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Approaches




imples

Further Researches




Introduction

1 Problemiand challenges for EDI

I Industrial case examples

— CSTR simulated process
— CSTR plant (realistic)
— Sugar tactory (nof included i this talk)

i Parameter changes and tault eitects



The Need tor Multiple Model

1 Models and mterpolation
0 Fuzzy clustering
1 Takagi-Sugeno/Mamdani/State-Space

1 Global stability problem: for Observerns and
State-Space models

1 Optimal cluster numbers



yhysical system, by recording
ecognising and indication
ies in the behaviour.
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odel-Based fault Detection Methods

Model-based

Residual fault detection
| generator |

" Residuals

Residual
evaluation

Fault alarm

nodel-based fault detection.




| Model-Based FDI Principles

]
G(s)

r(8) = A, u(s) + I y(S)

choose H, & H, so that
1(s) = 0 when no fault eccurs

1(s) =0 when a fault occurs




Model-Based FDI Principles

Algorithm which processes measurable [/0 of system to
generate residual signal.

Residuals are examined for likelihood of faults
Decision rule applied tordetermine 1f-any: fault has occurted

Estimate system O/P from available /O (Pattonrer al, 1989)

Residual =» weighted difference b/w: estimated and actual
O/P

Flexibility i selecting obsenver gain =» richi vanicty of EiDI
schemes
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Model-Based FDI : Observers

based on either

(malking use of static algebraic relations
b/wW'sensors: & dctuartoy: Signadls) ot upon

(when dynamic relations, biw l/P &
O/P areiused)

Component faults of dynamic systemiretlected m physical
parameters e.g. friction, mass velocity resistance

Faults detected by estimating parametess o non=parametie
models



Model-Based FDI

Precise and accurate analytical model required for traditional
FDI........

Design robust algorithms where disturbances effects on
residual are minimised and sensitivities to faults are
maximised

Unknown I/P observer, Eigen. assignment (Patton ez al, 2000),
Frequency domain (Edelmeyer et al, “97)

Resulting error aficcts FIDI performance
Non-linear systems represent majority: ofireal processes
The following can be used:
> more abstract models based on qualitatiyve physics.
» Fuzzy-logic rules



Model-Based fault Detection Methods

cation & parameter estimation.

nals y(t) can be measured, signal model-
an be applied.
pdel-based methods of fault detection:

ass filters,
al analysis (FFT),
um-entropy estimation.



Model-Based fault Detection Methods

ariances.
the normal behaviour have then to
ethods of change detection (residual

riance estimation,
atio test, Bayes decision,
t.



[Fault Diagnosis methods

methods are:




[Fault Diagnosis methods

te reasoning methods are:

easoning,
asoning with fuzzy logic,
h artificial neural networks.




Summary of FIDI Applications

Milling and grinding processes
Power plants and thermal processes
Fluid dynamic processes
Combustion engine and turbines
Automotive

Inverted pendulum
Miscellaneous

DC motors

Stirred tank reactor

Navigation system

Nuclear process




Model Based Fault Diagnosis

Controller

Actuators Sensors

> Residual | Residual | pecision
Generation Making



System with possible faults is then described as:
¥(s) = G, (s)u(s) + G, (s)f(s)

Residual generator can be generally expressed as:
r(s)=H,(s)u(s)+H,(s)y(s)

H,(s) and H, (s) are transfer matrices which are realisable using stable linear
systems. To make the residual to becomes zero for the fault free,

H,(s) and H  (5) pust satisfy the condition:

H,(s)+H, (s)G,(s)=0

Model-based FDI makes use of mathematical models of the supervised system.

Hence potential danger of false alarms caused by model-system mismatches .



Case study I - CSTR system

I Introduction

FIDI scheme

Model description
[dentification techniques

Results
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D CSTR system description
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The measurement process (1)

Actuators  1,(t)
Sensors t,(t) 1;(t)
0 Components 1,(t)
[ Sensor noises

0 u(t), y(t) available
measurements

0 u*(t), y*(t)
maccessible mputs

and outputs
Nomenclature




CSTR fault conditions
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Dynamic system: identification

i1 Input and output sequences u(t) and y(t)

7 Equation etror models sslinear ARX
Systems

Multi-model approach =TS non=lmear
Systems




Equation error models

(1) = Zalky,<r—k)+22ﬂk,u (t—k)+&(2)

j=1 k=1

1 High signal to noise ratios u(?) =0 . ¥(/) =0

0 From the sequences u(t) and y(t)

determine &, , By and n.
ik > Fiki



ARX MISO model identitication

E 6’=[an oo o ﬁ]T parameters

L

0 J(O)= 3 > (@) —y(t))2 mean Square eror:

Nt=n+1

Cu() e u(n) v e () ]
H (u) = : : , H,(y) = : :

‘u(L—n) - u(L-1) y(L-n) -+ y(L-1)]

Hankel matrices



——

ARX to state space model

X,(t+1)= A x,(1) + B,ii(t) + B, & (1)
§.()=Cx,()+D, &), 1=12,...

0 AL B,

on ARX parameters and order

C. . D are matrices depending

(Dl’

I Fach i=thr outpui
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ARX identification: results

Optimal value of the model orders

Residual whiteness (~ K¢ j 5 distribution
with 8 d.o.f and 95% confidence level)

Correlation between mputs and residual
(~ Gaussian distribution with: 8 d.o: 1)

One step ahead predictive model (= 1%)
[dentified model in full-sSimulation (= 770)

Model validation in full simulation



Non-linear fuzzy identification

[SocaliakaZiESUSCHONUICS:

vit): Ifx(t) is R, then

(GlobalNilzzZymon= MCARMOUCIS

Y (t) = FVx(t)+b"



Non-linear fuzzy identification

“State vector:

Parameters; to identiiy;
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[dentification & FDI steps

FJARX linear/TS fuzzy non-linear

1 Output estimator design

0 FIDI analysis




Residual sensitivity analysis
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Residual generation

@Estimator

=

7 Residual analysis

I Fault sighature

=

Residual generator




——

Output observer design

0 I/O ARX to state space
model

¢ . J(p)
optimization technique
min J(p)

_rels

J(p) = >
B o,

Cost function versus pole position



—

Fault case #1:

400 600 800

Ouipul 735 reactani ConcCenANORMNMNHCHCACHON




fault case #1

ith

FDI w

PPCRIE ~ 5%. PERRIZ=10I550:




: case #1 pipe | blockage

200 400 600 800 1000

Ouitput #5355 conttiol I CROUIPNRORHCH CYEIRCONITOIICT



EDI with . case #1

400 600 800

. PCRRIZ=95455:




rault [solaoility (non-linear case)
Fault signature: the most sensitive measurement
Fault case Residual and output # Sensitive output

#1 #2 #3 i # #6 #1

_ |
e [ L =

1 I 0 l 5
2 | I 0 1
R 0 I I 4
4 | I I |
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Conclusion [

Actuator, component, sensor FDI ot a
simulated chemical process

[Linear (ARX) and non-limear (tuzzy TS)
identification techniques

Output estimation approach (observer and
predictors)

Minimal detectable tault




Further works

I Non-lmear identification techniques
(NARX, , neural networks)

, UIO

1 Disturbance de-coupling

1 Measurements atiected by

i Measurement availability;



Case Study 1I: CSTR

ample about the use
ar 1dentification
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Introduction

DI in dynamic Systems

model-based/observer-based methods

linear/non-linear systems

Dynamic systemidenticamon

linear/non-linear models




r CSTR system description




CSTR system layout

=]

6/inputs, w(t)

==

7 outputs, y(t)

closed-loop system

0

mput-output analysis



| CSTR inputs and outputs
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Vieasurement process

Actuators, 1, (t)
Sensors, f,(t), £;(t)
Components, 1,(t)
SEnsor noises

u(t), y(t) available
measurements
u*(t), y*(v)
iaccessible mputs

and outputs




CSTR fault conditions

Pipe 1 blockage

External feed reactant tlow rate too high

Pipe 2 or 3 are blocked or pump 1 fails

Pipe 10 or 11 is blocked

External feed reactant temperature abnormal
Control valye 1 fails high

Pipe 7, 8 or 9 blockage or: control valye 2 fails low.
Control valve 1 fails high

o 0 d1 S\ Ut B W N -

Pipe 4, S'or: 6 blockage or: control valye 3iails low,
100 Control valve #3 fails high

11 External feed reactant concentration too low,



Dynamic system: identification

[nput and output sequences u(t) and y(t)

7 Equation error models s linear ARX/SS
Systems (Steady Staic Conditions)

7 Multi-model approach = 1S non-linear
Systems (ArfCienEWOrKINEHPOILS)



Equation error models (ARX)

ﬁ-(r)=kZaikf,-(r—kaZﬂik,ﬁj(r—k)+<z-<t>

j=1 k=1

High' signal ternoiseiratioss uld) =0 S y(7) =0

From! the sequences () andi V(G dCLemime
a, . P, andn.
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ARX to State Space model

X, (t+1)=A x,()+B () + B, &)

Vi
y.(2) :Cixi(t)_l_])a)igi(t)a t=12....

2 AL, B

on ARX parameters and order

C. . D are matrices depending

(Dl’

[Each 7=th output




Linear identification: results

Quttoetell vailie ot fne rodsl orders

Regidualswilligness (~ 952 ) oo digtribution
sy e e tand 99% contidence leyel)

Corrglarilon vgiywesn tnois zic regiczl
(> Craugstan digirivution it § o)

Qilg gigp cezid preciciive model (~ 1%)
lelgnitited welocelin fullgimnbition (~ 7%)

Miodelhzvalidataonsiasaom)



Non-linear identification: results

Optimal value of the model orders 7 and M

Per: Cent Reconstruction Error-and = VAE™

VAF%=IOO>{1 _ w}

std(y(2))

One step ahead predictive model (= 0.1%)
or i full-simulation

Model validation in full simulation



~INon-linear fuzzy identification

1 LLocal Takagi-Sugeno rules:

12 Global fuzzy non-lmear model:

where




Non-linear fuzzy identification

“State vector”

Parameters to identity;
(EMID: Matlab: Toolbox)



e

Identification & FDI steps

ARXEmean/A5Sitzzy: non=lmecar
modeldeniicanon

Output estimatoRdesign
reSTanal Ceneranon OIS ers i)

FIDIF analysis

SavlESISTiane




Residual sensitivity analysis




Residual generation

Estimator

=

Residual analysis

=

Fault signature

=

Residual generator
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Robust output observer design

State space model

: J(p) 0.02
opiimization techniqujs

min, J(p)

J(p) i Hr(t,p)H h

re.p)| s




Application examples

Fault Case la:

Fault Case 1b:
ge in Pipe 1 due to actuator
-linear case).

Fault Case 2a:
e #3 fails high (linear case)

Fault Case 2b:

e #3 fails high (non-linear case)




r Fault case : Actuator fault




Monitored outputs for FDI

400 600 800 1000

Predicted and measured outputs #3 and #5
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Multiple operating point detection

500 1500 2000 a 1000 1500



r Multiple operating point detection

500 1000 1500 2000 0 500 1000 1500 2000




I'S fuzzy model: fault detection
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I'S fuzzy model: Fault isolation

800




| l [ r 4 4 ) ) : | I
b r A ) J AY Q) <l
Fault Detection: results
o Miinimal detectable faults
Fault Case| Minimum detectable fault PPCRE VAF
Case la 30% 5% X
Case 2a 15% 0.3% X
Case 1b 2% 0.5% 99.2%
Case 2b 0.5% 0.1% 98.7%
@ fault deteciion performance improvernent




‘r?; |' [rn |; 1 J-'\ . ay> Y Y ala )
Iauil 15014DITY (1HIcar Casc).
Fault signature: the most sensitive measurement

Fault case Residual and output # Sensitive output
#1 #2 #3 #4 #3 #6 #1

|t | —t | —
et | e | | p—

0 0
| |
0 1
| |

—_—— DS

3
2
6
]

(e [ el L

1
2
3
4




| I ~ PO BV o ~
Fault 1Solability (linear case):
Fault signature: the most sensitive measurement
Fault case Residual and output # Sensitive output
#l | ® | #3 | # | #5 | #6 | #
3 1 0 1 0 1 0 1 1
6 0 0 1 0 0 1 1 3
7 0 0 0 0 0 0 1 7
3 1 I 1 1 1 1 1 4
9 1 0 0 0 1 1 1 6
10 1 0 1 0 1 1 1 5
Ll 1 1 0 0 1 0 0 2




Fault signature: the most sensitive measurement
Fault case Residual and output # Sensitive output
#1 12 #3 #4 # #0 #1
I 0 0 | 0 I 0 0 5
2 1 I 1 I 0 0 I 1
J 1 I 0 I I 1 1 4
4 ] | ] | | ] 0 |




o

C\")

Fault 1solapility (non-linear case): 2

[ault signature: the most sensitive measurement
Fault case Residual and output # Sensitive output

#1 #2 #3 #4 #3 #6 #1

S 1 0 1 1 0 0 1 4

6 1 0 1 1 0 0 1 1

7 0 0 1 0 0 0 1 3

8 1 1 1 1 1 0 1 2

9 1 0 1 0 0 1 1 6

10 1 0 0 0 0 1 0 6

11 1 0 1 0 0 0 1 I




Conclusions 11

___7} Actuator, component, sensor DI of a simulated

chemical process:

2 Output estimation approach
dynamic observer and' fuzzy predictons

7} Fault 1solability and size estimation
) application to the real process




Case Study I1I: FDI of a simulated
model of gas turbine prototype

—
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FDI approach for this case study

i Residual generation:

= [Luenberger observers or Kalman filters.

Residual evaluations
™ Geometrical or statistical tests:

= Neural networks.




EDDI scheme

Residuals Faults

Residual
evaluation

Logic dia
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Model description

HTDU model
RB P 17/9/97
mods by AJLO 4/1/99

CE | Gase

- I I I I

ambient
air

Simulated fault condtions

Pressurising
valve

one = Compressor contamination
two hermcouple sensor fault
three = HP turbine seal damage
four = Fuel actuator friction wear

NOTE:

To run the with a fault condition. Set the required initial
conditions (init 1, 2 or 3) then double click the required
fault condition(s) before running the simulation. To reset
to a no fault condition, simply reset the inital condtions.
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Turbine layout

o 1, , P, fixed as boundary.
conditions

i a. () pressurizing valve
angle

o () manipulated
control mput

1 N(T) controlled
variable

1y (t) gas turbine
measurements




Turbine model

I Stmulink dynamic model supplied, based

upon an ALSTOM experimental test rig.

1 1%-5% model accuracy.

0 Steady state validation.
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Turbine mmputs and outputs

X 70 & 10 2 30
£(t) a,(t)



Turbine dynamic performance run

Speed demand and valve angle sequencing in transient conditions.

Figure 1 Figure 2
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15 15
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The fault model




Fault conditions

Four gradually developing faults:

1)Compressor  contamination  (core  engine
performance deterioration)

2) Thermocouple sensor fault

3)High Pressure turbine seal damage (core engine
performance deterioration

4) Fuel actuator friction wear



Dynamic system identiiication

I Input and output sequences u(t) and y(t)

0 Deterministic environment = cquation
error models: ARX

0 Stochastic environment = CrioLS i
variables models: dynamic FrischrScheme



Equation error models

(1) = Zalky,<r—k)+22ﬂk,u (t—k)+&(2)

j=1 k=1

1 High signal to noise ratios u(?) =0 . ¥(/) =0

0 From the sequences u(t) and y(t)

determine &, , By and n.
ik > Fiki



ARX MISO model identitication

E 6’=[an oo o ﬁ]T parameters

L

0 J(O)= 3 > (@) —y(t))2 mean Square eror:

Nt=n+1

Cu() e u(n) v e () ]
H (u) = : : , H,(y) = : :

‘u(L—n) - u(L-1) y(L-n) -+ y(L-1)]

Hankel matrices



A

LS - ARX parameter estimation

S(n+1)
=m0 Bwle =H0
| (L) |
y(n+1)
0=H; 1 |=H)
(L)

H, is the pseudo-inverse ol H,




ARX order estimation

H =[H,() H,@w ]
mnk(HZ) =2k+1 for2k+1<n,
mnk(HZ) =2k for 2k = n.

N \/ det(S,

“*\|Ndet(H H,)

c,>0. if k<n & 0,=0, if k=n



ARX order estimation

(o)

:

PPCRE(®,) J(0,)
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ARX to state space model

X,(t+1)= A x,(1) + B,ii(t) + B, & (1)
§.()=Cx,()+D, &), 1=12,...

0 AL B,

on ARX parameters and order

C. . D are matrices depending

(Dl’

I Fach i=thr outpui




[dentification in stochastic environment

1 Plant mpufts and outputs are atiected by
noises (four mputs).

Dynamic Erisch Scheme to estimate model

parameters and noise Variances
(Kalman, 19825 1990, Beghellr ez al:; 1990: 1992).

Kalman filter to generate residuals:



—

Turbine fault detection

I Single fault: four cases. Component, output
sensor and actuator maliunctions.

I Ramp functions; slowly icreasing faults:




—

Compressor contamination (1)

0 Fault 1: Compressor contamination

0 It represents fouling of the surfaces of the
compressor blades.

The failure 1s modeled as a gradual decrease
in mass flow rate for a given pressure ratio.




Compressor contamination (1)

HTDU compressor Ver2: cp and gamma functions of mean temperature
R B Page 2/4/97

p1/sqrt(t1)

>

Product

p1 [N/mA2]

N [rad/s]

p2 [N/m~2]

heatsoak

compressor
torque [Nm]




Compressor contamimation (1)

Block location: co



o p t p
C =
Compressor
f
<

—> >

N

Fuel system

Governor




Residual sensitivity analysis

The most sensitive residual to a fault
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Compressor contamination (1)

0 Mainly atfects
p3 9 p4 9 pS > pt

0 py(t) output observer

0 Observer mputs:

£(t), a,(0), p (D)

[ residual generation
Iy5(t)




ARX MISO identification (p;)

1 Two mputs - one output ARX model.
Second order ARX model (n=2).

il J2(e): 2.98 x 10_5



Component (1) fault detection

Residual generation

Fault estimate Fault free and faulty residual



Output observer design

0 I/O ARX to state space
model

1 Pole placement: J(p)
optimization technique

min J(p)

J(p) . Hr(tap)H h

re.p)| s




Thermocouple sensor (t;, ) fault

0 Fault 2: output sensor fault

0 Failure case 2 represents the malfunctioning
of a thermocouple (t;,) in the gas path.

0 It leads to a slowly increasing or decreasing
reading over time.



Thermocouple sensor (t, ) fau

que
er
<l

tor
pow
8.

Compressor|

Fuel system




Thermocouple sensor (2) fault

Block location: HTD



Thermocouple sensor (2) fault

[t aftects only t;

0 t; (t) output observer

Observer mputs:

1(t), a.(t), t;.(F)

[ residual generation
I5(t)



ARX MISO identification (t;,)

1 Two mputs - one output ARX model.

1 Second order ARX model (n=2).

1 1,(0)=113%107"
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Output sensor (2) fault detection

Fault estimate Fault free and faulty residual




High pressure turbine seal damage

b Failure case 3: failure of an HP turbine seal.

1 This results 1n a reduction 1n turbine
efficiency.

0 The fault 1s modeled as a gradual reduction
in turbine efficiency over time.



High pressure turbime seal damage

RB Page
214197
Turbine model Ver 3: eff function of isentropic temperature drop
mean cp and gamma function of temperature

inlet temp

Product!

Product

input speed
[radis]

outlet temp

inlet pressure

| o2 |
]

[N/mA2]




Turbine seal damage (3)

Block location: turb



Turbme seal damage (Case 3)

0 Mainly aftects ps. Py
Ps. P75 Pty Us 5 Ug -

[ ps(t) output observer

0 Observer mputs:
(), a,(t), ps(t)

[ residual generation
Iy;(0)



ARX MISO identification (ps)

1 Two mputs - one output ARX model.
1 Second order ARX model (n=2).

1 7,(0)= 2.30x 107 .
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Component (3) fault detection

Fault estimate Fault free and faulty residual
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Fuel actuaror friction wear (4)

Failure case 4: loss of performance due to
wear of the fuel valve actuator.

The effect of actuator wear causes slower
response to demanded flow rates.

It 1s modeled as a simple first order lag.

The time constant increases linearly with
time to represent progressive wear damage to
the actuator.




————

Fuel actuaror friction wear (4)




Fuel actuator friction wear (4)




>

Fuel system

t6 9p59p39m1 Bt4

—{

Governor
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Kuel actuator friction wear (4)

0 Mainly aftects ps. Py
P55 Pt 595595 Y; -

1 q(t) output observe:.

0 Observer mputs:

£4(t), a,(0), q (D)

[ residual generation
I (1)




ARX MISO identification (q;)

1 Two mputs - one output ARX model.

1 Second order ARX model (n=2).

B Jz(e): 4.64 x 10_5
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Actuator (Case 4) tault detection

Fault signal Fault free and faulty residual




Kalman filter as parameter estimator

<”«9(t+1)=¢9(t)+a)(t)
V(@) =C(0)0(2) +e(t)

0(t) parameter vector

0 C(t) measurement vector
C(t) = |yt —n)... y(t =) u(t —n)...u(t - 1)]
(1) white process, e(t) equation Crtor term



KT parameter estimation

Fault free parameter (LS)  Fault free and faulty parameter



EDI in stochastic environment

0 Measurements atiected by noises.

1 Erisch Scheme identification.

0 Kalman filter design.

1 Residual evaluation.



Compressor contamination (Case 1)

p,(t) residual generation using a Kalman filter

Faulty signal Fault free and faulty residual



Thermocouple sensor (Case 2) fault

t,, residual generation using a Kalman filter

10 20 30 40 50 60 70 10 20 30 40 50 60 70 80 90
Time (s) Time (s)

Faulty signal Fault free and faulty residual



High pressure turbine seal damage (Case 3)

ps(t) residual generation using a Kalman filter

Faulty signal Fault free and faulty residual



Fuel actuaror friction wear (Case 4)

q.(t) residual generation using a Kalman filter

3
2
1

0

g
2
3
4

0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70 80 90
Time (s) Time (s)

Faulty signal Fault free and faulty residual



S [_| : 1 i > ~ 1 l lJ | lJ'l\
Fault Isolability

Fault signature: the most sensitive measurement

Fault/r() Ds Py Ps P D, 9, q. q, ts g
Gl 1 | 1 o [ 1ol o o] o] o] o0
case2 | 0 [ ol o ool o] oT]o 0 | o
Cased | 1 | 1 | | C o o oo [ ]
Cased | | 1 r oo | i | o | o | o




Residual classitication NN

0 NIN'1s as nonlmear
function approximator

i Static nonlinear
mapping between
residuals and fault
SiZe.

1 Feed-forward
MILP NN



Minimtu

kl‘
\—1-
(ab
\—|
=3
p—

M detee

— S~

T
L

Fault case Deterministic environment Stochastic environment
Case 1 5% 11%
Case 2 5% 8%
Case 3 5% 9%
Case 4 5% 8%
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Conclusions LI

Actuator, component, sensor FDI of an
mdustrial process simulated model

[dentification techniques m! deterministic
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General Conclusions

Al approaches very effective i enhancing powerful
detection and' isolation capabilitics of quantitative model-
based methods.

Integrate qualitative and quantitative strategies to
minimise probability of false-alarms and missed-alarms i
fault decision-making.

Improve level of heuristic information available for the
Human operator.

Increase inn use of NN as alternative to: model=
based/observer/ estimator for EIDI

NN needs no explicit model off system: but 1s an mplicit or
“Black Box™ model.



General Conclusions

FIL provide reasoning and transparency.

FIL methods are rapidly becoming a poweriul alternative to
use of artificial expert systems.

Combining together fizzy rule-based strategy withi a' ININ,
some powerful diagnostic results can be obtaimed.

The T-S approach to multiple-model obsenrver design for EIDL
mcorporated fuzzy rules, based on easily understood premise
variables, with: state space models dependent on pomt o
operation

Combination of FIL and quantitative modelling provides a
robust solution for EDI:
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