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An active fault compensation control law is developed for a class of nonlinear sys-
tems to guarantee closed-loop stability in the presence of faults, based on a neural net-
work representation of the fault dynamics. Changes in the systems due to faults are
modeled as unknown nonlinear functions. The closed-loop stability of the robust fault
compensation scheme is established in the Lyapunov’s sense. The nonlinear fault func-
tion is represented by a neural network, then an adaptive corrective control law is for-
mulated to ensure system stability. The main contributions presented are the design of
the fault compensation and corrective control law of nonlinear systems with unmatched
uncertainties and the stability analysis of the closed-loop systems in the presence of
fault modeling errors. Applications of the proposed design indicate that the fault com-
pensation control law is effective for a nonlinear fermentation process. © 2008 American
Institute of Chemical Engineers AIChE J, 54: 2404-2412, 2008
Keywords: fault-tolerant control, fault compensation, corrective control law

Introduction

In the past decades, people are faced with more complex
systems when the performance requirements increase. Actua-
tor, sensor or component faults drastically change the com-
plex system behavior. Therefore, it is necessary to improve
reliability of a system by diagnosing faults of individual
components, and applying fault-tolerant control (FTC) sys-
tems.'?

Based on the nature of the design, fault-tolerant control
can be categorized into passive or active types. Passive fault-
tolerant control uses the same control scheme before and
after the fault, without specific accommodating parameters,
typically by introducing a conservative control law."'° For
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active fault-tolerant control, control reconfiguration takes
place, following the diagnosis of a fault to counteract any
dynamic changes caused by the fault, typically by a reconfi-
guration of the feedback control law. An excellent overview
of active FTC has been given by Zhang and Jiang.?' Differ-
ent methods for dealing with the reconfiguration problem
have been reported. Most of them adopt the following meth-
ods: neural networks,®® output feedback,* fuzzy logic sys-
tems,” adaptive control,”>*® eigenstructure assignment,

Markov model,* multiple-model tracking,z‘s’26 and compen-
sation via additive input design.’’~*° In particular, an excel-
lent overview of the fault accommodation has been discussed
in Patton (1997).% Typical sensor and actuator faults are
concerned and respective accommodation strategies are
designed. For example, sensor fault accommodation for
MIMO systems has been discussed in Tortora et al.,8 sensor
performance can be monitored using self-validating devices,
and fault accommodation strategies are then derived with the
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intent of trading-off optimality for computational simplicity
and transparency. A compensation method for actuator faults
with known plant dynamics has been formulated in Boskovic
et al.’! and a nonlinear fault accommodation controller has
been designed by making use of redundancy.’

The objective of this article is to propose and analyze a ro-
bust fault compensation scheme for nonlinear systems.
Changes in the systems due to faults are modeled as an
unknown nonlinear function. The closed-loop stability of the
robust fault compensation scheme is established in the Lya-
punov’s sense, i.e., the nonlinear fault functions are repre-
sented by a neural network, then an adaptive corrective con-
trol law is formulated to ensure system stability.

The remainder of the article is organized as follows. The
robust fault detection and fault adaptation scheme is intro-
duced, followed by a fault compensation scheme and relevant
proofs. Then a fermentation process example is given to
demonstrate the effectiveness of the proposed methods.
Finally, conclusions are given.

Robust Fault Detection and Fault Adaptation

Consider the following nonlinear systems

X =a(x) + Aé(x) + b(x)u + p(t — T)f (x)
y=c(x) (1)

where x € R", u € R™ are the state and input vector of the
systems, respectively, A¢(x) is the unmatched model uncer-
tainties, f{x) characterizes the changes in the dynamics due to
a fault. The nonlinear fault function f is multiplied by a
switching function f(t — T)

Bt =T) = diag (py(t =T), po(t = T), .., p,(t =T))

where
0 ifr<T
Bl ) {1 ift>T
i=1,2,....n

and T is the fault occurrence time. The normal (“healthy”)
systems, in the absence of any fault, is described by

x=a(x) + Aé(x) + b(x)u
y=c(x) (2)

Remark 1: Faults are described by the vector f(x),
assumed to be zero before the fault occurrence, and non-zero
after the fault occurrence. In this article, only actuator and
component faults estimation and compensation are consid-
ered. In fact, f(x) in systems (1) can be time-varying, it can
also represent component faults. Sensor faults are not consid-
ered since specific analysis can be done in, e.g., Tortora
et al.®

We now propose a robust fault diagnosis scheme, which
consists of a nonlinear state estimator and a learning algo-
rithm. We consider a nonlinear adaptive state estimator as
follows
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&= —A@E—x) +a(x) + b(x)u+f(x,9) 3)

where £ € R" is the estimated state vector, and f (x, 19) repre-
sents an online approximation model with f(x,vy) = 0.
A =diag( A,2a,. ..,y ) with —2; < 0 is the ith pole.

The next step in the construction of the fault diagnosis
scheme is the design of the learning algorithm for updating
the weights ¢ of the online approximator. According to the
Lyapunov synthesis method, the adaptation of the weights is
chosen such that the derivative of a specified Lyapunov func-
tion has some desirable stability properties. Let e = x — X,
we have the following relation after the fault occurs

é = Ae+ AE(x) +£(x) — f(x,9)

Note that

(1) f(x,) is to approximate f{x) when it occurs.

(2) Before fault f{x) occurs, filx) =0, f is set to zero.
Hence e(f) is bounded because A is stable and Al(x) is
bounded. This bound, denoted as eo(t), is the normal bound
for fault detection.

(3) When e(f) exceeds its normal bound, adaption of f is
activated with the following learning scheme:'

) = P{TZ"Dle]}, 9(0) =y @

where I' = T’ TA is the positive-definite learning rate matrix,
and Z = Jf (x,1)/09. The dead zone operator

Dle] 0, ifmax;{|e;] —e’(r)} <O
e otherwise ’

where assuming |A&;(x)| < &;(x), the normal bound

t
(1) = / D (x(0)) i = 1,2,
0

which can be easily implemented as the output of a linear fil-
ter, whose input is given by the bound &(x(#)). Note that, as
long as ¢; is bounded, the output of the stable filter
remains bounded as well. The transfer function is 1/(s +
). When 1, increases, e?(t) decreases. For a fermentation
process, a slow process, false alarm will frequently occur
if A; is very large. Smaller alarm delay is not very impor-
tant for a slow process. So the time varying dead zone
threshold e?(t) needs to be sufficiently large to prevent
false alarms. We found, A; € [—5, —1] is available for the
fermentation process. The projection operator P (which
restricts the parameter estimate vector ¥ to a compact,
convex region M) is used to avoid parameter drift, a phe-
nomenon that may occur with standard adaptive laws in the
presence of modeling uncertainties.'>"% If M3 is chosen to
be a hypersphere of radius M, then the aforementioned adapt-
ive law can be expressed as

9 =TZ'Dle] — y*T(H0T /(ITTH)TZ'Dle], H(0) =Dy (5)
where y* denotes the indicator function given by

yx = {O if {|0] <M or (|9] =M and ITZ"e < 0)}
1 if {|¥| = M and 9TZTe¢ > 0}
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The presence of model error (denoted by A&(x) in the state
equation) causes a nonzero state estimation error e(f), even
in the absence of a fault. The dead zone operator stops adap-
tation of the approximator when the modulus of the estima-
tion error e(f) is below its corresponding threshold. The fault
detection time 7 is defined as follows

Ty =inf (J{t>T: e > & (1)} (6)

i=1

In the absence of any faults and with the initial weights of
the online approximator, it can be easily verified that the
state estimation satisfies

le,(1)] = ‘ /0 LI AL (x(0))de

= / A0 (x())de = () ™
0

Therefore, the robustness of the detection scheme, i.e., the
ability to avoid any false alarm in the presence of modeling
uncertainty, is guaranteed.'

The conservation of the detection threshold is as follows:

A large threshold can lead to detection delays and subse-
quent degradation in the system’s overall performance. A
smaller value for the threshold is lead to false alarms.

The main contributions of this paper, shown in the next
section, are the design of the corrective control law for non-
linear systems with unmatched uncertainties, and the stability
analysis of the closed-loop systems in the presence of the
fault modeling errors.

Fault Compensation of Nonlinear Systems

For convenience, we denote f(r — T) f(x) of systems (1)
as f(x). And the following assumptions are used in the design
process of controller.

Assumption 1: There exists 1 = u“ (y) and a C' function
v(x) : R"—R™, such that

ky X2 < v(x) < kylx)? ®)
2
P (a(w) + b () < ks )
< —kgv(x) )

where ky, k>, k3 and k4 are positive constants. Note that u”
(y) is the nominal feedback control law without unmatched
uncertainties.

Assumption 2: For systems (1), there exist the nonsingular
function matrix G(e) € R"*" g(e),{(e) € R such that

ov(x)

o b) = GO (10)
P < a0y an

where v is defined in Assumption 1.
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Assumption 3:

[AL()] < @(x)9(y) (12)

Remark 2: Consider the uncertainty of systems (1), from
the inequality (12), we specify the bounded uncertainties of
the systems. Assumptions 2 and 3 are basic requirements for
(1) about the problem of output feedback stabilization, as in
Dawson et al.*> and Yan et al.*®

For systems (1), we use a neural network to learn fault
function f{x). If x is the input vector to the neural network,
the input and output representation is fix) = WS(x) where W
is a n X L weight matrix, and S(x) is a vector with S;(x), i =
12....L. Here, 8;(x) = [T;e, [s(x)]"" with Ji, i = 12....L
and [i(7) is nonnegative integers. From the theorem 2.1 of the
reference,37 it can be shown that there exists an optimized
matrix W#, such that |[f(x) — W*S(x)| < ¢ is satisfied for any
given ¢ > 0. In other words, W* S(x) can approximate f{x) to
any degree of accuracy. With the previous representation,
systems (1) can be rewritten as

x=a(x) + Aé(x) + b(x)u + W*S(x) + &(x) (13)

where, ¢(x) is equal to the difference between f(x) and W*
S(x). Hence, |¢(x)| = |f(x) — W*S(x)| < ¢ is the estimation
error.

If we denote W as the estimate of the unknown but opti-
mal weight matrix W*, then

¥ = a(x) + AE(x) + b(x)u — WS(x) + WS(x) + &(x)

where W = W — W* and it has the appropriate dimension.

We design an adaptive fault compensation controller based
on the normal control law uy. The main controller structure
is to design a compensation control law u- to be added to
the normal law uy in order to attenuate the effect of the
dynamics caused by the faults on the systems.

Remark 3: The controller design procedure is as follows:
design a control uy for the normal systems, and an additional
control uc for fault compensation, u = uy + uc as the new
control after the occurrence of a fault.

Theorem 1: Under Assumptions 1-3, we can design a con-
troller in the form of the following

U= Uy + Uc (14)
uy = u(y) +u’(y) (15)
where u“ is given in Assumption 1, and let

b 52(}’)¢2()’)

W= =225 (G0)) Y (16)
_ bT (x)WS(x) ESIC) 17
<t R meper

where ® € R” and ® = [0,0,...,0]". Then, the state x is ulti-
mately consistently bounded by the set

D:{xeR":v(x)gﬂ,&gplgl} (18)
pP1o P
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with the following adaptive weight update law

. 9
W= —[i’W—l—Zpla—)‘:ST(x) (19)

. ov
0= —y10+pla— (20)
X
where

87! @)|[e~! ()]
<
)

The parameters of R 01, P2s P3, & and p; are determined as
in the proof.

The proof of the aforementioned theorem is divided into
the following two steps: Step 1, we prove that there exists a
nominal controller uy = u® + u” and a Lyapunov function
Vix) for the “healthy” systems described by
X = a(x) + Aé(x) + b(x)u, such that the closed-loop of the
normal systems is stable; and 2, we prove that the state x is
ultimately consistently bounded, using the control law stated
in the theorem.

Proof: Step 1. Stability of the fault-free systems

Substituting the controller Eqgs. of 14 and 15 into systems
(1), we have
X = a(x) + A&(x) + b(x) (u® + u?) @20

Defining a positive function

Vi(x) =v(x) (22)
we have
Vi(x) = % (a(x) + b(x)u) + % (AE(x) + b(x)u”) (23)

From Assumption 1, we have

8V1 (X)

2
o (@) + b)) < —ks 1)

ox

(24)

From Assumptions 2 and 3 and the structure of u’(x), we have

M (acte) + by
=200 pe() + (GO
‘W‘( 1 ac) — (6o T Gy
< 8WP()P0) — %mz
<R+ HE0R0) - 08
=L W )
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since

v by <« =
20 6z + bty < P90 o
Thus, we obtain
1 8V1 (X) 2
< __
V1 (X) S 2/(3 ax (27)

From (27), the stability of the “healthy” systems is proven.

Proof: Step 2. Stability of the faulty systems

Define a Lyapunov function for systems (1) of the follow-
ing form

Va(e W, 0) = py Vi) +5ir {(WTW) 40 28)

with 0 = 0 — ¢, then the derivative of V; is

Va = o1 (G o)+ b+ a) 4 850) )

oV v
g ~b(x)uc —pla—IWS( x)

vy

W
+p1ge WS(x) + p1 —— i (x) +or{W'W} +00 (29)

Using Eq. 23, we obtain

vy ov
Va=p Vi + py—— x b(x)uc + py aIWS(x)

+plaals )+ o {W'W}+00 (30)

Since #r{W'W} =1|w|| +§HW|| —1w*|?, by substi-

tuting uc(4,4;) into (30), from Assumption 1, as M <1,

1+{[p() |
let k3 = p, + ps + ps Choosing izﬁ, ) >
03 —sp,
m B>2 2 ,yl >2‘:}‘ Eq. 30 is transformed into
. ov, | ovi|? ovi|®
Vo< —pipo| 5 ax | TP | TP e
oV, 1 oV, 1
+;01V1 |WH< A>+,01 i ‘0(14‘;—)
Vigp T2 V1 &2 _ T
—S 0 -S0+e n{W W}
B ot
—tr{W ——||W = 31
s Borpimiy By L pwe o

If % < p; < 1is satisfied, then Eq. 31 can be changed into

v,
O0x

- %02 e (32)

Brionz, B2
B w

V, < “P1P4|
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By using Egs. 9, 32 can be transformed into the following
form

: P1Pska Bz, P2 _Yig N2
V, < -2y — = ||V — W —=0" 4+ =
2 S — VI W W58+ 5 e
(33)
therefore
Vy < —aVy +p (34

k3

with o = min "4,—]“'7/37))1(}, i =L WP+ 2. Integrating
both sides of Eq. 34 yields

V(1) < % + [VZ(O) - %} eHNE>0 (35)
Due to Eq. 35, it can be deduced that x, W, 6 are bounded

consistently. From Eq. 28, we have
pv(x) < Vs (36)

Therefore

vy <P L Va0 Mo vi=0 @)
p1o% Py &

we complete the proof that x is ultimately consistently

bounded by the set D.

Remark 4: From the proof of stabilization of the
“healthy” systems, we know that the controller of the
“healthy” systems defined by uy is an output feedback com-
posite controller, ie., uy = u’(y) + u’(y). Compared with
the state feedback stabilization of nonlinear systems, the
existing results of proposed output feedback stabilization are
much less.

Remark 5: According to Eq. 37, we know that both the
“healthy” systems (2) by using uy and the overall systems
(1) by adding uc are stabilized. This guarantees that the
nominal systems is stable, with respect to A¢(x) and the
“healthy” systems remains stable once a fault occurs.

Simulation Examples
Simple example

Consider the following systems

x1+x2 . X1 uj
= ) +Ag+{ H }+/3(t7T)f(x)
X2 + X5 X2 | LU
yi:2xi7i:172
where

_ 01X1X26X2
Aé(x) - |:2X%€)2 sin 02:| ) 01 € (72, 2)

and 0,,03 € (—1, 1) are the uncertainty parameters. Thus,
¢ 2
E(x) = 2|l

We use a three-layer radial basis function network with 10
neurons in the hidden layer and two neurons in the output
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layer for detecting actuator faults. The 10 centers are distrib-
uted uniformly in region [—1,1]. The width of each RBF is
0.06. We do not need data to train the neural network offline;
it is to be trained online when a fault occurs. However, it
needs initial parameters. The initial parameter vector of the
network is chosen such that the output of the neural network
is zero in D. This can be simply achieved by setting the output
weights of the neural network to zero. We set the learning rate
as I' = 2.81,%,. The size of the hypersphere for the projection
algorithm is selected as M = 10 in the experiment. Set 1, =
—2,J, = —3. We perform three set of simulations. In the first
simulation, we consider a fault that occurs at r = 4s. Similar
to reference,'*” the class of faults is described as follows

0 t <4s

1 ds <t <4.5s
fix)=< 15 455 <t<35s

1 Ss <t<5.5s

0 555 <t <6s

0 t <d4s
fHlx) = { —(0.2 4+ 0.4(sin(2mx3/5) 4 cos(2mx3/3)))

t>4s
We take v(x) = 0.5x7x = 0.5)x*, u® = (u¢ u)" with

u‘ll =-2- Y1,

us=-2-y

and

b DIPEPION) Y
0.02

When f; is introduced at ¢ = 4s, as shown in Figure 1, we
have

|0
B ows) D )M
0.006 0.006

uc =

the weight adaptive law

W = 3kox’ ST (x)

0 = — 0.00376 + kolx|

and the set D= {xeR":v(x) <{%,06<k <1}. We
choose ky = 0.7, the faults are introduced at T = 4s, the
control results are shown in Figure 3.

time(s)

Figure 1. Fault (f;) and estimation (Dashed: actual.
Solid: estimated).
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1 T, oy - - 1
T e ity bl /,
i = o
.
A r
al 4
3 1 1 1 1 1
1] i 4 & B 10 n 14 16 18 0
time(s)

Figure 2. Fault (f;) and estimation (Dashed: actual.
Solid: estimated).

When f; is introduced at + = 4s, as shown in Figure 2, we
have

- [0
. bwse) T M
©0.005 0.005

the weight adaptive law

W = 2kox" ST (x)
0 = — 0.00390 + kx|

and the set D= xeR":v(x) <3%,08 <k < 1. We
choose ky = 0.9, the faults are introduced at T = “4s, the
control results are shown in Figure 4.

Figures 3 and 4 (the outer figures) depict the control
responses of the two states without any fault. Obviously, the
states converge at about 7 = 2s. The two states have the sig-
nificant changes when the faults are introduced at T = 4s, as

6 3 g
B -3 7 =l

8 i | |
0 1 2 3 4
time(s)

Figure 3. Control responses of the states without any
fault (the outer figure) and control responses
of the states with fault compensation for
fault f; (the inner figure).

[Color figure can be viewed in the online issue, which is
available at www.interscience.wiley.com.]
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Figure 4. Control responses of the states without any
fault (the outer figure) and control responses
of the states with fault compensation for
fault f, (the inner figure).

[Color figure can be viewed in the online issue, which is
available at www.interscience.wiley.com.]

shown in Figures 3 and 4 (the inner figures). The results of
using the proposed compensation control law show that all
states converge in spite of the faults (Figures 3 and 4 (the

inner figures)). This suggests that the proposed control is
effective.

Fermentation process

This section takes a biological fermentation process as a
nonlinear process example to show that the control design
can result in a stable closed-loop systems in which the states
converge in the presence of faults.

The fermentation process is assumed to operate at a con-
stant volume V, with the dynamics of biomass X, substrate S,
and toxin concentration C,, described by the follows

dx

— = uX — DX 38
X (33)
ds X

— =-DS—pu= 39
dt ", (39
d
% =gX'? - DC, (40)

where the dilution rate D, and the yield coefficient y, are
given by

p_f Y
=T =
14 My, +
and the nonlinear inhibited specific growth rate is

— s K
1=t [K.\-+S+S3/K,} [K,+C[2]
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Table 1. Fermentation Model Parameters

Volume Vv 200[1]
Constant Va 0.417
Constant M 0.0196
Toxin production constant q 0.0296[1/11(g/1)2/ 3
Maximum specific growth rate Ton 0.0135[1/h]
Monod constant K, 0. 05[;/1]
Substrate inhibition constant K; 2150[1 /% 1
Toxin inhibition constant K, 5.5[g /l

The parameters of y, ¢, W, K, K; K, M are given in
Table 1 for the process.

Defining the state as x = [X S C,]T,
Eq. 3840 become

and the input u = F/V,

G ux -X

Sl =-M+upy)X|+| =S |u

dc, 1/3 _

s qX / C

Yi =X
and

0.5)(1 —X1

a(x) = —1.4)C1 s b(x) = —X2
0.6)(1/3 —X3

where x = col(xy, x5, x3) = [X S C/]".

We use a three-layer RBF neural network with 15 neurons
in the hidden layer, and three neurons in the output layer for
detecting actuator faults. The 15 centers are distributed uni-
formly in region [—1,1]. The initial parameter vector of the
network is chosen, such that the output of the neural network
is zero in D. This can be simply achieved by setting the out-
put weights of the neural network to zero. We set the learn-
ing rate as I' = 2.5I3x3. The size of the hypersphere for the
projection algorithm is selected as M = 10 in the experiment.
Set 4, = —1, , = —3,J3 = —5 since /; € [—5, —1] is
available for the fermentation process. We perform three set
of simulations. In the first simulation, we consider a fault
witch occur at ¢ = 0.5s.

The modeling uncertainty is assumed to arise out of a 5%
inaccuracy in the value of u. It is also assumed that the
uncertainty in g is at most 10%," i.e.

0.050x;
0

AE =

The bounding function is clearly bounded in any compact
region of the state space.
We take v(x) = 0.5x7x = 0.5[x|*, u® = (u¢ u§ ug)" with

—2.57 — V1
W= |  —0.86—y
—0.34 — 1.25y**

and
by 010Ny
0.05
2410 DOI 10.1002/aic Published on behalf of the AIChE

3 3
2 2
1 1t
= 0 change due fo fault E 4 —//\\,—-—
1 1t
2 2t
3 - - 3 - .
1 2 3 L] 1 2 3 L]
(a) ; (b)
time(s)

Figure 5. Control response of state x4(f) (a) without
fault compensation, and (b) with fault com-
pensation.

[Color figure can be viewed in the online issue, which is
available at www.interscience.wiley.com.]

The fault is assumed to manifest itself as a nonlinear
change (in the system dynamics) described by

0 t<ls
0.4 sinx3 t>1s

f3x) = {

filx) = 0 t<0.5s
YT —04b(x)uy 1> 0.5s

When f; is introduced at + = 1s, we have

0
r X
- _oows " il
0.002 0.002

the weight adaptive law

W = 1.29%x" ST (x)
0 = —0.0570 + ko|x]|

and the set D= {xcR":v(x) <%8,0.52 <k < 1. 146}
We choose ko = 0.8, the faults are 1ntroduced at T = 1s,t

control results are shown in Figures 5-7. Figures 5a, 6a and
7a depict the control responses of the three states without
using of the proposed accommodation strategy. Obviously,
the states diverge from the set-point after the occurrence of

X201

X

(A TR

time(s)

Figure 6. Control response of state x,(t) (a) without
fault compensation, and (b) with fault com-
pensation.

[Color figure can be viewed in the online issue, which is
available at www.interscience.wiley.com.]
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+— change due to fault

Xty
= o

X3
“ o

2 2
3 3 L .
1 2 3 4 5 1 2 3 L] 5
(a) . i(b)
time(s)

Figure 7. Control response of state xs3(f) (a) without
fault compensation and (b) with fault com-
pensation.

[Color figure can be viewed in the online issue, which is
available at www.interscience.wiley.com.]

the faults at 7 = 1s. On the contrary, the results of using the
proposed compensation control law show that all states con-
verge despite of the faults, as shown in Figures 5b, 6b and
7b. This suggests that the proposed control is effective.

For the actuator fault f; in the fermentation process, when
the loss of actuator effectiveness is 40%, and is introduced at
t = 0.5s, we have

v [0
o pws) o)
0.002 0.002

the weight adaptive law
W = 1.5kox" ST (x)
0 = —0.0970 + ko|x|

The manipulated inputs behave with and without fault
compensation are shown in Figure 9. The set D =

{x ER":v(x) < %,0.62 <ko < 1.27}. We choose k, =

T bl
iy . —_——— X2
B - ; —= 3
3 T
:

Pl

[
-
(4]
Is

time(s)

Figure 8. Control responses of the states without any
fault (the outer figure) and control responses
of the states with fault compensation for
fault f, (the inner figure).

[Color figure can be viewed in the online issue, which is
available at www.interscience.wiley.com.]
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Figure 9. Controller of “healthy” system and fault com-
pensation controller.

0.9, the control results are shown in Figure 8. (the outer figure)
depicts the control responses of the three states without any
fault. Obviously, the states converge at about 7 = 1.5s. The
three states have the significant changes when the faults are
introduced at 7 = 0.5s, as shown in Fig. 8 (the inner fig-
ures). The results of using the proposed compensation control
law show that all states converge in spite of the faults
(Figure 8 (the inner figures)). This suggests that the proposed
control is effective. The control law of “healthy” systems
and fault compensation control law are shown in Figure 9
(the outer figure and the inner figure).

Conclusions

An active fault compensation control law is developed to
ensure the closed-loop stability for a class of nonlinear sys-
tems with unmatched uncertainties, using a neural network
learning approach. First, the nonlinear fault function is repre-
sented by neural network, then an adaptive corrective control
law is formulated to ensure system stability. The resulting
closed-loop systems are stable based on the corrective control
law. The proposed fault-tolerant control design has been
shown to be effective for a simple example and a fermenta-
tion process.

Acknowledgments

The first author acknowledges the financial support from the China
Scholarship Council at Northeastern University sponsored by the Minis-
try of Education. The second author acknowledges the financial support
from the 111 Project at Northeastern University sponsored by the Minis-
try of Education and the Chang Jiang Professorship at Tsinghua Univer-
sity sponsored by the Ministry of Education.

Literature Cited

1. Zhang X, Parisini T, Polycarpou MM. Adaptive fault-tolerant control
of nonlinear uncertain systems: An information-based diagnostic
approach. IEEE Trans Autom Contr. 2004;49:1259-1274.

2. Dunia R, Qin SJ. Subspace approach to multidimensional fault iden-
tification and reconstruction. AIChE J. 1998;44:1813—-1831.

3. Ding SX, Zhong M, Jeinsch T, Tang B. LMI-based integration of ro-
bust H,, control and RFD for LTI systems. In: Proc. IFAC World
Congress. Barcelona, Spain; 2002;494-499.

4. Patwardhan SC, Manuja S, Narasimhan S, Shah SL. From data to di-
agnosis and control using generalized orthonormal basis filters, Part
II: Model predictive and fault tolerant control. J Proc Contr. 2006;
16:157-175.

5. El-Farra NH, Gani A, Christofides PD. Fault-tolerant control of pro-
cess systems using communication networks. AIChE J. 2005;51:
1665-1682.

DOI 10.1002/aic 2411



10.

11.
12.
13.
14.

15.

17.
18.

19.

20.

21.

22.

23.

24.

25.

2412

. Lee J, Qin SJ, Lee I. Fault detection and diagnosis based on modi-

fied independent component analysis. AIChE J. 2006;52:3501-3514.

. Zhang Y, Wang F, Hesketh T, Clements DJ, Eaton R. Fault accom-

modation of nonlinear system. /nt J Syst Sci. 2005;36(4):215-220.

. Tortora G, Kouvaritakis B, Clarke DW. Simultaneous optimization

of tracking performance and accommodation of sensor faults. Int J
Control. 2002;75(3):163-176.

. Idan M, Johnson M, Calise JA, Kaneshge J. Intelligent aerodynamic/

propulsion flight control for flight safety: A nonlinear adaptive
approach. In: Proc. American Control Conference; 2001;2918-2923.
Wu N, Zhang Y, Zhou K. Detection, estimation and accommodation
of loss of control effectiveness. Int J Adapt Control Signal Proc.
2000;14:775-795.

Veillette RJ, Medanic JV, Perkins WR. Design of reliable control
systems. I[EEE Trans Automat Contr. 1992;37(3):290-300.

Yang G, Zhang S, Lam J, Wang J. Reliable control using redundant
controllers. IEEE Trans Automat Contr. 1998;47(11):1558-1593.
Vidyasagar M, Viswanadham N. Reliable stabilization using a multi-
controller configuration. Automatica. 1985;21(5):599—-602.

Tan L, Siljak DD, Ikeda M. Reliable stabilization via factorization
methods. /IEEE Trans Automat Contr. 1991;37:1786—-1791.

Gundes AN, Kabuli MG. Reliable decentralized control. In: Proc.
American Control Conference. Baltimore, MD; 1992;3359-3363.

. Veillette RJ, Medanic JV, Perkings WR. Design of reliable control

systems. IEEE Trans Automat Contr. 1992;37:290-304.

Schaft V. L,-gain analysis of nonlinear systems and nonlinear con-
trol. IEEE Trans Automat Contr. 1992;34:770-784.

Siljak DD. Reliable control using multiple control systems. Int J
Control. 1980;31(2):303-329.

Medanic JV. Design of fault-tolerance controllers using redundant
control elements. In: Proc. American Control Conference. San Fran-
sisco, CA; 1993;3130-3134.

Veillette RJ. Reliable linear-quadratic state feedback control. Auto-
matica. 1995;31:137-143.

Zhang Y, Jiang J. Bibliographic review on reconfigurable fault-toler-
ant control systems. In: Proc IFAC Safeprocess. Washington, DC;
2003;265-276.

Bodson M, Groszkiewicz JE. Multivariable adaptive control algo-
rithms for reconfigurable flight control. JEEE Trans Contr Syst Tech-
nol. 1997;5(2)217-229.

Diao Y, Passino KM. Stable fault tolerant adaptive fuzzy/neural con-
trol for a turbine engine. /[EEE Trans Contr Syst Technol. 2001;
9(3):494-509.

Jiang J. Design of reconfigurable control systems using eigenstruc-
ture assignment. Int J Control. 1994;59:395-410.

Boskovic JD, Mehra RK. Stable multiple model adaptive flight con-
trol for accommodation of a large class of control effector failures.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

In: Proc. American. Control Conference, San Diego, CA. 1999;
1920-1924.

Zhang Y, Jiang J. Integrated active fault-tolerant control using
IMM approach. IEEE Trans Aerosp Electron. Syst. 2001;37(4):
1221-1235.

Huang CY, Stengel RF. Restructurable control using proportional-in-
tegral-implicit model following. J. Guid. Control Dyn. 1990;13:303—
309.

Jiang B, Chowdhury FN. Fault estimation and accommodation for
linear MIMO discrete-time systems. IEEE Trans Contr Syst Technol.
2006;13(3):493-499.

Blanke M, Staroswiecki M, Wu NE. Concepts and methods in fault-
tolerant control. In: Proc. American Control Conference. Arlington,
VA; 2001;2606-2620.

Patton JR. Fault-tolerant control: The 1997 situation. In: Proc. IFAC
Symposium. Fault detection, supervision safety for process, Hull,
U.K. 1997;1033-1055.

Boskovic DJ, Yu HS, Mehra KR. A stable scheme for automatic
control reconfiguration in the presence of actuator failures. In:
Proc. American Control Conference, Philadelphia, PA. 1998;2455—
2459.

Wu NE. Coverage in fault-tolerant control. Automatica. 2004;40:
537-548.

Zhang Y, Wang F, Yu G. Fault Accommodation of a class of non-
linear systems using a learning approach. ACT A Automat Sini.
2004;30(5):757-762.

. Mhaskar P, Gani A, El-Farra NH, McFall C, Christofides PD, Davis

JF. Integrated fault-detection and fault-tolerant control of process
systems. AIChE J. 2006;52:2129-2148.

Dawson DM, Qu Z, Carroll JC. On the state observation and output
feedback problems for nonlinear uncertain dynamical systems. Syst
Contr Lett. 1992;18:217-222.

Yan X, Spurgeon S, Edwards C. Decentralized sliding mode for
nonminimum phose interconnected systems based on a reduced-order
compensator. Automatica. 2006;42:1821-1828.

Kosmatopoulos E, Polycarpou M, Christodoulou M, loannou P.
High-order neural network structures for identification of dynamical
systems. [EEE Trans Neural Networks. 1995;6:422—431.

Vemuri AT, Polycarpou MM. Neural-network-based robust fault di-
agnosis in robotic system. IEEE Trans automat Contr. 49:1259—
1274, 2004.

Wang Y, Zhou D, Gao F. Robust fault-tolerant control of a class of
non-inimum phase nonlinear processes. J Proc Contr. 2007;17:523—
537.

Manuscript received Mar. 21, 2007, revision received Aug. 30, 2007, and final
revision received May 5, 2008.

DOI 10.1002/aic

Published on behalf of the AIChE

September 2008 Vol. 54, No. 9 AIChE Journal



