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This paper presents a new fault detection and isolation scheme for dealing with simultaneous
additive and parametric faults. The new design integrates a system for additive fault detection
based on (Castillo and Zufiria, (2009)) and a new parametric fault detection and isolation scheme
inspired in (Miinz and Zufiria, (2008)) . It is shown that the so far existing schemes do not behave
correctly when both additive and parametric faults occur simultaneously; to solve the problem
a new integrated scheme is proposed. Computer simulation results are presented to confirm the
theoretical studies.

1. Introduction

Motivated by the importance of safety in modern automated systems, fault detection and
isolation schemes have received an increasing attention in the last two decades [1-4]. As
opposed to costly hardware redundancy approaches, information redundancy schemes make
use of data processing and system modelling paradigms, leading to either data-driven
or model-based approaches. Among model-based fault diagnosis schemes, the FDI (Fault
Detection and Isolation) techniques of the control community make use of explicit analytical
models for redundancy checking [5].

The FDI analytical tools employed up to now can be classified into two main
categories. On the one hand, stochastic discrete-time model-based schemes inherited
from the signal estimation and linear control fields have successfully combined statistical
schemes with geometrical tools in the design and characterization of detection algorithms
for linear systems [1-3, 6]. Nevertheless, these schemes have limited applicability since
many real-world applications are grounded on the use of nonlinear models. On the
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other hand, deterministic continuous-time schemes coming from the adaptive and robust
control community have proved to be suitable for nonlinear system modelling, where
detection algorithms rely on the use of observer-type schemes to generate residuals whose
profiles are evaluated [7-12]. In addition, some work has been performed in the design of
accommodation schemes [13] or, more generally, Fault Tolerant Control (FTC) design [14, 15]
that explicitly accounts for system nonlinearities and uncertainty [16, 17].

Recent research has also been focused on the design of diagnosis schemes for nonlinear
stochastic systems, in order to cope with system and measurement noise. These schemes, such
as the local approach [18], particle filters [19, 20], adaptive estimators [21], and hybrid system
estimation based schemes [22], rely on discrete-time stochastic models, and they are also very
computationally demanding, a major drawback for practical applications.

Alternatively, FDI schemes for continuous-time stochastic models have been recently
developed [23-27], which are computationally less demanding. These schemes can be
classified into two main categories: additive fault detectors [23, 24], and parametric fault
detectors and isolators [25]; each of them is based on different techniques and assumptions.
It is worth mentioning that further work has been carried out for implementing isolation
schemes for additive faults [28], complementing the results in [24]. Concerning the FDI
scheme for parametric faults in [25], it was valid for both detection and isolation. Although
both types of schemes can be seen under a single unifying framework [26, 29], each of them
was designed for addressing nonsimultaneous faults (either additive or multiplicative).

Complex real world systems are strongly interconnected, so that any subsystem failure
can rapidly propagate abnormal behavior to other subsystems generating as a result new
simultaneous failures [30-33]. Hence, additive and multiplicative faults are likely to occur
simultaneously.

This paper presents a new detection and isolation scheme valid for simultaneous
additive and parametric faults. The scheme makes use of improved versions of the methods
proposed in [23-25]. Since detection of additive faults is not significantly affected by the
presence of parametric faults, the work mainly focuses on the detection and isolation of
parametric faults, which are more likely to provide specific information on the location of
the system failure.

For doing so, we first show that the additive fault detection scheme proposed in [24]
is robust against parametric faults; then, we illustrate the limitations of the parametric fault
detection and isolation scheme proposed in [25] when additive faults are also present. Hence
an improvement of this last scheme is proposed to overcome the problem.

The paper is organized as follows. In Section 2, the general framework for fault
detection in nonlinear stochastic systems is presented. The existing schemes for detection
and isolation of single faults are explained in Section 3, whereas the new proposed detection
scheme is elaborated in Section 4. Section 5 illustrates the behavior of the presented scheme
via simulation examples. Concluding remarks are summarized in Section 6.

2. Problem Statement
We consider the following class of nonlinear stochastic dynamical systems:
x(t) = Enx(t) + en (f (x(t), u(t), 8o, t) + n(t) + s(t — To)p(t)),
y(t) = h(x(t),u(t),t), (2.1)
x(0) = xo,
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with
01 --- --- 0 0
00 1 -0 0
E.=100 - ;o en= |1, (2.2)
000 -1 0
000 -0 1

which models, among other cases, any nth order nonlinear scalar system. Here, x(t) € R"
is the system state, which has known initial value xo € R"; u(t) € R? is the control input;
the known function f € C'(R" x R? x R™ x R*,R), which accordingly satisfies the Lipschitz
condition, also satisfies that for all x € R" it holds ||f(x,u,8,t)|] < C(1 + ||x]||), for some
constant L and C, so that existence and uniqueness of solutions are guaranteed; f represents
the dynamics of the nominal model and has some parameters represented by 8y € R"; the
random vector 77 : R* — R, which gathers external disturbances and modelling errors,
corresponds to a stochastic process of white Gaussian noise with autocorrelation function
Ry (t1,t2) = 0,6(t1 — t2) and noise intensity given by o.

y(t) € R! is the measurable output, and the nonlinear mapping h : R" x RP x R* — R!
can represent different output availability situations.

We assume that the pair f, h allows the construction of an observer that provides x
as an accurate estimate of x, that is, sample-wise ||X — x|| < €4; high gain observers [34, 35]
and Lipschitz observers [36] have been successfully employed for this purpose. This paper
mainly focused on the construction and the analysis of the so-called residual (to be explained
in the following section) and addresses its estimation, the statistics of the estimator as well as
the detectability and isolability conditions based on these statistics; hence, to simplify such
exposition, an exact reconstruction of the state x will be considered by assuming for the
remainder of the paper that €, = 0 (i.e,, X = x), which is a standard assumption for most
nonlinear FDI schemes, as discussed in Section 1.

Finally, the fault function ¢ : R* — R can represent an unknown additive fault and/or
a change in the parameters of the nominal part of the system, namely,

P(t) = Pa(t) + Pp(t)
= Ga(t) + Pp(x(t), u(t), do, v, 1) (2.3)
= @a(t) + f(x(t), ut), 81,t) = f(x(t), u(t), 8o, t).
Note that the possible simultaneous occurrence of both types of faults, generating complex
¢(t) profiles, can make very difficult to unravel the fault origin.

The unit step function s(t — Tp) is determined by Ty, the instant of time when the fault
occurs. Note also that neither the postfailure parameter vector d; nor the time Tj is known.

2.1. Residual Construction

Generally speaking, a residual is any variable whose behavior changes significantly when a
fault occurs in the system. In this paper context, a (valid) residual will be a random variable
(or stochastic process) whose statistical properties do change after a fault.
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Under the assumption of full-state availability we can create a new state variable x.(t)
obtained from the following consistency equation:

Xe(t) = =M () = xu (1)) + f(x(8), u(t), o, £),  xc(0) = x0, (24)

where x.(t) € R is the consistency checking state variable, and A > 0 is a design constant.
Note that this equation makes use of the value of x,,, the n-th component of state variable x,
in contrast to the estimated values usually employed in the design of observers. Subtracting
(2.4) from system (2.1) we get a new variable e(t) = x,(¢) — x.(t) which depends on the model
error and whose evolution is described by the following equation:

e(t) = —de(t) +7(t) +s(t - To)p(t), €(0) =0. (2.5)

The solution to this differential equation is

e(t) = fo ey (r)dr + f 0 e Mg (1 — T)p(r)dr oo

= €y (t) +ep(t),

where the model error e(t) changes significantly after the occurrence of the fault (t > Tp).
Due to this property, the variable e(t) has usually been utilized as the fundamental signal to
construct valid residuals for detecting single faults. The algorithms for fault detection and
isolation analyze the signal e(t) by studying its statistical properties and its similarity with
other reference signals. We will see that, when simultaneous faults do occur, e(t) requires a
more elaborated processing due to its potentially complex evolution.

3. Single Fault Detection Schemes

In this section, some existing schemes for the detection of single faults (either additive or
parametric) are illustrated. The exposition is aimed to highlight those analytical aspects
which will become relevant when designing the new improved scheme to be presented in
Section 4.

3.1. The Single Additive Fault Case

The scheme in [24] analyzes the residual when ¢(t) = ¢,(t) and detects the additive faults
under, roughly speaking, the unique condition that E[¢(f)] > € > 0 (or alternatively, E[$(t)] <
€ < 0) for all t > T (see [24] for details). In addition, isolation schemes can be implemented
assuming some conditions on the set of possible additive faults [28].

In general, these existing detection schemes will not be critically affected by the
occurrence of a simultaneous parametric fault. Hence, we will see that the existing algorithms
can be directly integrated into the new scheme proposed in Section 4.
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3.2. Analysis of the Single Parametric Fault Case

Under the assumption that a single parametric fault occurs, that is, ¢(t) = ¢, (t), this section
presents the main results from [25], needed for the posterior analysis of the simultaneous
fault case.

3.2.1. Characterization of the Fault Function

The scheme in [25] constructs a residual based on the signal ey, using also the a priori
knowledge about the fault function ¢,(t). The knowledge of such residual is limited due
the unknown value of parameter d; as well as the unknown instant of time Tj.

In [25], a finite set of fault classes © is defined, and it is assumed that any faulty
parameter vector & belongs to one and just one of those classes. Furthermore, there exists
a known function ¢(x, u, 89, A8, t) such that

¢P(x/ u, 190/ 191/t) = k‘P(x/ u, 190/ Aa/ t)r (31)

where Ad € R™ is a known vector specific of the fault class, and k € R is an unknown
constant that depends on which particular faulty parameter of the class has occurred. Note
also that since the profile of ¢(x, u, 8y, A8, t) depends on x(t) it is also affected by Ty. This last
dependence can be minimized by assuming that T is large enough so that the system evolves
within (or nearby) its w-limit set. Thus, a set of possible fault classes can be defined, and
the fault function ¢, (t) will be approximately known for each ¥, except for a multiplicative
constant k.

The fact that T is unknown implies another limitation when computing the integrals;
this fact leads to an approximation by defining

t t
burlt) = [ gy ydr =k [ g e = kpuot), (32)

so that, for small parameter variations, the second summand of (2.6) satisfies ey, (t) =
kerp(t) - e’*(t’TO)kq)Lp(To), where lim;, , (€p, (t) — kgrp(t)) = 0, meaning that

€¢,(t) ~ korp(t). (3.3)

As it will be shown in Section 4, alternative reference signals can be constructed to reduce the
error associated with this approximation (3.3).

3.2.2. Residual Generation
After dealing with the unknown quantities, one can define the residual signal [25]:

(€, 9Lp)r

1 t
—_—, with (e, = —f E{e(t)orp(T) {dT. (3.4)
[per el el = ], Fle@pr @]

oS aye(t) =
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This residual, called moving angle, allows to formulate hypothesis test on it:

,€ t
Ho : cos age,, (t) = (e ern)r (1) =0,

lore ||+ (Bller, Il (8)

{preem)r () (1/T) [ gip(r)Elen (1)]dr
‘PLP”T(t)”eHl “T(t) ”(PLP”T(t)\/(l/T) .[tt—T E[eill (T)]dT (3.5)

H; : cosaye, (t) = ”

l|kgre||5(t) _ k
kpee |l O\ IIkpee 20 + Re K2 + Re/|lprel3)

where ep, (t) = €,(t) and ep, (t) = €, (t) + €4, (). The moving angle changes significantly when
there is a change in the system conditions from Hj (no fault) to H; (fault), a behavior that
corresponds to a good residual. In a practical application one can only calculate an estimation
of the integral in (3.4)

1 t
(e, (PLP>T/S = TJ‘ . e(t)pp(t)dT, (3.6)
t—

so the moving angle estimation is

<€/ (PLP>T,S

T (3.7)
||<PLP ||T,5||€||T,s

cos &y (t) =

Note that such estimator is defined by a quotient of the form g = X/vY, where X and Y are
random variables; hence its expected value and variance can be computed upon [37]

Elg] ~ E[X] B Cor[X,Y] N 3E[X] Var[Y]’

EIY]  o\E[Y?P SVE[YP

(3.8)
X X,Y 2
Var[g] ~ Var[X] Cor[X, ]ZE[X] N E[X] Vag[Y].
E[Y] E[Y] 4E[Y]
Applying this result to (3.7), with |l¢rp|lr,s deterministic and X = (¢rp,€)rs,
Y = ”6”%,5' we obtain the expressions shown in Table 1 (where Var[X | Hy] =

(/T2 [{_4 {7 0rp(71)@rp(2) Re(T1, 72)dT1 dTs).
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Then, the resulting expressions for the estimator moments under the different
hypotheses are
E [cos LY(PEHO] =0,

_ Var[X | Hyp]
T Y€

E [cos “%péal] ~

1
ol \/Re + K2[|gLp||;

2k Var[X | Hy]
2(Re +K[|guell7)

x| kllowe|7 -

 3Kllpuell7 ((R2/AT?) AT ~ 1) + 4K* Var[X | Hol) (3.9)
2 4
8(Re +k2[|puel7)

1
llgwolly (Re + K2 [lgup]l7 )

Var [cos zx,,,gﬂl] ~

2k3||rp||3 Var[X | Ho]

x | Var[X | Hy] —
(Re +K[luell7)

+k2||(pr||§((Rz/)LZT2)(2)LT —1) +4k? Var[X | Ho])

4(Re + R ]lgur ]2’

Based on these deterministic quantities we can construct y confidence intervals of cos a,z(t)
under both hypotheses Hy and H;:

Acos ey, = [COS X ey, COS a(peHO],

Acosﬁe = |CcoS & ,Cos . err |7 (310)
very PEH, PeHy

ACOS&WHO N Acos&weﬂl = (D,

cosa,, =E [cos &‘PSHO] = hy/2\[Var [COS ﬁ(peHo],
COS Ay, = E [cos &tp%] + hy/2\/Var [cos &(peHO],
cosa,. =E [cos Et(peHl] — hy/21\[Var [cos Apeyy, ] ,
Cos dye,, = E [cos &({,SH]] + hy/2\[Var [COS Apey, ]

where

(3.11)
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These confidence intervals ensure that the estimator will take values on each one of them
with probability y when the system is operating under the corresponding hypotheses. The
detection scheme is triggered when the residual estimator enters the interval corresponding
to H (see [25] for details).

4. The New Simultaneous Fault Detection and Isolation Scheme

When simultaneous faults occur, they may disguise each other’s effects, increasing the
difficulty of their detection; in such case, existing schemes for a separate fault detection may
not work. In this Section, the simultaneous fault case is considered, and a new scheme for
addressing this problem is proposed. The proposed detection scheme integrates improved
versions of the algorithms proposed in [24] for additive faults and the one presented in [25]
for parametric ones.

4.1. Analysis of the Simultaneous Fault Situation

As mentioned in Section 1, simultaneous faults are likely to occur in real-world systems.
Nevertheless, most standard FDI schemes assume that only one single fault occurs at a
time. In some specific cases, separation mechanisms have been developed [9], which are
not directly applicable in general. Here, we analyze the schemes presented in [24, 25] under
simultaneous additive and parametric faults.

If a parametric and an additive fault occur at the same time (we label this hypothesis
of simultaneous faults as H fim), (2.6) becomes

é(t) = —Xe(t) +n(t) + st = To) (Pp(t) + Pa(t)), (4.1)

where ¢, (t) is the parametric fault function 2 and ¢, (t) is a stochastic process with constant

mean E[¢,(t)] = $a, Vt. The solution of this stochastic differential equation has three
summands

€H]sim(t) =en,(t) +ep,(t) + €¢p(t). (4.2)

4.2, Additive Fault Detection Scheme

As mentioned above, the scheme in [24] analyzes the residual e(t) and detects the additive
faults under, roughly speaking, the unique condition that E[¢(t)] > € > 0 (or alternatively,
E[¢(t)] < € < 0) for all t > Tj. In general, when ¢,(t) satisfies the detectability condition,
such that |[E[¢.(f)]] = |$a| > ¢, it is very unlikely that a parametric fault would generate a
significant value of E[¢,(t)] that would precisely compensate and mask the additive term. In
practice, the errors caused by (initially small) parameter variations imply that E[¢,(t)] = 0,
so that E[¢(t)] = E[¢a(t)], and the additive fault detection scheme will not be affected by
such simultaneous parametric faults.

The main challenge then becomes to detect and isolate the parametric faults in such
working environment (E[¢,(t)] = 0). Interestingly, the profile of ¢, (t) may allow for the fault
detection and isolation, as shown below.
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Table 1: Statistics of magnitudes X and Y under the Hy and H; hypotheses.

Hypothesis Hy H;
E[X] 0 Kllprellrs
Var[X] Var[X | Hy] Var[X | Hy]
E[Y] R K[l pLel7s + Re
R? R?
Var[Y] e (AT - 1) e (AT = 1) + 42 Var[X | Ho
Cor[X,Y] 0 2k Var[X | Hy]

4.3. Parametric Fault Residuals for Simultaneous Case

As it is shown below, the parametric fault detection and isolation scheme presented in [25] are
likely to be disturbed by the occurrence of simultaneous additive faults disguising parametric
faults. In the following section we modify such scheme in order to reduce its sensitivity to
these additive faults.

Assuming that the extra summand asymptotically behaves

.
eg, (1) = r e M g(1 — Ty)pa(T)dr = bac” [e)‘t]t
0

- _ (4.3)
_ %(1 _ ex(n-t)) ~ % = kg,
So the model error under hypothesis H™ tends to
eHiﬂim(t) ~ €m, (t) + kg, + korp(t). (4.4)
Hence, the moving angle takes the following asymptotic expression:
COS Aye, qim ter Ko * Kpur (PLP> (4.5)

loeell/ (e + ko, + kguo, ex, + Ky, + kprp)

We observe that the additive fault affects both the numerator and the denominator of the
moving angle. Once again this quantity has to be estimated, and its statistics are calculated.
The components of the expressions of the expected value and the variance are shown in
Table 2 (where 9, , = (1/T) [, ¢rp(T)d7 and Vye = (1/T2) [[}_1rp (1) Re (71, 72)dT1dT2).

When compared to Table 1, several new additive terms show up in Table 2. This fact
limits the performance of the estimator under hypotheses H{™ as compared to the case HY
(single parametric fault); fortunately, some approximations can be made. In fact, under the
hypothesis of small parameter variation (E[¢,(t)] = 0), we have that even if ¢ p(t) might
oscillate, the ergodicity assumption justifies that ¢, , evolves in a smaller range so that the
corresponding terms can be neglected; hence, the most significant term is kza, due to the
additive fault, so that Table 2 can be simplified to Table 3.
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Table 2: Statistics of magnitudes X and Y under the H{™ hypotheses.

Hypothesis Hsim
— 7

E[X] ko 9rp + klloer|l;
Var[X] Var[X | Hy]

E[Y] Re+ k3 + K|l pupl|7 + 2kks, By p

Rg ) Skéa RS —TZ)LZ

Var[Y] T (AT = 1) + 42 Var[X | Ho] +8Kky, Ve + —y ( —— +AT -1
Cor[X,Y] 2k Var[X | Ho] + 2ky, Vie

Table 3: Simplified statistics of magnitudes X and Y under the H;™ hypotheses.

Hypothesis Hsm

E[X] kllowr|l7

Var[X] Var[X | Hy]

E[Y] Re + K[| prp||7 + K3

Var[Y] J\ff,z (2AT — 1) + 4k? Var[X | Hy]
Cor[X, Y] 2k Var[X | Hy]

Using this approximation, the expected value and variance of the estimator under

hypothesis H;'™ are

E [cos a‘f’EH;im]
B 1
lprell;\/Re +K2[lguelly + K2,

2k Var[X | Ho]
2(Re + R |lpurll2 + K2,

x| Kllgerllz -

3kl e 17 ((R2/A2T2) (AT = 1) + 4k* Var[X | Ho] + (8K2 R./T?\?) (=T2A2/4+ T - 1))
+

2
8(Re + k2l gpup|l5 + K2, )

Var [cos “‘f’gﬂfim ]

1
lpwell (Re + k2 llgwell7 + &2, )

_ 2K%|gup||7 Var[X | Hol

x | Var[X | Ho]
(Re+ K2 llgurll? +K2,)

K llprollz ((R/A2T2) AT = 1) + 4K* Var[X | Ho] + (8K,
+

7

R./T2)?)(-T2)2/4+AT - 1))

2
4<R€ + K2|| i || + k;)

(4.6)
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Both these quantities are considerably different compared to their counterparts under
hypothesis HY. Thus, the y confidence interval under hypotheses H{™ and H! verifies
# Dcosay. - This fact causes several detection problems, since the detection scheme

Hy

sim

1 .
checks if the estimator belongs to Acosa,. , to trigger the alarm; however, under the H}"™
H

ACos &WH

hypothesis it will belong to Acosa,, withlprobabﬂity Y.

4.4. Improvements on the Detection Scheme

The scheme presented in [25] has been improved in two directions. On the one hand, the
reference signals have been obtained in a way that reduces the error associated with the
approximation in (3.3); on the other hand, the influence of the additive error has been
minimized via an appropriate filtering of e(t).

4.4.1. Improving the Reference Signal

The reference signal proposed in [25]
t
hurt) = | &0y, 7)

is computed integrated from the 0 initial time, since the real value of Ty is unknown.
Nevertheless, it is possible to define a new reference signal

t
Prom (b) = jT g (1), (48)

where Ty can be dynamically chosen, for instance, as Tp = t—T the lower bound of the interval
[t T, t] where the moving angle is defined. The value of Tj is likely to be closer to Ty than the
0 value. Hence,

ey, () = kgrpn, (t) — e korpr, (To), (4.9)

and, if the faults occur in the interval [t-T, {] 5 Ty, then |E— To| < T, and we obtain the bound
|o1p (T0)| < oy ry - T, (4.10)

so that the term e *(-To) ker PT, (To) will be small. This means that the new approximation
€, (t) ~ korpr, (1), (4.11)

will have, in general, a smaller error than (3.3); this fact justifies the good performance of the
newly proposed reference signals.
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4.4.2. Eliminating the Additive Term Influence

The analysis in Section 4.3 shows that the detection scheme presented in [25] does not work
correctly under hypothesis H{™ because of the influence of k;a. Note that equality (4.4)
demonstrates that asymptotically kg, is a constant term added to €(t). Thus, one way to
vanish its effect is to low pass filter e(t). Let €(t) be a filtered version of e(t):

t

e(t) =e(t) - % L_T e(tr)dr. (4.12)

In this case, under hypothesis H{™ we have

1 1 1t
Gugn ) = ens (1) + 0 () + kg = 1 [ enoidr—1 [ ep@ar-r | puotmdr
= €H, (t) + k(PLP(t) - EHO (t) - ¢LP(t)'
(4.13)

Since E[en,(t)] = 0, the ergodicity assumption allows us to consider €, (f) = 0. Hence,
the statistics of the estimator of the moving angle are now calculated using the elements
of Table 4, where

1 B _
Ve = EJ.J. ¢ p(11) @ p(T2) Re (71, 72)dT1d T2,
o (4.14)

1 (" _
Vige = ﬁJ‘J‘t_T(PLP(Tl)(PLP(TZ)RS(TLT2)dTldT2-

Comparing this table to Table 2, one can see that the term ky, does not show up in any term.
Finally, under the usual conditions mentioned in Section 4.2 (E[¢, () = 0, and ergodicity), we
have that ¢, , = 0, so that the terms involving ¢, , (i.e., (¢ p, ¥, p), {(PLP, Q1 p), V¢z€, and V)
are negligible. Hence, the expected value and the variance of the moving angle satisfy

E [cos aq,st] = E [cos a"’SHT““]'
(4.15)

Var [cos txq,er] = Var [cos “‘P€H§im]'
1

meaning that the new detection and isolation procedures proposed here can be successfully
applied.

It is worth mentioning that the new resulting scheme is applicable to simultaneous
faults composed by additive and parametric faults that satisfy similar detectability and
isolability conditions to the ones stated in [24, 25], respectively. Concerning detection and
isolation times, although the filtering process may slightly delay the responses, in general
the detection and isolation times are similar to the original schemes times, as shown in the
following example.
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Table 4: Statistics of the magnitudes X and Y under the H;™ hypotheses after the filtering process.

Hypothesis Hsim

E[X] kllpeelly = (oee,Brp)

Var[X] Var[X | Hy]

E[Y] Re ; K*|lper ”; +(@rp, Prp) = 2k(@pLr, ¥ p)
Var[Y] % (2T — 1) + 4K Var[X | Ho] +4Viz, — 8KV,
Cor[X, Y] 2k Var[X | Ho] = 2Vipe

Finally, note that such detection and isolation times do have a clear impact on the fault
accommodation strategy to be applied [13].

5. Application Example
5.1. Simulation Setup

Here the correct behavior of the work presented in the previous sections is illustrated with
the Van der Pol oscillator (VAPO) ¥ + 2w¢(uy? — 1)y + w?y = 0 via simulations with Matlab
Simulink. The election of this system has also been made in other works on deterministic
system fault diagnosis [38] as well as in the study of stochastic systems [24, 25] as it is the
case here.

The VdPO describes an LC oscillator with nonlinear resistive element such as a tunnel
diode. The output y represents the voltage at the inductor, whereas y is the current through
this inductor. In this simulation, it is considered that all electrical elements are not ideal
(e.g., due to change of temperature) but stochastically varying. Consequently, we obtain the
following state space representation of the VdPO:

X1 = x2(t) + 11 (t), (5.1)

Xy = 2w (1 - ,ux%)xz —w?x + m(t), (5.2)

where 7;, i = 1,2 are normalized white Gaussian noise with zero mean and auto correlation
Ry (t1,t2) = 6(t — t2). We assume that both states are measurable as indicated in Section 2.
The system function is f(x,u,0,t) = 2w((1 - ‘ux%)xz - w?x, with 0 = [w, (:,‘u]T.

This system presents a nice feature: it is linear in { and p and nonlinear in w. Hence,
fault functions that are both linear and nonlinear in Af can be investigated; in this example
we focus on the detection of faults on the nonlinear parameter, w. Moreover, the oscillator
runs on stable limit cycles for w,, ¢ > 0, which do change slightly for small parameter
changes. Despite this fact, the detection scheme presented in [25] successfully detects these
single faults.

A fault class is defined for the w parameter whose corresponding representative is

¢ (x,u,00, Aw, t) = Aw <2§0<1 - luoxf>xz - 2w0x1>. (5.3)
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Table 5: Relevant simulation parameters.

Parameter Value
T 10
A 25
To 15
wo 1
Aw 0.25
dalt) 1

s(t) u(t)

Note that since f is nonlinear in cw, ¢,, is only a linearization. The consistency equation is:
5AC2 = —)L(J/C\z - Xz) + Zwao (1 - ﬂoX%)Xz — ngl. (5.4)

The simulation parameters are presented in Table 5. Note that only small changes in the w
parameter are to be detected; in this example it will be a 25% of the maximum change in wy.
The value considered for the additive fault ¢,(f) is also small. A has been chosen rather big in
order to reduce R,, and T has been chosen such that several periods of the oscillator output
are included in the integration range.

5.2. Simulation Results

Figure 1 gives an overview of the behavior of the system, the representative, its mean, and
the additive fault before and after the simultaneous fault (these quantities are not affected
by the presence of the filter). The state space values do not change significantly due to the
fault. Yet, the error function suffers a significant change when the fault occurs. It can be
observed that the mean of the representative function is one order of magnitude less than
such representative function: this result matches the fact that this mean has been neglected
in the theoretical analysis. Note that these representative values are much smaller than the
abrupt additive fault function represented in the last plot; this fact supports the validity of
the new scheme.

On the other hand, Figure 2 shows the behavior of the estimator for the existing
scheme (top figure) and for the new proposed scheme (bottom figure). It is clear that when
a simultaneous fault occurs and the old detector/isolator is employed, the estimators do
change due to the parametric fault but not enough to get out the upper boundary of the
decision region (grey line in the figure). This undesirable situation is not encountered when
the new detector/isolator is applied, as it can be seen in the bottom figure; there, the additive
fault does not disguise the effect of the parametric one, and the estimators do change beyond
the boundary of the decision region, demonstrating the improved behavior of the new
proposed scheme.

6. Conclusions

A new scheme for the detection and isolation of simultaneous additive and parametric faults
in nonlinear stochastic dynamical systems has been presented. A theoretical analysis has been
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Figure 1: Behavior of the states x1, x2, the error function ¢, the representative ¢ p,,, its mean ¢, , , and the
additive fault function ¢, (t) of a simulation with a parameter change in w at Ty = 15.

COS dy,e(t), cos Apeny

Figure 2: Behavior of the estimator cos &, (t) (black solid line) and the upper boundary cos @y, ., (grey
solid line) of the decision region when a simultaneous fault occurs at Tj = 15 and the old detector/isolator
(top figure) or the new proposed detector/isolator is applied (bottom figure).

developed to highlight the limitations of the existing detection/isolation schemes when such
types of simultaneous faults occur. Based on the analytical studies, a new detector/isolator
has been designed which integrates improved versions of the existing schemes. Comparative
simulations have supported the theoretical results by showing the good performance of the
new detector/isolator as opposed to the previously existing schemes.
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