alone
= We proposed to use multi-point & multi-time framework to improve classic neural networks method
= Results are improved but there is still room for further works

= Work on hybrid methods

= We proposed and tested different approaches
= Hybrid methods can improve our baseline

= Future works
= Test on more realistic data, scenarios and with different engines
= Work on different hybridation (thesis on Reinforcement Learning for Kalman Filter tuning)
= Propose new way to hybrid the algorithms

y SAFRAN
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Annexe 1 - Metrics

Trajectory error = Y ¢|x; — X¢ |
Slope error = ¥ |s¥ — s7 |

with v is a fixed window size
v _ T | —
Where s;; = |xv*k - xv*(k—1)+1| and s, = |xv*k — Xux(k—1)+1
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Annexe 2 - Data Generation for Adapt-KF-by-NN

Data input

Data label

predict simulator

Y| t-1
e

K = (x.':'rue_fﬂ t—'l)/(Ytrue - ?t| .':—'1)

Random directions
I'\\

simulator
— ﬁ-
Xt+1 = Xtrue Ytrue

simulator
Xpp1 = Xprye | — Ytrue

N simulator
Xi41 = Xprye | =— Ytrue

» To compute the labels we first need to generate steps from the current state and get measurements from the
simulator

* We also need to add noise to the inputs for the NN to be able to predict on real data
* It is very difficult to properly explore the inputs space and keep computation and training time reasonable
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