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Problem formulation

Hyperparameters of fault diagnosis methods

@ Observer gains

@ Covariance matrices

@ Thresholds

@ Size of expected change
°

°

Time horizon

4

Optimal tuning of Hyperparameters

@ Best performance of a method on a complex problem?

Required to compare fault detection methods

°
@ Involves costly simulations of a test case
°

Global minimization of performance indices to find hyperparameters
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Simulation of a test case : example

Actuator Sensor
faults faults
Actuators C Aircraft model : Sensors

L Guidance
Control Control
inputs Measured
outputs
Diagnosis
Hyperparameters filter m
Xe Residuals ‘ I‘
Residual
analysis
Weighted Decision function

sum
(X ) <::| False alarm rate FauLT
Xe Non detection rate |
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Simulation of a test case : example

| Actuator Sensor 7 I

| faults faults |
| Actuators [ Aircraft model [  Sensors |
| Guidance A—) |
Control Control
/npui‘s Measured
| outputs |
Diagnosis
Hyperparameters filter m |
X | ﬂ Residuals ‘ I‘
| Residual |
Black-box analysis
function |
Weighted ﬂ Decision function
(X ) sum False alarm rate FauLT |
NXe Non detection rate |
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Problem formulation

Performance indices
Computer simulation

Optimization K//

strategy

False-alarm rate
Non-detection rate
Detection delay

Tuning viewed as a Computer Experiment

@ Kriging as a surrogate approximation of the complex simulation

@ Efficient Global Optimization, iterative search for the global
optimizer based on the Kriging prediction

Starting point

Performance index y(x.) already computed for an initial sampling of
hyperparameter vectors X, = [Xc.1, ..., Xc,n], Xc € X

e ONERA
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Kriging

y (-) modeled as a Gaussian process Y (x.) = f'b + Z(x.) where

)

@ Y(xc), best linear unbiased prediction of y (-) at any x. € X,

@ f parametric prior, b to be estimated from available data

@ Z(-) zero-mean Gaussian process with covariance
k(Z(xc), Z(xc +h)) = 2R (h)

@ Chosen correlation function, e.g., R (h) = exp {— g—k
K

d
k=1

What Kriging provides

@ Variance of the prediction error 2(x.)
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Kriging illustration

* Training points
True function
—— Kriging prediction
——95% confidence intervals

0.5f
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Efficient Global Optimization (EGO) algorit
Objective: find iteratively the minimum of y(+)

@ Choose an initial sampling and compute the value of y (-) at
those points

@ Find the empirical minimum in the available data points, ymin
© Fit a Kriging predictor on those data points

© Find a new point of interest to evaluate y (-) by maximizing
Expected Improvement, given by

El(xc) =7 (xc) [u® (v) + ¢ (u)]

where R
<ymin -Y (xc))
u= —
7 (xc)
© Go to step 2 until El reaches a threshold or sampling budget is
exhausted
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Application — tuning of 2 fault-diagnosis sch

P > Output

N - St S
A U/ Concnr |
./ Sensor

ﬁ 22 fault

Hyperparameters

\\\ , Statistical

test
(CUSUM)

Missile model
(dimension 3)

08|
04|
0.4

FAULT
02|

time.

15 25 35 45

Control

@ Luenberger observer (3 poles) + CUSUM (2 hp) — 5 hp

@ Kalman filter (4 non-zero initial cova
+ CUSUM (2 hp) — 6 hp
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Cost function

M Decision .
False detection  rue detection
true I + .. ra ~
falSe fenennes JU N O S
~
T
ton trom thor
T 5. >
rnd i tdt
teg thd
= _—"—"7—, Id ——(—— =Y =1+ hd

ttrom — ton thor — tfrom

Xe = argxmei;g y (Xc)
C

C
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A sample of numerical results

” Observer and CUSUM | Kalman and CUSUM |

| Ranking | 2 | 1 |
False-alarm rate 0 0
Non-detection rate 0.0455 0.0184
| Mean number of simulations | 102.21 | 136.14 |
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Robust tuning

Need for a robust tuning
@ Results obtained for fixed conditions of the simulation
@ What happens with stronger disturbances, more noise, smaller fault ?

@ —Simulation depends on a set of environmental variables x,

Fau/t — Environmental

variables

Control Xe
Input N015e
Aircraft Sensors
output
Diagnosis

scheme :> Y(XesXe)

Hype"paf'”emrs ) (Filter + CUSUM) | Performance
C
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Robust tuning — proposed solution

Continuous minimax optimization

@ Search for optimal tuning for worst-case environmental variables

X, Xo = arg min max y (X, X
e Xe gXCGXCXQEXey( ¢ Xe)

V.

Sketch of proposed algorithm

o ; min T
@ Transform the initial problem into Xe,7
¥ (Xe, Xe) < T, VX

@ lterative relaxation :

@ Draw a new x,

@ Find a minimum X, for all explored x, with EGO
© Find a maximum X, for X, with EGO

@ Check convergence, repeat if necessary

N,
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Robust tuning for aircraft fault diagnosis appl

25 35 45

|| Observer and CUSUM

| Kalman and CUSUM |
| Ranking | 2 | 1 |
| Minimax performance | 0.114 | 0.0312 |
| Average number of simulations | 168 | 199 |
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Worst-case estimation

Environmental variables - Worst Case
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Summary and future work

@ Automatic tuning with Kriging and Bayesian Optimization

@ Tuning complete FDI schemes for dynamical systems : simultaneous

adjustment of hyperparameters of residual-generation and
residual-evaluation strategies

@ Robust tuning algorithm in the worst-case sense
@ Few runs of the simulation required (20 to 30 per dimension)

@ Generic : applicable to many engineering design problems

@ Consider higher-dimensional problems (in both dimensions)

@ More complex constraints on the cost function
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