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Motivation — surveillance of hydro equipement

face to intermitent use of hydro electicity

The principle

Source: www.andritz.com Surge Tank

Upper Reservoir
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Transient regimes — very
frequent BUT the systems are
generally not designed for this

Transformer
Electricity Delivery
Turbine Mode Flowdirection
Turbine Mode
Electricity Consumption Powerhouse

Pumping Mode
(Motor)

Motor / Generator

Lower Reservoir Al can help surveying and ensuring

everything is all right!
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OF TRANSIENTS

FORHYDRO SAFETY

Current trend in hydro surveillance — Analysis

of Transient phenomena!!!
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In a context of sparse sensing...How to pre

parameters everywhere?

Head valve

Introduction (1)
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Introduction (3) OTR

Transitory states — affect the pipe characteristics this is why is monromnaos ramoenTs
crucial to supervise them

MOTRHYS

P Recorded Pressure Signal

Tdump

Pressure [kPa)
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Time [Seconds]

NEED to classify these transients, knowing that they depend on the physical
phenomena but on the state of circuits (aging, fatigue, corrosion,...).
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Introduction (4)

A
mosT1=

MOITORINGE OF TRANSIENTS
FORHYDRO SAFETY

Key point: how to design the appropriate
- feature extraction method?
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Courtesy of https://www.slideshare.net/fredverheul/machine-learning-101-dkom-2017
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State of the Art (1) — studied on a fully controlled
reduced scale experimental facility
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A
State of the Art (2) mMoTA

MOITORINGE OF TRANSIENTS
FORHYDRO SAFETY

' 1. Spectral analysis-based feature

| extraction
|
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Courtesy of https://www.slideshare.net/fredverheul/machine-learning-101-dkom-2017

.
.
'

-— e e o o o - e e e e e o = -
.
.
.
.

gipsa-lab


https://hackernoon.com/a-brief-overview-of-automatic-machine-learning-solutions-automl-2826c7807a2a
https://www.slideshare.net/fredverheul/machine-learning-101-dkom-2017

A
State of the Art (3) — Spectral analysis moTA

MOITORINGE OF TRANSIENTS
FORHYDRO SAFETY

Spectral representation
T T T

Pressure‘ variation - 1st case . . 150 . . . .
Pmo
— Y
g - &
Fourier 5
@ S100F - ]
<3 = /r\\ | [y
a = W A e Y .
Transform E ATV
¥ WA,
o . . . . . . U
0 0.1 0.2 03 0.4 05 06 07 = I UL I 1/T',‘ W\
Time [sec] 200 180 -100 50 0 50 100 150 200
Pressure variation - 2nd case .
. . ; . . Frequency (Hz)
Spectral representation
H U MA N 150 ‘ B ; .

Pressure [Ba]

Intervention/setting
required!

Magnitude [dB]
g

| I I I I I
0 0.1 0.2 0.3 0.4 0.5 0.6

Time [sec]
50 2y A L 1 Do
. | Prosoum sgnat and s cutimated enveloppe | | 200 150 -100 50 0 50 100 150 200
s Frequency (Hz)
o - .—Courbe d'amortissement
02 e e

Pressim [id

Spectral
estimation/
T T ﬁ-e_b_"__ \.\_\_\___ﬁpmax - FI Ite rl n g

| ™ Courbe d’amortissement
FErsacieat o / |
f | ‘n_\ F‘Y 7\
I| | l". ! lll i /’Y-""ﬁ_r'\_-. B S — o~ . ~—
1 ] \ula .L/ A NG|t T e —

Pressum signal and ite sstimated anvelopps
T T

I

o
in

Pressime [id

&
in
T

;_-.
e
S
@
B
B
;
o

10

gipsa-lab



A
State of the Art (4) MoTR

MOITORINGE OF TRANSIENTS
FORHYDRO SAFETY

| 2. Model matching-based feature extraction
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Courtesy of https://www.slideshare.net/fredverheul/machine-learning-101-dkom-2017

11

gipsa-lab


https://hackernoon.com/a-brief-overview-of-automatic-machine-learning-solutions-automl-2826c7807a2a
https://www.slideshare.net/fredverheul/machine-learning-101-dkom-2017

A
State of the Art (5) AOTRAS

MOITORINGE OF TRANSIENTS
FORHYDRO SAFETY

Key element — modelisation using simulation software: Cosmos, Comsol, Fluent,
Simsen...
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_ I

State of the Art (5) oA
Model = pressure distribution for each possible real situation At

v (X,y,2);
- Vitesses

CFD
simulation I:>

- Coordonées

Code C++

Sim_matrice.cpp

initiale I'émission d'une

Definir comme condition

sinusoide a haute fréequence

Interpolation
spatiale bilinéaire

Augmenter la
résolution spatiale

Algorithme de
Bressenham

Discrétiser les équations avec la
méthode des Difféerences Finies
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La pression et la vitesse
d'onde a la sortie

Définir les conditions initiales
et aux limites sur des
frontiéres circulaires,
elliptiques ou rectangulaires




A
State of the Art (6) AOTRAS

MOITORINGE OF TRANSIENTS
FORHYDRO SAFETY
p— L

NOT always realistic P 7
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Physical inference (1)

First, need for a data driven representation space
PHASE DIAGRAM ANALYSIS

x(t)

/N

maorr

MOITORINGE OF TRANSIENTS
FORHYDRO SAFETY
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Physical inference (2)

Second, infere physical parameter extraction

Water Hammer = P, — Poart

Pressure

A
mosT1=

MOITORINGE OF TRANSIENTS
FORHYDRO SAFETY
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A
Physical inference (3) MoTR

MOITORINGE OF TRANSIENTS

Adaptive analysis to any context, no a priori knowledges required P saears
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. I
lllustration (1) — Hydrosurge®© software mo73-ws
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lllustration (2) MoTA

MOITORINGE OF TRANSIENTS

FORHYDRO SAFETY

Long Term
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For ex.: Loading and Stop

fFor ex. : Valve and bypass opening _
(related to machine control)

For ex.: Instability, resonance
(related to physical problems)
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. A
lllustration (3) MoTA

MOITORINGE OF TRANSIENTS
FORHYDRO SAFETY
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Conclusions

 High interest for physical inference in machine learning process: three
POC in progress

« Motrhys is partner with GE Hydro and won the 15t price at the
Innovation contest (GE, 2018), in the theme Machine Learning

 This is just the beginning, partnerships highly suitable
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