
Adaptive Actuator/Component Fault
Compensation for Nonlinear Systems

Yingwei Zhang
Key Laboratory of Integrated Automation of Process Industry, Ministry of Education, Northeastern University, Shenyang,

Liaoning 110004, P. R. China, and Dept. of Chemical Engineering, University of Texas at Austin, TX 78712

S. Joe Qin
The Mork Family Dept. of Chemical Engineering and Materials Science, Ming Hsieh Dept. of Electrical Engineering,
Daniel J. Epstein Dept. of Industrial and Systems Engineering, University of Southern California, 925 Bloom Walk,
HED 210, Los Angeles, CA 90089, and Dept. of Chemical Engineering, University of Texas at Austin, TX 78712

DOI 10.1002/aic.11546
Published online July 29, 2008 in Wiley InterScience (www.interscience.wiley.com).

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
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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.1–10

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.11–20 For

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.21 Differ-
ent methods for dealing with the reconfiguration problem
have been reported. Most of them adopt the following meth-
ods: neural networks,33 output feedback,34 fuzzy logic sys-
tems,7 adaptive control,22,23 eigenstructure assignment,24

Markov model,32 multiple-model tracking,25,26 and compen-
sation via additive input design.27–29 In particular, an excel-
lent overview of the fault accommodation has been discussed
in Patton (1997).30 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.31 and a nonlinear fault accommodation controller has
been designed by making use of redundancy.9

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 ¼ aðxÞ þ DnðxÞ þ bðxÞuþ bðt� TÞf ðxÞ
y ¼ cðxÞ ð1Þ

where x [ Rn, u [ Rm are the state and input vector of the
systems, respectively, Dn(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 b(t 2 T)

bðt� TÞ ¼ diag ðb1ðt� TÞ; b2ðt� TÞ; . . . ; bnðt� TÞÞ

where

biðt� TÞ ¼
0 if t < T

1 if t � T

�
i ¼ 1; 2; . . . ; n

and T is the fault occurrence time. The normal (‘‘healthy’’)
systems, in the absence of any fault, is described by

_x ¼ aðxÞ þ DnðxÞ þ bðxÞu
y ¼ cðxÞ ð2Þ

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.8

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

_̂x ¼ �Kðx̂� xÞ þ aðxÞ þ bðxÞuþ f̂ ðx; #̂Þ (3)

where x̂ 2 Rn is the estimated state vector, and f̂ ðx; #̂Þ repre-
sents an online approximation model with f̂ ðx; #̂0Þ ¼ 0.
K ¼ diagð k1;k2;. . . ;kn Þ with 2ki \ 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 ¼ x� x̂,
we have the following relation after the fault occurs

_e ¼ Keþ DnðxÞ þ f ðxÞ � f̂ ðx; #̂Þ

Note that
(1) f̂ ðx; #̂Þ is to approximate f(x) when it occurs.
(2) Before fault f(x) occurs, f(x) 50, f̂ is set to zero.

Hence e(t) is bounded because L is stable and Dn(x) is
bounded. This bound, denoted as e0(t), is the normal bound
for fault detection.

(3) When e(t) exceeds its normal bound, adaption of f̂ is
activated with the following learning scheme:1

_̂
# ¼ PfCZTD½e�g; #̂ð0Þ ¼ #̂0 (4)

where G 5 GT is the positive-definite learning rate matrix,
and Z ¼ @ f̂ ðx; #̂Þ=@#̂. The dead zone operator

D½�� ¼ 0; if maxi eij j � e0
i ðtÞ

� �
< 0

e otherwise

�
;

where assuming DniðxÞj j � niðxÞ, the normal bound

e0
i ðtÞ ¼

Z t

0

e�kiðt�sÞniðxðsÞÞds; i ¼ 1; 2; . . . ; n

which can be easily implemented as the output of a linear fil-
ter, whose input is given by the bound ni(x(t)). Note that, as
long as ni is bounded, the output of the stable filter
remains bounded as well. The transfer function is 1/(s 1

ki). When ki increases, e0
i (t) decreases. For a fermentation

process, a slow process, false alarm will frequently occur
if ki is very large. Smaller alarm delay is not very impor-
tant for a slow process. So the time varying dead zone
threshold e0

i (t) needs to be sufficiently large to prevent
false alarms. We found, ki [ [25, 21] 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.1,37,38 If M#̂ is chosen to
be a hypersphere of radius M, then the aforementioned adapt-
ive law can be expressed as

_̂
# ¼ CZTD½e� � v�Cð#̂#̂T=ð#̂TC#̂ÞÞCZTD½e�; #̂ð0Þ ¼ #̂0 (5)

where v* denotes the indicator function given by

v� ¼ 0 if f #j j < M or ð #j j ¼ M and #̂CZTe � 0Þg
1 if f #j j ¼ M and #̂CZTe > 0g

�
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The presence of model error (denoted by Dn(x) in the state
equation) causes a nonzero state estimation error e(t), 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(t) is below its corresponding threshold. The fault
detection time Td is defined as follows

Td ¼ inf
[n
i¼1

ft � T : eij j > e0
i ðtÞg (6)

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

eiðtÞ
�� �� ¼ Z t

0

e�kiðt�sÞDniðxðsÞÞds

����
����

�
Z t

0

e�kiðt�sÞniðxðsÞÞds ¼ e0
i ðtÞ (7)

Therefore, the robustness of the detection scheme, i.e., the
ability to avoid any false alarm in the presence of modeling
uncertainty, is guaranteed.1

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 b(t 2 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 u 5 ua (y) and a C1 function
vðxÞ : Rn 7!Rþ, such that

k1 xj j2� vðxÞ � k2 xj j2 (8)

@vðxÞ
@x

aðxÞ þ bðxÞuaðyÞ
� �

� �k3

@vðxÞ
@x

����
����
2

� �k4vðxÞ ð9Þ

where k1, k2, k3 and k4 are positive constants. Note that ua

(y) is the nominal feedback control law without unmatched
uncertainties.

Assumption 2: For systems (1), there exist the nonsingular
function matrix Gð�Þ 2 Rn3m; gð�Þ; fð�Þ 2 R such that

@vðxÞ
@x

bðxÞ ¼ ðGðyÞyÞT (10)

@vðxÞ
@x

����
���� � gðxÞfðyÞ (11)

where v is defined in Assumption 1.

Assumption 3:

DnðxÞj j � uðxÞ/ðyÞ (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.35 and Yan et al.36

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 f(x) 5 WS(x) where W
is a n 3 L weight matrix, and S(x) is a vector with Si(x), i 5

1,2,. . .,L. Here, SiðxÞ ¼
Q

j2Ji
½sðxjÞ�ljðiÞ with Ji, i 5 1,2,. . .,L

and lj(i) 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 ðxÞ �W�SðxÞj j � e is satisfied for any
given e [ 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 ¼ aðxÞ þ DnðxÞ þ bðxÞuþW�SðxÞ þ eðxÞ (13)

where, e(x) is equal to the difference between f(x) and W*
S(x). Hence, eðxÞj j ¼ f ðxÞ �W�SðxÞ

�� �� � e is the estimation
error.

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

_x ¼ aðxÞ þ DnðxÞ þ bðxÞu� ~WSðxÞ þWSðxÞ þ eðxÞ

where ~W ¼ W �W� and it has the appropriate dimension.
We design an adaptive fault compensation controller based

on the normal control law uN. The main controller structure
is to design a compensation control law uC to be added to
the normal law uN 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 uN for the normal systems, and an additional
control uC for fault compensation, u 5 uN 1 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 ¼ uN þ uC (14)

uN ¼ uaðyÞ þ ubðyÞ (15)

where ua is given in Assumption 1, and let

ub ¼ � f2ðyÞ/2ðyÞ
2d2

ðGðyÞTÞþy (16)

uC ¼
bTðxÞWSðxÞ

k½1þ bðxÞk k2�
þ bTðxÞH

�k½1þ bðxÞk k2�
(17)

where Y [ Rn and Y 5 [y,0,. . .,0]T. Then, the state x is ulti-
mately consistently bounded by the set

D ¼ x 2 Rn : v xð Þ � l1

q1a
;
q3

q2

� q1 � 1

� �
(18)
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with the following adaptive weight update law

_W ¼ �bW þ 2q1

@v

@x
STðxÞ (19)

_h ¼ �c1hþ q1

@v

@x
(20)

where

d �
g�1ðxÞ
�� �� u�1ðxÞ

�� ��
k3

@V1ðxÞ
@x

��� ���� 	�1
:

The parameters of k; k; q1; q2, q3, a and l1 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 uN 5 ua 1 ub and a Lyapunov function
V1(x) for the ‘‘healthy’’ systems described by
_x ¼ aðxÞ þ DnðxÞ þ bðxÞu, 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 Eqs. of 14 and 15 into systems
(1), we have

_x ¼ aðxÞ þ DnðxÞ þ bðxÞðua þ ubÞ (21)

Defining a positive function

V1ðxÞ ¼ vðxÞ (22)

we have

_V1ðxÞ ¼
@V1

@x
ðaðxÞ þ bðxÞuaÞ þ @V1

@x
ðDnðxÞ þ bðxÞubÞ (23)

From Assumption 1, we have

@V1ðxÞ
@x

aðxÞ þ bðxÞuaðyÞ
� �

� �k3

@V1ðxÞ
@x

����
����
2

(24)

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

@V1ðxÞ
@x

ðDnðxÞ þ bðxÞubÞ

¼ @V1ðxÞ
@x

DnðxÞ þ ðGðyÞyÞTub

¼ @V1ðxÞ
@x

DnðxÞ � ðGðyÞyÞT f2ðyÞ/2ðyÞ
2d2

ðGðyÞTÞþy

� gðxÞuðxÞfðyÞ/ðyÞ � f2ðyÞ/2ðyÞ
2d2

yj j2

� d2

2
g2ðxÞu2ðxÞ þ 1

2d2
f2ðyÞ/2ðyÞ � 1

2d2
f2ðyÞ/2ðyÞ

¼ d2

2
g2ðxÞu2ðxÞ ð25Þ

since

d �
g�1ðxÞ
�� �� u�1ðxÞ

�� ��
k3

@V1ðxÞ
@x

��� ���� 	�1

and (25), we have

@V1ðxÞ
@x

ðDnðxÞ þ bðxÞubÞ � 1

2
k3

@V1ðxÞ
@x

����
����
2

(26)

Thus, we obtain

_V1ðxÞ � �
1

2
k3

@V1ðxÞ
@x

����
����
2

(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

V2

�
x; ~W; ~h

�
¼ q1V1 xð Þ þ 1

2
tr ~WT ~W
� �

þ 1

2
~h2 (28)

with ~h ¼ h� e, then the derivative of V2 is

_V2 ¼ q1

@V1

@x
ðaðxÞ þ bðxÞðua þ ubÞ þ DnðxÞÞ


 �

þ q1

@V1

@x
bðxÞuC � q1

@V1

@x
~WSðxÞ

þ q1

@V1

@x
WSðxÞ þ q1

@V1

@x
e xð Þ þ tr _WT ~W

� �
þ ~h _h ð29Þ

Using Eq. 23, we obtain

_V2 ¼q1
_V1 þ q1

@V1

@x
bðxÞuC þ q1

@V1

@x
WSðxÞ

þ q1

@V1

@x
e xð Þ þ tr _WT ~W

� �
þ ~h _h ð30Þ

Since tr WT ~W
� �

¼ 1
2

Wk k2þ 1
2

~W
�� ��2� 1

2
W�k k2

, by substi-

tuting uC(k,k1) into (30), from Assumption 1, as
bðxÞk k2

1þ bðxÞk k2 � 1,

let k3 5 q2 1 q3 1 q4, Choosing k � q1sffiffiffiffiffiffiffi
2q3b
p

�sq1

, �k �
q1ffiffiffiffiffiffiffiffiffiffiffiffi

2q1q3c1

p
�q1

, b > s2q2
1

2q3
, c1 >

q1

2q3
Eq. 30 is transformed into

_V2 �� q1q2

@V1

@x

����
����
2

�q1q3

@V1

@x

����
����
2

�q1q4

@V1

@x

����
����
2

þ q1V1

@V1

@x

����
���� Wk k 1þ 1

k


 �
þ q1

@V1

@x

����
����h 1þ 1

�k


 �

� c1

2
~h2 � c1

2
h2 þ c1

2
e2 � b

2
tr ~WT ~W
� �

þ b
2

tr ~WT ~W
� �

� b
2

Wk k2þb
2

W�
�� ��2 ð31Þ

If
q3

q2
� q1 � 1 is satisfied, then Eq. 31 can be changed into

_V2 � �q1q4

@V1

@x

����
����
2

�b
2

~W
�� ��2þb

2
W�
�� ��2

� c1

2
~h2 þ e2 ð32Þ

AIChE Journal September 2008 Vol. 54, No. 9 Published on behalf of the AIChE DOI 10.1002/aic 2407



By using Eqs. 9, 32 can be transformed into the following
form

_V2 � �
q1q4k4

k3

V1ðxÞ �
b
2

~W
�� ��2þ b

2
W�
�� ��2� c1

2
~h2 þ c1

2
e2

(33)

therefore

_V2 � �aV2 þ l (34)

with a ¼ min
q4k4

k3
; b; c1

n o
, l1 ¼ b

2
W�k k2þ c1

2
e2. Integrating

both sides of Eq. 34 yields

V2 tð Þ � l1

a
þ V2 0ð Þ � l1

a

h i
e�at; 8t � 0 (35)

Due to Eq. 35, it can be deduced that x, W, y are bounded
consistently. From Eq. 28, we have

q1v xð Þ � V2 (36)

Therefore

v xð Þ � l1

q1a
þ 1

q1

V2 0ð Þ � l1

a

h i
e�at; 8t � 0 (37)

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 uN is an output feedback com-
posite controller, i.e., uN 5 ua(y) 1 ub(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 uN and the overall systems
(1) by adding uC are stabilized. This guarantees that the
nominal systems is stable, with respect to Dn(x) and the
‘‘healthy’’ systems remains stable once a fault occurs.

Simulation Examples

Simple example

Consider the following systems

_x ¼
x1 þ x2

1

x2 þ x2
2

" #
þ Dnþ

x1

x2

� �
u1

u2

� �
þ bðt� TÞf ðxÞ

yi ¼ 2xi; i ¼ 1; 2

where

DnðxÞ ¼ h1x1x2ex2

2x2
2ex2 sin h2

� �
; h1 2 ð�2; 2Þ

and y2,y3 [ (21, 1) are the uncertainty parameters. Thus,
nðxÞ ¼ 2 xk k2e xk k.

We use a three-layer radial basis function network with 10
neurons in the hidden layer and two neurons in the output

layer for detecting actuator faults. The 10 centers are distrib-
uted uniformly in region [21,1]. 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 G 5 2.8I232. The size of the hypersphere for the projection
algorithm is selected as M ¼ 10 in the experiment. Set k1 5

22,k2 5 23. We perform three set of simulations. In the first
simulation, we consider a fault that occurs at t 5 4s. Similar
to reference,1,39 the class of faults is described as follows

f1ðxÞ ¼

0 t � 4s
1 4s < t � 4:5s
1:5 4:5s < t � 5s
1 5s < t � 5:5s
0 5:5s < t � 6s

8>>>><
>>>>:

f2ðxÞ ¼
0 t � 4s
�ð0:2þ 0:4ðsinð2px3=5Þ þ cosð2px3=3ÞÞÞ t > 4s

�

We take vðxÞ ¼ 0:5xTx ¼ 0:5 xj j2, ua ¼ ð ua
1 ua

2 Þ
T

with

ua
1 ¼ �2� y1;

ua
2 ¼ �2� y2

and

ub ¼ yj j3e2 yj jðyTÞþy

0:02

When f1 is introduced at t 5 4s, as shown in Figure 1, we
have

uC ¼
bTðxÞWSðxÞ

0:006
þ

bTðxÞ h
0

� �
0:006

the weight adaptive law

_W ¼ 3k0xTSTðxÞ
_h ¼� 0:0037hþ k0 xj j

and the set D ¼
�

x 2 Rn : v xð Þ � 1:8
k0
; 0:6 � k0 � 1

�
. We

choose k0 5 0.7, the faults are introduced at T 5 4s, the
control results are shown in Figure 3.

Figure 1. Fault (f1) and estimation (Dashed: actual.
Solid: estimated).
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When f2 is introduced at t 5 4s, as shown in Figure 2, we
have

uF ¼ bTðxÞWSðxÞ
0:005

þ
bTðxÞ h

0

� �
0:005

the weight adaptive law

_W ¼ 2k0xTSTðxÞ
_h ¼� 0:0039hþ k0 xj j

and the set D ¼ x 2 Rn : v xð Þ � 2:6
k0
; 0:8 � k0 � 1

n o
. We

choose k0 5 0.9, the faults are introduced at T 5 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 T 5 2s. The two states have the sig-
nificant changes when the faults are introduced at T 5 4s, as

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 Ct, described by the follows

dX

dt
¼ lX � DX (38)

dS

dt
¼ �DS� l

X

ys
(39)

dCt

dt
¼ qX1=3 � DCt (40)

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

D ¼ F

V
; ys ¼

yal
Mya þ l

and the nonlinear inhibited specific growth rate is

l ¼ lm
S

KsþSþS3=Ki

h i
Kt

KtþC2
t

h i
.

Figure 3. Control responses of the states without any
fault (the outer figure) and control responses
of the states with fault compensation for
fault f1 (the inner figure).

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

Figure 2. Fault (f2) and estimation (Dashed: actual.
Solid: estimated).

Figure 4. Control responses of the states without any
fault (the outer figure) and control responses
of the states with fault compensation for
fault f2 (the inner figure).

[Color figure can be viewed in the online issue, which is
available at www.interscience.wiley.com.]
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The parameters of y, q, lm, Ks, Ki, Kt, M are given in
Table 1 for the process.

Defining the state as x 5 [X S Ct]
T, and the input u 5 F/V,

Eq. 38–40 become

dX
dt
dS
dt

dCt

dt

2
64

3
75 ¼

lX

�ðM þ l=yaÞX
qX1=3

2
64

3
75þ

�X

�S

�Ct

2
64

3
75u

yi ¼ xi

and

aðxÞ ¼
0:5x1

�1:4x1

0:6x
1=3
1

2
4

3
5; bðxÞ ¼

�x1

�x2

�x3

2
4

3
5

where x 5 col(x1, x2, x3) 5 [X S Ct]
T.

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 [21,1]. 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 G 5 2.5I333. The size of the hypersphere for the
projection algorithm is selected as M = 10 in the experiment.
Set k1 5 21, k2 5 23,k3 5 25 since ki [ [25, 21] is
available for the fermentation process. We perform three set
of simulations. In the first simulation, we consider a fault
witch occur at t 5 0.5s.

The modeling uncertainty is assumed to arise out of a 5%
inaccuracy in the value of l. It is also assumed that the
uncertainty in l is at most 10%,1 i.e.

Dn ¼
0:05lx1

0:12lx1

0

2
4

3
5

The bounding function is clearly bounded in any compact
region of the state space.

We take vðxÞ ¼ 0:5xTx ¼ 0:5 xj j2, ua ¼ ð ua
1 ua

2 ua
3Þ

T
with

ua ¼
�2:57� y1

�0:86� y1

�0:34� 1:25y
2=3
1

2
4

3
5

and

ub ¼ y2
1ðyTÞþy

0:05

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

f3ðxÞ ¼
0 t � 1s
0:4 sin x3 t > 1s

�

f4ðxÞ ¼
0 t � 0:5s
�0:4bðxÞu1 t > 0:5s

�

When f3 is introduced at t 5 1s, we have

uF ¼ bTðxÞWSðxÞ
0:002

þ
bTðxÞ h

0

� �
0:002

the weight adaptive law

_W ¼ 1:29k0xTSTðxÞ
_h ¼ �0:057hþ k0 xj j

and the set D ¼ x 2 Rn : v xð Þ � 0:83
k0
; 0:52 � k0 � 1:14

n o
.

We choose k0 5 0.8, the faults are introduced at T 5 1s, the
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

Table 1. Fermentation Model Parameters

Volume V 200[l]
Constant ya 0.417
Constant M 0.0196
Toxin production constant q 0.0296[l/h(g/l)2/3

Maximum specific growth rate lm 0.0135[l/h]
Monod constant Ks 0.05[g/l]
Substrate inhibition constant Ki 2150[l2/g2]
Toxin inhibition constant Kt 5.5[g2/l2]

Figure 5. Control response of state x1(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.]

Figure 6. Control response of state x2(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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the faults at T 5 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 f4 in the fermentation process, when
the loss of actuator effectiveness is 40%, and is introduced at
t 5 0.5s, we have

uF ¼ bTðxÞWSðxÞ
0:002

þ
bTðxÞ h

0

� �
0:002

the weight adaptive law

_W ¼ 1:5k0xTSTðxÞ
_h ¼ �0:097hþ k0 xj j

The manipulated inputs behave with and without fault
compensation are shown in Figure 9. The set D ¼

x 2 Rn : v xð Þ � 0:53
k0
; 0:62 � k0 � 1:27

n o
. We choose k0 5

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 T 5 1.5s. The
three states have the significant changes when the faults are
introduced at T 5 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.
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