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Abstract

On line parameter estimation reflects the process state,
but physical parameters are not usually easily estimated in
the case of complex systems. This paper presents a sensor
or actuator fault detection method based on a classical
transfer function parameter estimation algorithm in
discrete time domain. Redundant discrete time transfer
functions are used to improve the residual generation. The
increase of information by redundant equations allows the
generation of a signature table. The exploitation of this
table, achieved by a distance computation, allows the fault
detection and isolation (FDI).

1. Introduction

During the last two decades many fault diagnosis
methods based on dynamic models appeared in respmns
the increasing complexity of process supervisign $oich
methods are based on:

estate estimation [1] [9],
*parity space [3],
e parameter estimation [6].

On line parameter estimation reflects the procese s
and therefore might allow fault detection, isolatiand
identification. In this way the continuous-time igsdtion
technique arouse an increasing research for diggrfesr
processes which are not too complex, the contintious
parameter estimation, makes it possible to comé& bac
physical parameters. We can have a direct knowledge
the different system elements so that the fault
identification becomes simplified. Nevertheless, most
cases, it is very difficult to obtain the physicabdel of the
process, because physical parameters are usuatly no
precisely known, particularly for complex systeribus,
the aim of this work is to test the classical pagten
estimation methods (usually found in the control
engineer’s toolboxes) as a diagnosis tool. In ttase,

1 Application on the benchmark winding process for AR diagnosis group
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parameter estimation is followed by a classificatio
technique (based on additional knowledge on theqa®)
in order to achieve the fault identification.

This approach has been applied to the pilot plant
represented in figure 1. This process is proposecra
experimental benchmark, so that the results and the
methodology can be compared with the other appesach
proposed by different members of the IAR diagnosis
group.

The system is composed by three DC-motorg, (Wb,
Ms). Their angular velocities are representedChy Q,
andQ3, which are respectively controlled by, u, and u.
The angular velocity,, and the strip tensions; Bnd &
between the reels are respectively measured
tachometers and tension-meters. The DC-motaretNik
allow the winding or unwinding of the strip but aay
velocitiesQ,, Q3 are not measured [4].
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Figure 1: Winding system

This paper is organised as follows: the first secti
presents the parameter estimation technique thatbei
used; in the second section, the winding systemeiigd
exposed. Afterwards, the redundant transfer functio
generation which allows the elaboration of the aigre
table is detailed. The fifth section presents thsidual
analysis, and an indicator for the fault statuthefsensors
or actuators is shown. Finally, simulation resutse
presented before the concluding remarks.



2. Parameter estimation method
An orthogonal factorisation is used in order toidvo
In this section the Extended Least Squares (ELS) the numerical instability problems [2].
method in the case of the MISO ARMAX modelling with ~ Given R as follows:
inputs (see equation (1)), is described [8]. R :[XM (6)
A@) (K =Y B (@)W (k-d)+qq)oe g L)
there is a matrix Q such as © Q* and M= Q Ris an

Noting na, nband nc the degrees of the polynomials A, B upper triangular matrix.in th(’f form:

et C the eq. (1) can be written as: )
na L
y(k)==>a k- )+ @ 3 oy L
— . : B
. Fl{bim(k_dl_D}+;CJEE(I(_)+€(B M = 0 KR with v
' . QLY =9
Supposing N+na observations and I=1 in order to oy 0
simplify the notation, the above relation can bétem in a
matrix notation as:
Y =XI[6 @) L 0 ]
such that: , , Lml vl
Y=[y(K) ... y(k+n) ... y(k+N) |, is the output vector IX®B-Y| =oxX®B-QI| = { 0 }{6}
0=[a ... @a by... by Ci... GJ", is the parameter vector
and: minL®-v|" =L ®-v =0
-yk-) .. -yk-ng uk-1-9 ... u(ke nb- g o ,
min])
X=| -yk+n-2) .. -yk+n-nd ulkt nr1- Y ... ulkk A nb M
The solution of the minimisation of the quadratic
b=L"I ©)
gk-1) ... Ek-ny

mind = min|X® - Y| =&
gk+n-1) .. gk+n-ng
The variance of the parameters is thus computed as:
gk+N-1) ... Gkr N-1p E{(e—é) qu—é)T} = Var(8) 9)
is the observation matrix wheré(k) are the noise - 67 [dliag( ' L)

estimates. . . . .
and the variance of the prediction error is estauddy:
The prediction errog(k) is written as: 62 = 1 DZN: (e(k)?) -_1 % (10)
na N - p N - p
e(k) = y(k) +;a; O(k-]- (4) where p represents the number of the estimated

parameters.

| nbj

>3 b w (k- -3 e )

= The on-line implementation of this method is triyia
we can change M by multiplying (7) by a forgettiiagtor

The aim of the least squares method is the A<1l. Knowing the parameters & and ¢ at time k, the

minimisation of the euclidean norm of the predictaror, noise é(k) is estimated by (2). The new observatiare
J. The solutiond, is thus given by the solution of the ~ added to the last line of M and N is increased pyol
following minimisation problem: each iteration.

N
minJ = nyn; € (k)Y = mir|X®- Y] (5) If R is replaced in (6) by M, the above method ban

used to compute the new parameters at time (k+1).



3. Thewinding system model

The model can be written as a linear discrete state

representation as follows:

T1(K)=ar1. T1(K-1)+bryy2.Qo(K-1)+br1,2.Q1(k-1) (11)

Qy(K)=ay2.Qa(k-1)+ho711. To(k-1)+b,o713. To(k-1)+ (12)
By2uz Ua(K-1)

Ts(K)=ars. Ts(K-1)+brayo. Qa(k-1)+brays. Qa(k-1) (13)

Qs(K)=a3.Qa(k-1)+hyzr3. Ta(K-1)+hy3u3 Us(k-1) (14)

Qi (K)=a1.Q1(K-1)+by111. To(k-1)+0y1y1. Ua(k-1) (15)

The parameters;aand ) are not known a priori. The
measurement®; and Qs are not available and thus, in a
transfer function representation, putting (15) i(td) and
(14) into (13), we can obtain another multivariabledel
described as follows:

A" To(K)=B1Aq ™). Qo(k-01)+B1ya(q ). Us(k-0ryr)  (16)

A 0. Qx(K)=Bo1(0). Ta(k-0b)+Boa(q ). Ta(k-0oa)+  (17)
BZuZ(q-l)-UZ(k'dZUZ)

A3(0).Ta(K)=BsAq™).Qa(k-03)+Baud(q ). Us(k-0zyg)  (18)

where :
Al(q-l):]-'all-q-l' ?Jllz-q2
A0 Y)=1-3..q"
Ax(g")=1-a1.0™ a.q°

B1A{0")=biorbionq* etd,=1
B1ui(0)=b1uio etd,=2
Bou(0)=by1o etd; =1
Boa(d)=bas0 etds =1
BouAd ™) =bauz0 et g~1
B0 ") =Dsagbaos. etd,=1
BSu3(q_l):b3u30 et =2

A first parameter estimation allows to concludet tha
gains of the transfer functions relatify to T; and to &
are negligible. The ELS estimator is applied retpely to
the following equations, giving the sets of estiesaEs,
Es and Es:

AT Ta(K)=B1Aq™").Qo(K-01)+B1i(q ). Us(K-0yyy)  (19)
A0).Q5(K)= BauAq™). Up(k-0u) (20)
A3(q). Ta(K)=BsA0™).Qa(k-03) +Baud0 ™). Us(k-Oaug)  (21)

4. Redundant transfer function generation

In the case of a sensor fault, a biassfadded to the
measurement of the variable:
-1
A@@™)
In the case of an actuator fault, a biass fadded to the
input u:

fu(k -d) +f, (22)

B(@")

y(k) = A u(k-d) +f1,) (23)
_B@) ., . B@")

y(k) - A(ql) D'I(k d) + A(ql) |:fa

After a transient due to the fault

V09 = o C-0)+ 6,1,

09 = pi Ck-0)+

where Gis the gain of the transfer function.

The estimator that minimises the criterion shoejéat
the perturbationssfor F,. Nevertheless, at the moment of
the occurrence of a fault, all the estimates arugeed.
Thus, only the transfer functions uncoupled to féndty
measurements or inputs can be estimated withausigat
perturbation of the parameters.

In a signature table, called diagnostic matrix B)n,
(Table 1), the set of estimates, perturbed by a bias in the
measurements or in the inputs are represented’ bgridl
the set of estimates not affected are representédl.(he
signatures represent respectively the faults jinQp, Ts,

u;, W, and 4. Each fault signature is a vector with binary
components noted o with n varying from 1 to 6
(Table 1).

D Es Es Es
Su 1 0 0
Sy 1 1 1
Ses 0 0 1
Su 1 0 0
Ses 0 1 0
See 0 0 1

Table 1

As table 1 shows, the signatureg &nd g, are
identical, as so asgHand Qe It is thus impossible to
isolate a fault on Tfrom one on y as so as fors and u.
This problem is caused by the strong correlatiomveen
the measurement and the actuator.

Another fact revealed by the signature table is the
signature of a fault o2, includes all other signatures.
This constitutes a problem for the isolation of
simultaneous faults.

The use of additional transfer functions allows to
extend the signature table. This extension is airaed
discrimination between very similar signatures,allgling
new symptoms [7]. It can be done by putting eq) (8t
(19) to obtain a model that relieg © w and y: thus we
can exhibit a uncoupling between€k Q..



The parameters estimated in this way will not be
sensitive to the perturbation d,. The same procedure
can be applied for (21) and (20) and so, the séts o
estimates Esand Eg can be obtained from:

An(q).To(K)= (24)
B11uA0™"). Up(K-01109)+ Br1us(0™). Us(K-Cyyy)
Ass(q1). Ta(k)= (25)

BasuAd™)-Ua(K-Os3u2)+ Baaud ™). Us(K-Osya)

where:
All(qi):l'aul-q-i' a112-q>§' 9‘_L13q-z
Az(07)=1-231.0 - 830" 833

B11:Ad ) =br1u20D110209™ et dyp=2
B11u(d)=br1uaebi1u119” etd, =2
Baaud ™) =bssuzoazu01.G™" et thzy=2
Baaudd™)=bszuscPazu3:q” et dhys =2

The signature table D(n,h), is represented in table

D Es Es Es Es Es
Su 1 0 0 1 0
Sp 1 1 1 0 0
Sqs 0 0 1 0 1
Sq 1 0 0 1 0
Ses 0 1 0 1 1
Sie 0 0 1 0 1
Table 2

The problem of signaturesiSand Q. which are the
same (as for @ Sye) is not solved, but the signaturg, S
doesn’'t include the others, and allows a better
discrimination.

5. Residual analysis and fault indicator

The on-line parameter estimation with a long harizo
estimator allows to follow the slow variations diet
parameters. This kind of variations are not consideas
faults, but caused by the ageing of the processedond
estimator based on a short horizon, allows to folfast
variations considered as a symptom of the faule Bimg
horizon parameters are estimated by on-line ELSrikgn
with a forgetting factor equal to 1; and the shwstizon
estimator is computed with a smaller forgettingtdac
(0.99 in the following).

The residual generation for diagnosis is computed f
each parameter by the difference between the lonigdn
estimate®; and the short horizon estima%26).
=0 -0 (26)
where h is the index corresponding to the set of
estimates ks

The comparison of"rwith an adapted threshold which

depends on the estimate variance allows to detect a
significant variation of the estimation.
The result of this evaluation composes the vecfor S

The componentsjhsof the vector Sare binary: 1 if the

threshold is bypassed, and 0 otherwise.
A degree 4 of estimation variations can be computed
for the set of estimates [HR7):

18
u, = —hZ§;

p 5=
where P represents the number of estimated parameters of
the set of estimates 8 he set of symptoms, gonstitutes
the vector U.
The decision method is achieved comparing U with th
different signaturesgsin table 2.

The decision function notedeKS;) represents the

confidence on the sensors or the actuators and thie
following values:

(27)

R(S,)=0 no fault,
F.(S,) 001 suspicion of fault,
R(S,)=1 fault.

The Hamming's distance formula (28) is used to
generate the fault indicatog (5y,) [10].

AU.S,) == Ju,~ D(n,h)

H=
with H the number of the sets of estimates Es
The fault indicator E(Syn) is given by the similarity
between the signatures and the symptom vector U:
R(S,) =1-A(U,S,) (29)

(28)

In the case of simultaneous failures on differemisers
or actuators, the Hamming distance (28) is modifsd
follows:

B.(US,)= (D, ~DRH RD)  (30)
where W, is the number of elements of D(nzh{.
The fault indicator E(Syn) (29) is computed as:
F(8,) =12 llu,-Dm A DM B} @

n h=1

6. Application

The analysis of the method above described was done
with a simulator of the system. The inpufsup and y are



step signals at times 50, 100 and 150 (the sampknigd
is 0.1s). The signal to noise ratio was fixed tod81 The
fault was simulated as a bias of 10 % of the stesdie

value on the sens@l,, and appears at time 300 (Figure 2).

(Volts)

Bias on sensor (k=300)
0.08 . — A

0 100 200 300 400 500
K™ sampling period

Figure 2 : Variation of the inputs and of the measurements
around the operating point

k=305) while B,y and h,; are perturbed since the fault
apparition (301). The variations of the estimate are
shown in figure 4. The variance of the estimat.&10*

at time k=300.

Variation of g,
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-0.97

-0.9721
Stability after

-0.974f convergence
-0.9761
Perturbation
-0.978 due to the fault
-0.98 - - - -
0 100 200 300 400 500

K™ sampling period

Figure 4 : Evolution of Es, estimate a,,

Figure 5 shows the Eshort horizon estimates. They

Figures 3 and 4 present the evolution of the short are not perturbed by the fault @ as expected by table 2.

horizon parameter estimations. The estimates afecnot
represented due to their high sensitivity to these@nd
their slower convergence. The decision is done oy
& and b estimates. Moreover, the estimates and Bz,
are very close to zero and thus, they are not taken
account by the set of estimates, Bsd ES.
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Figure 3 : Evolution of the set of estimates Es,

Figure 3 shows the evolution of the set of estimate
Es. A variation of by can be seen (with a small delay
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Figure § : Evolution of the set of estimates Es,

Figures 6 and 7 show the evolution of the fault
indicator F(Syn).

Figure 6 represents the decision taken from ES
and Esg (Table 1). In this case, it is impossible to isela
the fault because after k=300 the indicators refauiits in
T4, Q,, Uy and y.



Figure 7 represents the decision relying on allgéts
of estimates, taking into account the transfer fionc
redundancy which has allowed to generate tablehz T
isolation is correct, the indicatog(S,,) corresponding to a
fault onQ, is greater than zero from time 303 (delay of 3
sampling periods), and is always greater than thero
indicators.

0 100 200 300 400 500
k™ sampling period

Figure 6 : Evolution of the fault indicators (Table 1)
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Figure 7 : Evolution of the fault indicators (Table 2)

7. Conclusion

This paper proposes a method for detection and
isolation of a bias on sensors or actuators. Tleeofishe
estimation redundancy has allowed the generatiom of
decision procedure for fault isolation. Neverthelseme
limitations of the redundancy of transfer functipdse to
the system structure, are underlined.

The future work will be focused on:

* The use of fuzzy logic for the residual evaluation
order to process more information, in particular th
quality of the residual evaluation, qualified byeth
frankness or persistence of parameter deviations.

e The use of fuzzy logic in the decision making
method.

* The management of the estimation deviations due
to noise in the case of non-persistent excitation.

* The introduction of the direct estimation of a mean
value change in the error.

* The test of this method on the real process.

References

[1] Alcorta Gracia E., Frank P.M.: Deterministiomlinear
observer-based approaches to fault diagnosis : nee\su
Control Eng. Practice, Vol. 5, No. 5, pp. 663-67897L

[2] Barraud A., Roche-Zamboni I. : Identification rivériable
en ligne: Une approche paramétrique et structurale
simultanée. APII, Vol. 22, No. 2, pp. 177-199, 1988

[3] Gertler J. : Fault detection and isolation gsparity relations.
Control Eng. Practice, Vol. 5, No. 5, pp. 653-66497.

[4] Hittinger J.-M. : Identification, commande efgnostic d’'un
systeme multivariable d’entrainement de bande. Rapigo
dipléme d’ingénieur CNAM note interne CRAN, 1996.

[5] Isermann R., Ballé P.: Trends in the applicatodrmodel-
based fault detection and diagnosis of technicatgsses.
Control Eng. Practice, Vol. 5, No. 5, pp. 709-719971

[6] Isermann R.: Fault diagnosis of machines viaapeter
estimation and knowledge processing - Tutorial pape
Automatica, Vol. 29, No. 4, pp. 815-835, 1993.

[7] Koscielny J.M., Bartys M.Z. : Smart positioneiithv fuzzy
based fault diagnosis. IFAC, SAFEPROCESS'97, Vol. 2,
pp. 603-608, Kingston Upon Hull, UK, Aug. 26-28,9179

[8] Ljung L.: System identification: Theory forhé user.
Prentice-Hall Englewood Cliffs, New Jersey, 1987.

[9] Patton R.J., Chen J.: Observer-based fault tereand
isolation : robustness and application. Control .Eng
Practice, Vol. 5, No. 5, pp. 671-682, 1997.

[10] Theilliol D., Weber P., Ghetie M., Noura HA:hierarchical
fault diagnosis method using a decision supportegys
applied to a chemical plant. IEEE International @oefce
on Systems, Man, & Cybernetics, Oct 22, Vancouver -
Canada, 1995.



