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Particle Filtering Based Likelihood Ratio Approach
to Fault Diagnosis in Nonlinear Stochastic Systems

Ping Li and Visakan Kadirkamanathan

Abstract—This paper presents the development of a particle fil- to the presence of unknown and unmeasured state variable
tering (PF) based method for fault detection and isolation (FDI) x. Two approaches are commonly used to deal with them:
in stochastic nonlinear dynamic systems. The FDI problem is for- estimationand elimination The estimation ofx is usually

g}gils;et(:]énl”t(réleihrggglP;?ionzﬁgciltg\s/ltl\cv)itﬁr:\égo;g :rr']té\f: Eglbgcﬁgme performed w.ith observers for deterministic systems, or filters
is developed. The simulation results on a highly nonlinear system for stochastic systems, which lead to the observer-based
are provided which demonstrate the effectiveness of the proposed and the innovation-based FDI approaches respectively. The
method. elimination of x directly explores the analytical redundancy

Index Terms—Extended Kalman filter (EKF), fault diagnosis, €mbodied in the mathematic model. For linear system, this
likelihood ratio (LR) test, Monte—Carlo technique, nonlinear sto- leads to the well-known parity space (or parity equation)-based
chastic system, particle filter (PF). FDI approach. However, the literature addressing analytical
model-based FDI for nonlinear systems is not extensive, the
main reason being that the estimation of the state or measure-
. ) . ment vector of a nonlinear system is not easy and analytically
T HE PROBLEM of fault detection and isolation (FDI)performing the manipulations to eliminatas often impossible

in dynamic systems has attracted considerable attentigp general nonlinear dynamic systems. The model-based FDI

world-wide and been theoretically and experimentally invegsyr nonlinear system is known as a difficult problem and very
tigated with different types of approaches, as can be segy, results are available.
from the survey papers [3], [4], [9], [11], [12], [14], [22], |n this paper, we address the FDI problem in general non-
[29], and the books [5], [23], [24]. This development has begear stochastic systems, which has been investigated to a lesser
mainly stimulated by the trend in automation toward systemggient. When restricted to systems described by a stochastic
with increasing complexity and the growing demands fQjiate space model, much of the development in FDI schemes has
fault tolerance, cost efficiency, reliability, and security whichglied on the system being linear and the noise and disturbances
constitute fundamental design features in modern control S¥ing Gaussian. In such cases, the Kalman filter is usually em-
tems. The FDI approaches appeared in literature fall into tWyyed for state estimation. The innovation from the Kalman
major categories, i.e., the model-based approaches which M@ig; is then used as the residual, based on which some statis-
use of the quantitative analytical model of the system to BRg| hypothesis tests are carried out for fault detection (FD)[21],
monitored and the knowledge-based or model-free approacm' Fault isolation (FI) is usually achieved by employing the
which do not need full analytical modeling and allow one tgpserversilter scheme [11], or using the multiple model (MM)
use qualitative models based on the available information agfy generalized likelihood ratio (GLR) methods [27].
knowledge of the system to be monitored. Clearly a perfectTne jgea used in the linear case mentioned above has been
analytical model (if available) represents the deepest and mggfanded to some nonlinear stochastic systems with additive
concise knowledge of the system, hence, in the case of infefayssjan noise and disturbance by employing the linearization
mation-rich systems where the dynamic behavior of systefng Gaussianization techniques, and in this case, the Kalman
can be well-described by mathematical models, the analytiggky is usually replaced by the extended Kalman filter (EKF)
model—b_ased methods are by nature the most powerful fa[.gg]' [28], [32]. Although this EKF-based approach appears per-
diagnosis methods. fectly straightforward, there are no general results to guarantee

For all model-based approaches, the decision of a faylat such approximation will work well in most case and the
is based on available input-output (I/O) measurements apfl| performance of this approach depends very much on the
a mathematical model of the system to be monitored. Opgrticular application as indicated in [27]. The FDI problems
of the main difficulties in FDI of dynamic systems is dugn general nonlinear non-Gaussian stochastic systems are still

open.
Recently, theparticle filter, (PF) a Monte—Carlo technique-

. . , _ based method for nonlinear non-Gaussian state estimation, has
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we developed a particle filtering based MM approachto FDI by, = 1, ..., M) and perhaps estimating the timgat which
combining PF with Bayesian inference [20]. this jump takes place.

In this paper, the PF is employed to develop a new method forProblem 2 (Problem of Fl):Fault isolation is to determine
solving the FDI problem in general nonlinear and non-Gaussiamich of the M possible faulty models the system has jumped
systems. The paper is organized as follows. In Section I, the
FDI problem is formulated in the MM environment followed by
a description of the PF in Section Ill. Then, the particle filtering lIl. PARTICLE EILTERS

technique is combined with the likelihood ratio (LR) test and . . . . .
a new approach to FDI in nonlinear non-Gaussian systems i n this section, we give a brief explanation of the PF that forms

developed in Section IV. Experimental results from simulatior{d® Pasis for the development of the new FDI method for general

are provided in Section V with conclusions and further work fonlinear non-Ga_ussian systems. A detai'led Qescription Of. the
Section VI. PF can be found in [13] and [16]. We begin with the Bayesian

solution to the dynamic state estimation problem which involves
the construction of the pdf of the current statg, given the
measurements up to tinte If Z; is denoted to be the set of
The problem of FD consists of making the decision on th@easurements up to tiniei.e., 2, = {y1, y2, ..., Y&}, then
presence or absence of faults in the monitored system and tifie Bayesian solution would be to calculate the pgé;|Z:).
problem of FI consists of deciding the present faulty modehis pdf will encapsulate all the information about the state
among a number of possible modes. In this section, the F®hich is contained in the measureme#s and the prior pdf
problem in the stochastic nonlinear systems is formulated in tbkx,. Oncep(xx|Z;) is known, the estimates of functions of
MM environment. The MM method was originally developedhe statex; conditional on measuremen£s, can be made. For
for system identification, adaptive state estimation and contrtample, the minimum mean squared error estimaig gfiven
[19]. The use of MM method in FDI is reviewed in [29] andZ;, is
[31] (see also [20], [27], and [28]). Throughout this paper, it is
assumed that the normal be_havior and all possi_ble faults of_ the %1 = E[xi| 2] = /ka(xk|zk)dxk- ©)
physical system to be monitored can be described by a given

Il. PROBLEM STATEMENT

finite set of nonlinear stochastic state space models indexed b%— ) . )
m=01 ... M he key to calculating the conditional pafxs |25 ) is Bayes
T theorem, the recursive formulas for the estimation of the pdf
m m),_(m m, x| Z;) are formed by the following two steps, (e.g., [17] and
K =1 (", W) @) P y gtwo steps, (e.9. [17]
Y = hz(cm)(xz(cm)v Vl(crn)) ) 1) Prediction Assuming knowledge of the posterior pdf for

the state attimé — 1: p(xz—1|Z%—1), the one-step ahead

where predictive pdf at time: — 1, p(x;|Zx—1) can be obtained

x state vector;
w zero mean white noise vector independent of past and

current state;
f(-, -) vector-valued nonlinear state transition function; p(xk|Zi-1) = /p(xk|xk—1)p(xk—1|Zk—1)dxk—1 )
y output measurement vector;
v zero mean white measurement noise vector, indepen-  wherep(xy|x;_1) is defined by (1) and the known statis-
dent of past and present states and the system noise tics of wy_1.
w; 2) Filtering: Based on predictive paf(xx|Z5—1), the pos-
h(-, -) vector-valued nonlinear measurement function. terior pdf at timek given measuremeny,, p(xx|Zx) can
The probability density functions (pdfs) ef;, andv;. are both be computediia Bayes rule
assumed to be known. Note that the dimensions of the state
vectorxé’") may be different for different. (corresponding to p(xi|Z1) = P(ye[xr)p(xs] Zr—1) (5)

assuming that a fault may lead to a change in the order of the [ p(yrlxe)p(xe| Zr—1)dxy,

system dynamics) and, the disturbareg and noisev;, need

not necessarily enter additively. where the conditional pdf(y[x.) is defined by (2) and
After having established the mathematical models of the  the known statistics ofy.

system, we can now express the FDI problem through a modéle above equations for Bayes recursive estimation (4) and (5)

based approach. Initially, the system works normally and itan only be analytically solved for a small class of problems,

behavior is governed by the given normal model described the most important example of such a class of problems is that

in (1) and (2) (indexed byn = 0), but the model may changewith linear system and measurement equations, and Gaussian

at an unknown timé, subject to the initiation of a fault. Thus additive noise, in which the pdf can be summarized by the mean

the FDI problems can be stated as follows. and covariance. Then, the Kalman filter is used to propagate and
Problem 1 (Problem of FD):FD is to decide a model shift, or update the mean and covariance of the pdf. For general non-

more specifically, detecting a jump from the normal (fault-fredjnear, non-Gaussian systems described by (1) and (2), there is

model (indexed byn = 0) to the faulty models (indexed by no simple way to proceed.

Authorized licensed use limited to: Linkoping Universitetsbibliotek. Downloaded on April 06,2010 at 15:23:42 EDT from IEEE Xplore. Restrictions apply.



LI AND KADIRKAMANATHAN: PARTICLE FILTERING BASED LIKELIHOOD RATIO APPROACH 339

PFs were proposed as a new way of representing and werepy, (y)(i = 0, 1) is a pdf parameterized ;. The key
cursively generating an approximation to the conditional pdtatistical property of this ratio is as follows [2]. L&, and
p(xx|Zx) [13], [16]. The key idea is to represent the requiretly, denote the expectations of the random variables with dis-
pdf by a swarm of points called “particles,” rather than by #ibutionspg, andpy, respectively, then
function over the state space. For example, the predictive pdf
p(xx|Zx_1) is expressed or approximated by a set\ofpar- Eg,(s) <0 and E,(s) > 0.

ticles {xyy—1(2): ¢ = 1, ..., N}, andp(xx[Z) i approxXi- | other words, any change in parameteis reflected as a

mat(_ed by a set oV pqrticles{xk(i): ¢ — 1, S N}. These change in the sign of the mean value of the LLR. If the obser-
particles can be considered as the realizations or random S%ﬁﬁonsuk(k — 19 ) with a pdfps(y) are independent of

ples from the required pdfs and, as the number of particles @éch other, the joint LLR for the observations frgto g, can
creases, they effectively provide a good approximation to tka% expressed as ’

required pdf.
It can be shown that these particles can be obtained recur- N k po, (1)
sively by the following filtering algorithm [13], [16]. SF=>"s; and s;=In pel W’ (10)
1) Assume that there is a set of random samples (par- =i o
ticles) {xx 1(4): ¢ = 1,2,..., N} from the pdf Supposd# = 6, before change, anfi= 6, # 6, after change,

p(Xp—1]2x—1)- then the typical behavior of this joint or cumulative LL&

2) Prediction: SampleéV values{w;_1(é): ¢ = 1,2, ..., shows, on average, a negative drift before change, and a posi-
N} from the pdf of system noise,._;. Use these sam- tive drift after change. This behavior can be used for detecting
ples to generate new swarm of poidt&;,—1(¢): ¢ = any change between two known ggf andps, , and several de-
1,2,..., N} which approximate the predicted pdftection algorithms based on the LLR test have been developed,
(x| Zr—1) Where see, e.g., [2], [7], and [30].

Xpip_1(8) = foo1(x—1(2), Wr_1(4)). (6) A. Change Detection Based on LLR

To develop the particle filtering based LLR approach to FDI,

3) Update: Assign eachky.—1(:) a weight wi(i) for |et us first consider a simple change detection problem in ob-
i=1,2, ..., N,after measuremeut, is received. The servationy,(k = 1, 2, ...). The detection problem, given the
weights are given by observations up to timg, consists of testing between two hy-

) potheses which can be written as
i) = P(yr[Xkr—1(2)) @
N ’ No change hypothesHy: j > k
> o(yrlxum—1(7)) Change hypothesH: j < k
j=1

wherej is the unknown change time. The LLR between these
This defines a discrete distribution ovxy . —1(é): i = two hypotheses is defined by (10). Replacing the unknown
1,2, ..., N}, which assigns probability mass:(z) o change timej by its maximum likelihood estimate (MLE)
the elementxy; (i) and results in the posterior pdfynderH,, i.e.,
p(xx|2i) being represented in terms of weighted sam-
ples (particles). N i1 k .
4) Resample: Resample independently times from — Jk = arg max Hpﬂo (¥3) prh (9i)| = arg 12 5;
the above discrete distribution. The resulting particles I Kl =J T
{xx(i): i =1, 2, ..., N} which satisfies (11)
P (1) = xap1(7)} = ) for all i ®) the following change detector can be obtained
H,
form an appropriate sample (with equal weight to each o = ka = max Sk Z A (12)
element) from the posterior pgfxs|Zs). Ho
5) The prediction, update and resample steps form a singlereg, is the decision function and > 0 is a threshold. In
iteration and is recursively applied at each tifne other words, decid#I; whenevery; exceeds\, andH, other-
wise. The fault alarm is set at the timgdetermined by
IV. FDI VIA PARTICLE FILTERING AND LIKELIHOOD
RATIO APPROACH te = min{k: gr > A} = min {k: llgjlz(k Sjk > )\} (13)
The starting point for the LR approach is the logarithm of the o

likelihood ratio (LLR), which is a function of random variable2nd the MLE of change onset tintg after a change has been
y, defined by detected is equal to the timjeat which the maximum in (12) is

reached. This estimate can be computed as
Do, (y) (9)
De, (y)

s(y) =In to = arg max S;‘l. (14)

<i<ta
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If the paramete#; after change is unknown, then the cumuwhere the likelihood of the observatign give its past values
lative LLR defined in (10) is a function of two unknown inde-Z,._1, i.e.,p(y+|Hy, Z.—1)(m = 0, 1, ..., M) is precisely
pendent parameters, namely the unknown changejtane the the one step output prediction density basedbp which is
value of the parameté after change. In this case, (10) shouldiefined by thenth measurement model and the known statis-
be written as tics of vi™ If the pdf of v™ is denoted by ™ (vi™), the

p(y|Hy, Z.—1) can then be expressed as

S Sk 9 ln p91 15 .
1 ; pHO (15) l1( ) :p(Y1‘|Hma Zr—l) (m =0, (1, ) R M)
_ (m m (m) 3grm
One of the solution to the above change detection problem is to - q,(, ) ( v( ) (Yr’ 7’|1’—1)) Iy (19)

replacef; by its MLE which results in the generalized likeli-
hood ratio (GLR) algorithm. Thus, the decision function of the herex(m)

is the one step state prediction givép_; and
GLR change detector, which involves the double maX|m|zat|oB rlr—1 P P on giveR—.
is given by ased onnth model. In the linear Gaussian case, the quan-

tity defined by (19) is just the innovation likelihood which can
— max su S’“(e ). (16) be derived from the Kalman filter equations base_d onrthke
9k = 1< <k elp ! model [27]. For the general nonlinear non-Gaussian model (1)
and (2), there is no general analytical means to perform the
The corresponding detection rule (or the way to determine thglculation. However, with the PF, this quantity can be esti-
alarm timet,,) is the same as in (13), and the conditional MLEfated by utilizing the complete pdf information of the pre-
of the parametefl; and change onset tintg after detection are dicted statex'™ | represented by a swarm of particles, this is

given by achieved by reusmg the likelihood of each predicted state par-
. ticle computed during particle filtering, more specifically, since
(to, 01) = ae I SZ}PS (61). (17) {xfflz)_l(i): i =1, ..., N} can be considered as the samples

from p(x,.|H,,, Z._1), the required quantity defined by (19)
can be computedia the Monte—Carlo integration as follows:
B. Particle Filtering-Based LLR Approach to FDI

(M) _ (v ’
Willsky and Jones [30] combined the LLR test with Kalman L e[ Hom, Zr1)

filter and developed the so-callegkneralized likelihood ratio = /p(y,,|Hm, X )p(Xp Hiny Zr1) dx,

(GLR) method for detecting and isolating the faults which are

modeled as additive changes in linear dynamical systems de- )

scribed by linear state space models. Motivated by this, here we ~N Zp (y’ |x Iv 1 ')) (20)

combine the LLR test with PF and present a patrticle filtering
based LLR method for FDI in general nonlinear non-Gaussiathere the likelihood of each predicted state sample
systems. (’l'])_l( )Ji=1,..., N)from PFis given by

As stated in Section Il, the actual system is governed by one

of M 41 models given by (1) and (2), whene = 0 corresponds ag(m)
to normal operation situation and = 1, ..., M correspond  p {y.|x"" T l(i)) = g™ (g,{m) (y,,, xffl';)_l(i))) 5
to M faulty situations respectively, and a PF described in pre- yr
vious section is implemented for each of these models to obtain (i=1,2 ..., N). (21)
the sample-based posterior pdf of the states. For simplicity, it
is also assumed that the measurement noisas the same di- "€ decision function for FD is then given by
menS|onaI|t¥ as the measuremgnand, for each model, given

and the measurement,, the measurement noise gr = pax  hax Sy (m). (22)

the stateck
(m) is uniquely determined by(m) ,(f") (Vi x; ), where
(m)( ,-) is the vector-valued inverse function bf™(, -)

with respect tof(m) and has dacobiandenoted bﬁg(m) /Oyk.
The key |dea of our method is to compute the joint like

lihood of the observations conditional on each hypothesiz

model through Monte—Carlo estimation which uses the com-

plete sample-based pdf information provided by PF, and then (i, o) = arg max max S (m). (23)

activating in parallep/ LLR tests forH,,,(m =1, 2, ..., M) 1<j<ty 1<m<M

versusH,. More specifically, the joint LLR to be computed in

the present case is as follows.

<k 1<men d

The fault alarm timet, is determined by (13) where the
thresholdA > 0 is chosen to provide a reasonable tradeoff
between false and missing alarms. Fault isolation is achieved
b fmdmg out the faulty model index which, along with the

E £, of fault onset time, is given by

The full implementation of the above particle filtering-based
LLR detector requires a linearly growing number of calcula-

H = tions, asS%(m) must be calculated fon =1, ..., M, andall
21 M (18) possible fault onset times up to the present, jes 1, ..., k.
— p(yr|Ho, 2r-1) The standard method to avoid this problem is to constrain the

Authorized licensed use limited to: Linkoping Universitetsbibliotek. Downloaded on April 06,2010 at 15:23:42 EDT from IEEE Xplore. Restrictions apply.



LI AND KADIRKAMANATHAN: PARTICLE FILTERING BASED LIKELIHOOD RATIO APPROACH 341

8
8
8
8

e cOMponent fault component fault

===—= sensor fault

———- sensor fault

@
g

2

50

sum of log-likelihood ratio(LLR)
sum of log-likslihood ratio{LLR)

I3 S0 4

e AN .

I' IH,'H || |,ll.,\r”f”|

[ oty

] R R T
o R L ]

R A ]
! y

Fig. 1. Sum of LLR computed with the new algorithm proposed in this papdfig. 2. Sum of LLR computed with the EKF-based GLR algorithm.
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search in a fixed width (sal#’) “sliding window” of the most - M
. . . . . or NV no_
recent past observations, the decision function is then given by component faul b it
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gr = max max Sjk(m) (24) L ; vt
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g
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If the window is sufficiently wide to insure detection and iden-
tification of all important faults, this approximation avoids the
aforementioned difficulty.

It is most difficult to make any precise and provable statement
on the optimal properties of the above proposed method in the
general nonlinear non-Gaussian case. However, for a closely re-
lated change detector, the window-limited GLR detector intro- » -
duced by Willsky and Jones [30] in the context of detecting addi- A
tive changes in linear Gaussian state space models, Laiand S an
[18] have recently shown that, with an appropriate choice of the”
threshold and the window size, this GLR detector is asymptoti-

) o ment equation remains unchanged, i .1,) = al® = 0.05.
cally optimal. The detector proposed in this paper can be consgﬁ_;e seﬂsor faultrp = 2) is mo%eled(é\s a jur2np in the pa-

ered as an extention of the Willsky—Jones’ GLR detector to the ter of i tion. i h'ccéﬂ) is shifted t
general nonlinear non-Gaussian case through particle filterih"’gne er of measurement equation, In w IS shitted to

sum of log-likelihood ratio{LLR)
1

8 o 8

T

%
8

8

Sum of LLR computed with the new algorithm proposed in this paper.

0 . 2 0
and Monte-Carlo integration. ay ) = _2“5 ) = 0.1 while af?) = C.Lg ) = 25, Two types of
simulation are conducted. In the first type of simulationsg,
V. NUMERICAL EXAMPLE AND SIMULATION RESULTS andv;, are assumed to be Gaussian so as to facilitate the perfor-

mance comparison between the proposed method and the EKF

based GLR method, whereas in the second type of simulations,
To illustrate the operation of the proposed particle filteringvx andv;, are assumed to be non-Gaussian which demonstrate

based LLR algorithm for FDI developed in this paper, an ethe broad applicability of the proposed method.

ample is presented in this section. In the following simulation

A. System Description

study, the data are artificially generated by a setbf- 1 uni- B EXperimental Results with Gaussian Noise
variate state space models described below with different typedn this type of simulationsy;, andv;, are assumed to be zero
of system and measurement noise mean Gaussian white noise with variarige = 0.1 and@, =
1, respectively. Two Monte—Carlo simulation experiments have
_ 1 (m) Tr—1 . + . .
Tk = 5 k-1 +a; m +8cos(1.2(k — 1)) +wi_1 been carried out. In the first experiment, the component fault is
k—1

simulated to occur at timke = 101 at which the system model

Y =a§m)xi + (m=0,1,..., M) (25) s shifted fromm = 0 (nominal model) tan = 1 (component
fault). In the second experiment, the sensor fault is simulated to

wherew; andv, are system and measurement noise respegecur attimek = 101 at which the system model is shifted from

tively and they are assumed to be uncorrelated. The param-— gtom = 2 (sensor fault). The PF-based LLR algorithm

eter values for nominal system model (indexedrby= 0) for FDI developed in this paper is used to detect and isolate these

area” = 25 anda}’ = 0.05 which were taken from [13] two faults. For comparison, the well-known EKF-based GLR

and [17]. Two kinds of fault are considered (i.&4, = 2), the method [27], [28] is also applied.
component fault (indexed by. = 1) is modeled by a jump in The sum of LLR computed by PF-based method and by EKF-
the parameter of system state equation, in Whiﬁ)\ is shifted based method in these two experiments are shown in Figs. 1 and

to a§1> = (1/2)a§0) = 12.5 while the parameter in measure-3 and Figs. 2 and 4, respectively. In the calculations of the deci-
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Fig. 4. Sum of LLR computed with the EKF-based GLR algorithm. Fig.5. Sum of LLR computed with a non-Gaussian (Gaussian mixture) system
noisewy,.

sion functiong;,, the search for the discrete maximization over
the fault onset timg is constrained within a sliding window of
fixed width W = 25. The results from these simulations show
that the PF-based algorithm is able to detect the faults in time
and to identify the faults correctly. We can see, from Figs. 1 and
3, the sum of LLR computed with the new algorithm proposed
in this paper remains steady below zero before the onset of the
fault, and jumps significantly over zero after the fault occurs.
While the sum of LLR computed by EKF-based algorithm (see
Figs. 2 and 4) changes frequently over zero before the fault ac-
tually takes place which indicates a high false alarm rate in fault
detection.

In addition to the correct fault detection and isolation, the new T T e e e
method is also able to give a relatively accurate estimate of fault
onset timefy. In our simulation experiments, the threshold forig. 6. Sum of LLR computed with a non-Gaussian (Gaussian mixture)
decision making is chosen as= 10, with the new method, the measurement noise, .
component fault is detected#at= 108 in the first experiment,
and the sensor fault is detected at= 102 in the second exper- the component fault is detectedtat= 112 in both experiments,
iment, the estimates of the fault onset time @re= 104 in first  the estimates of the fault onset time &se= 103 in first exper-
experiment and, = 101 in the second experiment (true fauliment andf, = 105 in the second experiment.
onset times in both experiments ape= 101).

component fault

=-=== sensor fault

sum of log-likelihood ratio(LLR)

s L
160 180 200

VI. CONCLUSION

C. Experimental Results With Non-Gaussian Noise - . L . .
Xper ) ! uss! I By combining the particle filtering algorithm with the

Simulations are now performed with non-Gaussian systqgyy-likelihood ratio test in the multiple model environment,
noise wy and non-Gaussian measurement noige TWO \ye have proposed a new FDI scheme for general nonlinear
Monte—Carlo simulation experiments have been carried oybn-Gaussian dynamic systems, the FDI performance of the
both with the component fault occurring at tile= 101 as  proposed methods is compared with that of the well-known
described previously. In the first experiment; andvx are EKF-based GLR method on a highly nonlinear system. The
assumed to have the following distributions: results from simulation experiments show clearly that the FDI
performance of this new method is superior to the EKF-based
one. This result stems from the fact that the complete pdf

wherew;, is a mixture of Gaussian noise. The sum of LLR cominformation of the estimated state is utilized for FDI in the
puted with the new algorithm is shown in Fig. 5. In the secorfdfWW Method, whereas, ongpproximatemean and covarance

wy ~ 0.5N(0, 0.1) + 0.5N(0, 1) v ~ N(0, 1)

experimentyu, anduy are distributed as follows: are used in E_KF-based_ method. Furthermore, th_e proposed
schemes provide an uniform framework for FDI in general
wg ~N(0,0.1) v ~ 0.5N(0, 1) + 0.5M (0, 10) nonlinear systems with non-Gaussian noise and disturbance.

Further work is being carried out to investigate the robustness
whereu, is a mixture of Gaussian noise. The corresponding sumith the proposed method.
of LLR is shown in Fig. 6. These figures clearly shown that, in
both cases, the fault can be detected and isolated with the new REFERENCES
method. In the implementation of both simulation experiments, 1} g p. 0. Anderson and J. B. Moor@ptimal Filtering  Englewood
the threshold for decision making is chosen as befare (10), Cliffs, NJ: Prentice-Hall, 1979.
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