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Abstract: This article focuses on developing a new approach for diagnosing of nonlinear systems. This approach consists
in estimating the input fault by using the proposed ARX-Laguerre multimodel (Adaily, 2018) in its decoupled structure.
This method is processed in two consecutive steps. The first consists in the offline identification of parameters of the ARX-
Laguerre multimodel (weighting functions, Laguerre poles and -Fourier coefficients). The second step proposes an input
fault estimation algorithm based on the online update of the parameters using the sliding window principle. This proposed
diagnosis approach is implemented on a Continuously Stirred Reactor (CSTR) Benchmark to estimate the input fault. A
comparative study regarding the results provided by a Proportional Integral (PI) observer based on the decoupled ARX-
Laguerre multimodel is performed to attest this new approach.
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1. Introduction

In order to develop diagnosis or control strategies
of a nonlinear system one has to provide a model
for such a system. Several modeling approaches
have been developed in the specialized literature
such as: NARX, NARMAX, Volterra series
(Fang et al., 2022; Levin et al.; Nguyen & Yin,
2017; Wang, 2020; Wang et al., 2022), structured
block models (Wiener and Hammerstien) (Brouri
et al., 2022; Mzyk & Wachel, 2017; Quachio &
Garcia, 2019) and multimodels (Wang, 2020;
Young & Holsteen, 2017). The latter approach,
which will be used in this paper, consist in
representing a nonlinear system by a finite
number of submodels. These linear submodels
describe the dynamic behavior of the system
for each fraction of the operating domain.
In the specialized literature, two multimodel
structures have been developed: the coupled
multimodel (Takagi & Sugeno, 1985), in which
the submodels share the same state vector and
the decoupled multimodel (Shin et al., 2020), in
which each submodel has its own state vector.
Since each submodel can be decomposed on the
Laguerre orthogonal basis, nonlinear systems
can be represented as a linear with respect
to the Fourier coefficients characterizing this
decomposition which allows the application of
classical identification procedures.

In this context, nonlinear systems modeling using
decoupled ARX-Laguerre can be mentioned. In
(Adaily et al., 2018), the authors have exploited
multimodel approach with the ARX-Laguerre
model. For this representation, each submodel
was express by an ARX-Laguerre linear model.
The synthesis of the decoupled ARX-Laguerre
multimodel requires firstly the estimation of the
ARX-Laguerre multimodel parameters using
a recursive identification method, then the
determination of the parameters of the weighting
functions. These latter will be identified using
Genetic Algorithms (GA).

For the diagnosis of complex nonlinear systems,
Takagi—Sugeno (T-S) fuzzy models provides a
solution to the actuator fault estimation problem
estimation problem, which consists in a set of
locally linearized dynamics connected by fuzzy
membership functions (Han et al., 2023; Zhang
et al., 2023). However, the reconstructed T-S
fuzzy model may contain a large number of
fuzzy local models for the nonlinear system
with complicated nonlinearities (Li et al., 2023).
To avoid this problem, this paper proposes
also a new method for estimating the input
fault or the actuator fault based on the ARX-
Laguerre multimodel which is characterized by
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a simple recursive vector representation and a
significant parametric reduction. This can also
be achieved by exploiting the online parametric
identification approach over a sliding window
recently addressed in (Adaily et al., 2018), for
the detection of the operating mode change.
Based on the same principle, the new proposed
approach of input fault estimation consists in
updating parameters according to the evolution
of the output of the system, influenced by the
input impact with or without the presence of
the fault. Thus, the online identification of
the parameters relies on updating the Fourier
coefficients, as well as the Laguerre poles, by
shifting the sliding window at each sampling
time, while keeping the weighting functions
identified by genetic algorithms. This update
can be obtained by implementing the offline
parametric identification method on a sliding
window of variable size. Following this update,
the development of an algorithm is proposed to
estimate the input fault at each sampling time.

To validate the offline identification method of the
ARX-Laguerre multimodels parameters, as well
as this new approach of input fault estimation they
were applied to a CSTR Benchmark. To prove
the efficiency of the method proposed for input
fault estimation in this paper, a comparative study
with input fault estimation using the classical PI
observer based on the ARX-Laguerre multimodel
(Benamor et al., 2020) is presented.

Accordingly, the contributions of this paper
are mainly threefold: first, the proposition of
an algorithm for the optimization of the ARX-
Laguerre multimodel using genetic algorithm;
second, the development of a new algorithm for
nonlinear systems diagnosis according to the
input fault estimation applied on the proposed
ARX-Laguerre multimodel based on the online
parameters update using the sliding window
principle; and third, the validation of the proposed
algorithm for parametric identification and input
fault estimation through a comparative study
regarding the results provided by a Proportional
Integral (PI) observer.

The present paper is organized as follows.
Section 2 focuses on a bibliographical study of
the simple recursive representation of decoupled

ARX-Laguerre multimodel. In section 3, an
algorithm for the offline parametric optimization
of the ARX-Laguerre multimodel based on
Genetic Algorithms is developed. In section
4, the algorithm of the new approach needed
for estimating the input fault is developed.
Section 5 is allocated to the validation of two
algorithms developed on a CSTR Benchmark
and to a comparative study with an input fault
estimation method based on the PI observer.
Finally, section 6 provides the conclusion of the
proposed research.

2. Decoupled ARX-Laguerre
Multimodel

Following the development of Bouzrara et al.
(2013), the decoupled ARX-Laguerre of a sub-
model (s) is:

{XS (k+1)= A" X (k) +b u(k) +b. y' (k) O

¥'(k)=(C") X" (k)

where u(k) is the input, s = 1,..., L and L is the
number of submodels.

V3(k) is the submodel output given by:
n, -1 m,—1

Y= g%, 0+ g%,k (2
n=0 n=0

where n_ and n, are the truncating orders of the
ARX-Laguerre submodel, g —and g,, are
the Fourier coefficients characterizing the sth
ARX-Laguerre submodel and x, ~and x,,

are the filtered outputs and the filtered inputs
respectively, which are the components of the

vector X° (k) as:

X5 (k)= [xg,y (K)...or s (),

T (3)
O, 0] €

- A° is a square matrix depending on the

Laguerre poles &, and ¢, :
s
A = 4 e R (4)
On,, Mg Au

where 0 4.m 18 thenull matrix (g x m) dimensional.
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A, and A, are square matrices given by:

& 0 0
1) & -0

A= —£0-E)) & 0 fen (5)
UG CEU-ED - &
& 0 0
=) 5 0

A= HO-E § -0 ewr (6)
@) 8@ - g

- b and bs are column vectors of dimensions
(n + nb) dependlng on the Laguerre pole:

1
—Ca
(&)
=@ T |ent
(_55 )na 1
Onb,l |
(7)
Onl,,l
1
-5
b =\1-(&)? (_§S)2 e RO
b
&)
- ¥ is a column vector arranging the Fourier
coefficients:
;
c’ :|:g(§,a""’ g;fl,aa gé,b’---’ g;,,fl,b] e R (8)

Figure 1 presents the architecture of the decoupled
ARX-Laguerre multimodel.

(GiR)
ufk) N 19 Submodel _1.1 (k) J,
Ly
AlQv(k)+8(g)u(k)
i W)
24 Submodel ¥ (k) )
el AlrE+E(QuR)
)
i Sulnlnudel YR

Figure 1. Decoupled ARX-Laguerre
multimodel structure

where y (k) is the output of the ARX-Laguerre
multimodel given by the following expression:

y (k)= Zﬂs (G(K) y* (k) )

and p (E(k)) is a weighting function characterizing
the contribution of each ARX Laguerre submodel,

with (k) being a decision parameter which can
be chosen as either input or output of the system.

These functions satisfy the convex property:

i,ux(g(k)) =land 0< u ({(k)<1; Vs=1.L
(10)
These functions p (4'(k)) can be built based on
Gaussian functions @, (¢ (k)):

_o((k)

H (k) = (11)
ij(g(k»
with
K—c)
®,(§ (k) = exp(—%} (12)

where ¢ is the center of @ (¢(k)) and o
represents its standard deviation.

3. Offline Parametric Identification

3.1 Fourier Coefficients Identification

The compact recursive vector representation of
the ARX-Laguerre multimodel is obtained from
equations (1) and (9).
X(k+1)=(4 +b)X(k)+bu(k) (13)
y(k)=C"M, X(k)

- X(k) is the column vector given by:

x0=[[X'®)] [ X 0] | et (14)

and A is a square matrix

Al

gy gty

Orl“+nb .. . c mL(na+nb) (15)

n,+n, n,+m,

- Cb and b are L(n,+n,) dimensional
column vectors defined” by:

ol ]

{b}ll]rx(cl)r""’[bﬂ xCLT

T
T
C=[ €V @) | by =

r (16)

b =bloc diag
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- M, isa L(n, +n,) dimensional square matrix
defined by:

/ul Ina +1y, Ona+n,, “. Onu +ny
0 w1 ' :

ng+ny n,+ny,

“ : . 0

ng+ny

(17)

ng+m, Ona +1y ﬂL Ina +1y

Referred to (13), the recursive identification
of the vector C* is based on minimizing the
regularized quadratic error J at each iteration p
(Fang et al., 2022):

) r 2
J(p)=;[ym(k)—g Mﬂme
n,— 2 n,—| 2 18
Z:(j:[gz,a(p—l)—g;‘;,a(p)] +Z:;[g,§,,,(p—l)—g;.b(p)} (18)

L
+ay)
s=1

where o > 0 is a regularization constant which can
keep a low variation of the Fourier coefficients
between two consecutive instants.

From (18), the matrix form of J can be rewritten as:

J(p)=[Y,(»)-w(»)C(P) [ % (P) -y (r)C(p)] (19)
+afC(p-H-C(p]'[Cp-1H-C(p)]

where

CP)=[ . g ()80, (0)n8y () | (22)

TAhe estimated vector of Fourier coefficients
C(p) is:

Co =(v" Pw+aly, ) <y @ @+alp-1) (23)

where Il(n ny) is a L(n,+n,) dimensional
identity matrix.

3.2 Laguerre Poles Identification

One of the advantages of the ARX Laguerre
multimodel is the reduction of the number of
parameters when the Laguerre poles reach their
optimal values. To achieve this, the Laguerre poles
are calculated in an iterative way, according to
the Fourier coefficients of the ARX-Laguerre
multimodel (Han et al., 2023). Therefore, the
following quantities are defined:

r=Y @nen(g,) s T =Y enen(g,) (24)
n=0 n=0
To=2lng. g T=22ng, 8, (29)
n=0 n=0

Hence, the optimal Laguerre poles &, , and

&onpr S=L,....L are obtained (Han et al., 2023):

2
or=Allpr) -1 if pr>1
S = ) cs=l..Li=ab (26)

pi(pr) -1 it o<1

where
. I+ T +2& T,

pPi = S . —=, s=L...,Li=a,b (27)
A+(ED) T + 24 T,

3.3 Identification of the Parameters
of the Weighting Function Using
Genetic Algorithms

Genetic Algorithms are based on the selection
of the most suitable individuals from an initial
population of random N, , individuals. Using
the genetic algorithm, a new population is
produced following the application of three
genetic operations: selection, crossing and
mutation (Vajda et al., 2008). In the present
case, the exploitation of Genetic Algorithms
for the identification of weighting function is
proposed. The optimal solution is obtained from
the minimization of a NMSE (Normalized Mean
Square Error) given by:

D>, (k)= y(k)y’
NMSE =“——
>, (k)Y

(28)

where M is the number of measurements.

A random initial population Ind of N, ,
individuals of the parameters of the weighting
functions is generated.

md=[c'.¢"|eR"; I=1..N,, (29

where:

- (' is the vector containing the centers of the
weighting functions:

¢ :[cll,...,ci]eiR“L; l=1,..,N,, (30)

- ¢ is the vector containing the dispersions:

I=1,..,N,, (3

>+ Vind

/ / / IxL |
o :[0'1,...,0'L:|eiR ;

It can be noted that a number of iterations G,
of the genetic algorithm is fixed and that at each
iteration the evaluation function NMSE is applied

for the current population /nd. This evaluation

https://www.sic.ici.ro



New Approach for Estimating the Input Fault Based on the Sliding Window Identification Technique... 119

allows the selection of the best individuals
resulting from the genetic operations of selection,
crossover and mutation. These operations are
applied at each iteration of the genetic algorithm
until the parameters of the weighting functions
converge to their optimal values. It should be
noted that the evaluation of the NMSE criterion
requires the calculation of the Laguerre poles and
the Fourier coefficients.

Algorithm 1. Identification of the parameters of
the weighting function with genetic algorithm

1. Assuming that there are M input/output data pairs

(u(k), y, (k).

2. Fix the submodel number L, the truncating orders

n_ and n, and the regularization constant a.

3 Fix the iteration number G, , the population size

N, » as well as the crossover rate P, (£100%) and

the mutation rate P, (<100%).

4. Initialization: Create a random initial population

Indof N, ,vectors of weighting functions parameters

Ind' =[c!, 0] and a set counter = 1.

5.As long as counter < G, , for each population, do:
5.1. Evaluation:

a. Identify the Fourier coefficients and the
Laguerre poles as follows:

i.  Estimate the Fourier coefficients g; .
and g', by (23) Vk=L,. oM
knowing that C(0) =0, inyl

ii. Calculate T}, and T, ,i=a, b, s =

., L from (24) and (25) respectlvely

it If ﬂsi and T;l are close to zero go to
step b. Otherwise:

- Calculate pj and Pbs from (27).

- Update the poles é:;pt, . and & ;pt, b
given in (26), then return to step (1).

b. Evaluate the NMSE from (28).

5.2. Selection: select PcxN, , individual of
the up-to-date population depending on the
evaluation of the values of the NMSE.

5.3. Crossover and mutation: practice the
crossover on the selected populations and then
apply the mutation with a rate of P, to generate
the new population.

5.4. Reintegration: The best new solution is
inserted in the new population in ascending
order according to its NMSE evaluation.

5.5. increment the counter and back in step 5

4. Proposed Approach for the Input
Fault Estimation

In what follows, the concept of the new proposed
approach for estimating an input fault 5(k), injected
at the system input u(k), is presented. To achieve this,
it is taken into consideration that, in the presence of
the fault, the input is written in this additive form
u(k) + n(k) and, referring to (13), the output Y, (k)
with input fault is obtained as follows:

{£w+w:@4+g¢gm+g(wm+mm)

: (32)
v, (k) =€ M, X(k)

From (32), one obtains:

3,0 =€TM [(4 +b)X (=D + b utk -0 ]€TM b, (k- (33)
Thus, it can be noticed that the input fault 7(k)
is retained in an additive form to the input u(k)
and that the quantities A,b.,b, and C remain
unchanged. However, the output changes in
presence of the fault which requires a new
formulation of (32) as: Y, (k) # y(k) . In this case,
an update of the quantltles A,b.,b, and C is
necessary. This update leads to a new 1dent1ﬁcat10n
of the parameters (Fourier coefficients and
Laguerre poles) of the ARX Laguerre multimodel,
in the presence of the input fault (k) :

{X (k+1)=(4, +b, )X, (k) +b,,u(k)

(34)
v, (k) =C, M, X, (k)

where:

- A isasquare matrix of dimension L(n, +n,)
defined as follows:

1
A?] nn+n,, e na +nb
0,., A . : .

=500 e R (35)

na+n,, e 0)1“ +7‘lh Aff
where A =1,...,L are matrices defined from
(4), by replacmg f and &, with their updated
values &, and &, , respectively.
- an Qu and C: are column vectors defined as

follows:

b, =bloc diag| (8),) (€Y ..., ) X(C,:.)T:‘T cntem (36)
_u’l |:|ibur7j| 2 uL.rz jITi|T € i]{l‘(n“+nb)
¢ -[(€) (e e

(37)

(38)
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where the vectors b) b, and C,, s=L..L
are obtained from (7) and (8) by replacmg &, fbs
with &, & and g | gn’b with their new
updates g° i, g, " respectively.

- X is a column vector of dimension
L(n +n,).

The new form (34) needs the identification of the
ARX-Laguerre multimodel resulting from the
fault introduction. The output of system can be
expressed as follows:

y,()=Cy M, [(A4, +b,,) X, (k=1)+b,,u(k-1)] (39)

Replacing Y, (k) in (33) by its expression in
(39), the expression of the input fault 7(k—1)
is given by:

nk=)=(C"M,b,Y"[ €)M, ((4,+b.,) X,(k=1)+b,,u(k-D)

—C"M, (4 +b)X(k=1)+b,u(k-D)] (40)
In what follows, the calculated input fault 77, (k)
at iteration £ is taken into consideration, so that:

M. (k) =n(k-1) (41)

It should be emphasized that, in order to obtain
the updated values of the Fourier coefficients
and Laguerre poles, one opts for the exploitation
of online identification on a sliding window
[p+1—n0 , D ],Vp > n, , where n is the width
of the window (Quachion & Garcia, 2019).

However, the online parametric -identification
of the ARX-Laguerre multimodel on the sliding
window relies on the update of the Laguerre
poles. Then, the updates of the Fourier coefficients
rely on a number of iterations n,, while keeping
the weighting functions obtained by the
genetic algorithm. This update is obtained by
implementing the offline parametric identification
method on a sliding window. At each iteration
p>n, in the interval [ p+1-ny, p], the
Fourier coefficient identification method is applied
on the sliding window of n, observations which
leads to the update of the Laguerre poles given
by (26). The regularized criterion J(p) is written
according to (18) in the following form:

0= 3 (n®-Cym)

k=pri-n,
L (-1 2

) n (42)
ra), Zo[g;:.m,xp—1>—g;M(p)} +Zﬂ[g;,h.”w—l)—g;,b.,xm]

Subsequently, the estimated vector of Fourier
coefficients is expressed as follows:

&) =i (P ¥, P+ al) (W0, (Y, (D) +a C,(p-D), Vpon, (43)

with

v [ Yring
Vopn =W (p+1=n5)...w(p)] ={ J (44)
v' (p)

Y*an
Y, =y, (p+1-np),.. ,ym(p)]r{p’ j (45)
».(p

In order to check the execution of the update of the
Laguerre poles depending on the estimated vector
of Fourier coefficients C, (p), the following
convergence criterion is taken into consideration:

[¢,(m-&, -1 <& (46)

where & is the convergence threshold.

At each iteration k, the vector of Fourier
coefficients Q (p) is adapted on the sliding
window [ p+l-ny, p] . A new estimation of the
Laguerre poles is executed once the condition (46)
isn’t satisfied. The proposed input fault estimation
algorithm is:

Algorithm 2. Input fault estimation algorithm

(1) Offline identification phase using algorithm
For k=1,...,n,, it is considered that n..k)=0,

C(p) C(H) 5{17] = g gbn ébr]a
s —1 ..L and y, (k) = y(k) by applying (13).

(2) Online identification phase V p > n, : for each
iteration k of the interval [p+1-n_, p]:

2.1. Measure the system output of y (k).

2.2. Calculate the vector (_,”7 (p) using (23).

2316 |€,(p) =€, (p-D <& then
Calculate the value of the input fault
N ., (k) from (40), increment and
return to step 2.1. Otherwise: Compute
the new Laguerre poles & ; 5 and & by >
s=1,..,L from (26).

2.4. Calculate the matrices 4,,b,,
from (35), (36) and (37).

2.5. Calculate the new vector of Fourier
coefficients C (p) from (43).

2.6. Calculate the vectors X X(k) and X, (k)
from (32) and (34) respectively.

2.7. Calculate the value of the input fault
n ., (k) from (40).

2.8. Increment p and return to step 2.1.

and b, ,

The proposed approach for estimating the input
fault using the ARX-Laguerre multimodel is
illustrated by Figure 2.
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=
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sliding window at from (34)
—=

Figure 2. Proposed input fault estimation approach

5. Validation of the New Approach
on the CSTR Benchmark

To test the performances of the developed
algorithms, they are tested on CSTR (Seborg et al.,
2004). First, Algorithm 1 is tested for the offline
identification of parameters of the ARX-Laguerre
multimodel. After that, Algorithm 2 is tested for
input fault estimation, where both constant and
random faults are considered. To highlight the
performances of the new proposed approach, a
comparative study with PI observer method based
on the ARX-Laguerre multimodel is taken into
consideration (Benamor et al., 2020).

The CSTR Benchmark displayed in Figure 3
mixes two products: b, and b,, with consecutive
concentrations Ch, and Cb,. The flow rates of
b, and b, are w, and w,, respectively. The final
obtained product is characterized by three
features: the concentration C,, the flow rate w,
and the product height /. The interaction between
concentration and flow rates is summarized by the
following equation system.

Figure 3. Graph of the CSTR- Benchmark

The physical model of this process is expressed
by this following system of nonlinear
differential equations:

)02 7Y+ 1), 0)
(47)

dc, (t) _ M (t) k-G, (t) W, (t)
T’(CM_C»([)) h(t) - (1+k2.Cb(t))z +(Cbb2_ch(t)) h(t)

In the present case, a subsystem Simple Input
Simple Output (SISO) is taken into account,
whose input is the flow rate w, and whose output
is the concentration C,, as illustrated in Figure 4.

To achieve this, the consumption rates k, and £,
the concentrations C, and C,, and the flow rate w,
are assigned to the fixed values given in Table 1.

Table 1. Fixed values of the parameters of the

CSTR Benchmark
Parameters c, C, w, k,=k,
25.1
Values Kmol. 01 nlj_r}nol. 0.7L.min" | 0.9
m*3

S

Figure 4. The SISO subsystem of the
CSTR Benchmark

For this study, the sampling time is 7'=1s and the
system’s input w, is chosen as a pseudo-random
Gaussian signal whose value varies between 0.05
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and 2.4 as it can be depicted in Figure 5. The
evolution of output signal C, is plotted in Figure 6.

25 -

)

(L.min

w

05 L

L L s
0 500 1000 1500
number of iterations

Figure 5. The system’s input signal w,

)

(Kmol.m
N

b

[
3

0 500 1000 1500

number of iterations

Figure 6. The system’s output signal C,

5.1 Offline Identification of
the Parameters

To accomplish the offline identification step,
1000 input/output measurements are used. The
yielded model is validated over the remaining
500 measurements.

For the identification phase, Algorithm 1 is
employed to identify the Fourier coefficients,
the Laguerre poles and the parameters of the
weighting functions. The truncating orders
values n =n,=2 and the number of submodels
is fixed to L=2, in order to reduce the number
of parameters that will to be identified. In order
to apply Algorithm 1, an initial population of
N, =60 individuals, a crossover rate P .=90%, a
number of generations G, =30, a mutation rate
P =3.2% and a constant regularization value
a=1.2 are taken into consideration. The output of
the system is considered as a decision parameter
¢ (k)=C,(k). So, one obtains two weighting
functions g (C,(k)) and g, (C,(k)) defined by
(11), constructed from two Gaussian functions

@,(C,(k)) and @,(C,(k)), such that:

(C,(k)—¢,)
0_2

o (C,(k)) = exp| — ,s=1,2 (48)

For the identification phase, the evolution of the
parameters of the weighting functions is presented
in Figure 7.

22

20

5 10 15 20 25 30

Number of generations

Figure 7. Parameters of weighting functions

The identified weighting functions are plotted in
Figures 8.

0.8

0.7

H2

0.6

0.5

0.4

weighting functions

0.3

0.2

5 10 15 20 25

b

Figure 8. Weighting functions

Figure 9 presents the evolution of the Laguerre poles.
—a
&
&
&

0,7

0.035
-0.103

5 10 15 20 25 30

number of generations

Figure 9. Offline identification of Laguerre poles
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The last population (counter=30) of parameters of
the weighting functions are classified in Table 2
and the Fourier coefficients and optimal Laguerre
poles in Table 3, respectively.

Table 2. Identified parameters of the
weighting functions

Values

c=[c,c,]" =[10.14 12.1]"

Gaussian centers

o=[o, o, =[10 6.585]"

Dispersions

Table 3. Identified Fourier coefficients and
Laguerre poles

§ s
§ 0 gla gOb
0.00013 -0.013 0.7499
2 1. 148 0.01 -0. 48
§ S N
§ glb fa egb
-0.0244 0.035 0.31
2 0.8956 -0.103 -0. 39

The evolution of the NMSE of the genetic
algorithm is illustrated in Figure 10.

NMSE (%)

X:30
Y: 4.35-06

number of generations

Figure 10. Evolution of the NMSE

Over 30 generations, the evaluation function
NMSE was minimized from one generation to
another to converge to a final value of 4.35.10°.

The offline recursive estimation of the Fourier
coefficients over the offline identification phase
is shown in Figure 11. It can be noticed that the
identified values converge from iteration 600.
Subsequently, Figure 12 illustrates the evolution
of the output of the Benchmark y, (k) = C,(k)
and ARX-Laguerre multimodel output y (k) over
the validation phase and proves the matching of
both outputs.

15

|
|
|
|
i}

051

2
9ip

15
0 200 400 600 800 1000

number of iterations

Figure 11. Estimation of Fourier coefficients

2 | — multimodel output y(k)

Benchmark output C L0
e b

1000 1100 1200 1300 1400 1500
number of iterations

Figure 12. Validation phase of
ARX-Laguerre multimodel

5.2 Estimation of the Input Fault of the
CSTR Benchmark

Algorithm 2 is applied to carry out this step. The
sliding window width is fixed at n =50 and the
convergence threshold at & =107 . The weighting
functions are calculated based on the values of the
parameters in Table 2. Figures 13 and 14 draw
the evolution of the estimated fault 77,,(k) for
constant and random fault respectively. In both
figures, the estimated values converge to applied
ones. By examining these figures, it can be noticed
that the new approach of identifying the input fault
allows to estimate a random fault with variable
and low amplitude.

]
Teal

05 |

04 L

03 |
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L.min

02 |

L L L L L L |
0 200 400 600 800 1000 1200 1500

number of iterations

Figure 13. Evolution of the estimated and the
constant applied fault
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05
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Neal
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03 |
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200 400 600 800 1000 1200 1500

number of iterations

Figure 14. Evolution of the estimated and the
random applied fault

The Least Mean Square Errors the real fault and
the estimated one for both cases are given by
4.65.10-17 and 1,48.10'° respectively.

The identified Laguerre poles of the ARX-
Laguerre multimodel in presence of an input fault
for both tests are shown in Figures 15 and 16,
respectively.

04
—&

03418

—&
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-0.0159

0.3478

0 200 400 600 800 1000 1200 1500

number of iterations

Figure 15. Estimated Laguerre poles in the presence
of a constant fault

02661 |

00064 [
02866 |

0 200 400 600 800 1000 1200 1500
number of iterations

Figure 16. Estimated Laguerre poles in the presence
of a random fault

The estimated Fourier coefficients values in

Figures 17 and 18.
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Figure 17. Estimated Fourier coefficients in the
presence of a constant fault
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Figure 18. Estimated Fourier coefficients in the
presence of a random fault

The evolution of the criterion (46) for both tests is
presented in Figures 19 and 20. It can be noticed
that this criterion exceeds the threshold value
£=10" at the time of the fault injection. The
estimated Laguerre poles and Fourier coefficients
are shaken too.
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06 | — .m0 v
o5 |
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Figure 19. Evolution of the criterion in the presence
of a constant fault
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Figure 20. Evolution of the criterion in the presence
of a random fault

Figures 21 and 22 draw the output of the ARX-
Laguerre multimodel y (k) and that of the
Benchmark C, (k) in the presence of a fault, at
time instant /=200s, for the constant fault and for
the variable random fault, respectively.

Benchmark output C,

Multimodel output from (34)

3

kmol.m

L L L L L L )
0 200 400 600 800 1000 1200 1500
number of iterations

Figure 21. Evolution of C, (k) and Y, (k) case for
a constant fault

Benchmark output C,

multimodel output from (34)

19 200 210 220 230

-3

kmol.m

0 200 400 600 800 1000 1200 1500

number of iterations

Figure 22. Evolution of C, (k) and Y, (k) case for
a random fault

It can be seen that the system output C, (k) tracks
the ARX-Laguerre multimodel output Y, (k) for
both faults. This observation emphasizes the

good performances of the proposed input fault
estimation algorithm, as this algorithm is tested
for constant and random faults.

To confirm the efficiency of the proposed
algorithm, a comparative study with the diagnosis
approach using a PI observer based on ARX-
Laguerre multimodel was developed (Wang et al.,
2023), for the constant and the variable random
faults. By fixing =0.25, one obtains the observer
gains K and K :

K,=[1.0103 0.4419 0.1006 02935 0.5688 0.9868 0.1761 02174 ;
K,=16

(49)
Figures 23 and 24 show the evolution of the

real fault 77(k) and the estimated one 7(k) for
constant and random faults respectively.
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1 1 1 1 1 1 )
0 200 400 600 800 1000 1200 1500

number of iterations

Figure 23. PI observer for test 1 for a constant fault:
evolution of 7(k) and 77(k)
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Figure 24. PI observer for test 2 for a variable
random fault: evolution of 7(k) and 77(k)

The Benchmark output C, (k) and the output that
was estimated by the PI observer p(k) for the case
of the constant fault and for the case of the random
variable fault are presented in Figures 25 and 26,
respectively. We note that the PI observer output

ICI Bucharest © Copyright 2012-2023. All rights reserved
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doesn’t match the reel system output C, (k) for
constant and random faults which confirms the
supremacy of our proposed approach.

Estimated PI observer output 3
Benchmark output Cj, with fault

kmol.m 3

1 1 1 1 1 1 )
0 200 400 600 800 1000 1200 1500

number of iterations

Figure 25. Evolution of C, (k) and PI observer
(k) case for a constant fault

Estimated PI observer output §

Benchmark output Cj, with fault

kmol.m

0 200 400 600 800 1000 1200 1500

Figure 26. Evolution of C, (k) and PI observer
j;(k) case for a random fault
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