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Abstract— One of the key issues in the design of fault
detection and diagnosis (FDD) schemes for hydraulic systems
is the effect of model uncertainties such as severe parametric
uncertainties and unmodeled dynamics on their performance.
This paper presents the application of a nonlinear model based
adaptive robust observer (ARO) to the fault detection and
diagnosis of some common faults that occur in hydraulic
systems. The ARO presented in this paper is designed by
explicitly taking into account the nonlinear system dynamics.
Some robust filter structures are designed to attenuate the
effect of model uncertainties and controlled on-line parameter
adaptation helps in reducing the extent of model uncertainty
and in increasing the sensitivity of the fault detection scheme
to help in the detection of incipient failure. The state and
parameter estimates are continuously monitored to detect any
off-nominal system behavior even in the presence of model
uncertainty. Typical faults in hydraulic cylinders like sensor
failure, fluid contamination, and lack of sufficient supply
pressure are considered in this paper. Simulation results on
the swing-arm of a three degree of freedom hydraulic robot
are presented to demonstrate the effectiveness of the proposed
scheme.

I. INTRODUCTION

Hydraulic systems are widely used in industrial appli-

cations because of their size-to-power ratio and the ability

to apply large forces and torques with fast response times.

Some of the application areas of hydraulic systems include

electro-hydraulic positioning systems [1], [2], active suspen-

sion control [3], [4], material testing [5], industrial hydraulic

systems [6] and hydraulic braking systems [7]. These

applications place a lot of importance on the reliability,

safety and economical detection of faults in the hydraulic

system being monitored. The complexity of the hydraulic

systems and the tough working conditions under which

these systems operate make the detection and diagnosis of

faults in such systems very difficult. Condition monitoring

of hydraulic systems is therefore very useful in the early

detection of component failure which would lead to better

operational safety and economy.

Hydraulic systems have a number of characteristics that

complicate the design of fault detection systems. These

include the highly nonlinear dynamics of the hydraulic

systems such as dead-band and hysteresis existing in the

control valves, nonlinear pressure/flow relations and vari-

ation in fluid volumes due to the movement of the ac-

tuator [8]. Hydraulic systems also have a large extent of
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model uncertainties which can be classified into parametric

uncertainties and uncertain nonlinearities. The parametric

uncertainties include the large changes in load seen by the

system and the variation in the hydraulic parameters due to

changes in temperature, pressure and component wear [9].

Other general nonlinearities such as external disturbances,

leakage, and friction cannot be modeled exactly and the

nonlinear functions that describe them are not known. In

order to make reliable, their robustness to these model

uncertainties needs to be increased. A conflicting design

requirement is the ability of the FDD scheme to detect

incipient failure which requires an increase in the sensitivity

of the FDD scheme.

A number of methods have been proposed in the literature

to help in the reliable and early detection of faults in hy-

draulic systems. These include methods based on hardware

redundancy [10], methods which utilize linearized models

[11], robust observer based methods using nonlinear system

models [12], [13], [14]. But, the high degree of parametric

uncertainty present in hydraulic systems leads to the design

of FDD schemes which are less sensitive making it difficult

to detect incipient failure. In order to account for the pres-

ence of parametric uncertainties, Extended Kalman Filters

(EKF) [15] and adaptive observers [16] which estimate

both the sates and parameters of the system have found

application in fault detection for hydraulic systems.

In this paper, a nonlinear model based fault detection

scheme is proposed to accurately detect some faults that

commonly occur in hydraulic systems. The fault detection

method is based on a nonlinear adaptive robust observer

(ARO) [18], [19]. The ARO utilizes robust filter structures

to attenuate the effect of unmodeled dynamics and combines

it with on-line parameter adaptation to reduce the extent of

the model uncertainty. The parameters of the system are

updated only when certain persistence-of-excitation condi-

tions are satisfied and these estimates are used to improve

the condition monitoring process.

The paper is organized as follows. The dynamic model of

the hydraulic system used in the design of the FDD scheme,

the problem formulation and some assumptions made in the

design process are presented in Section II, the fault detection

architecture is given in Section III, some simulation results

are presented in Section IV and conclusions are given in

Section V.

II. PROBLEM FORMULATION AND DYNAMIC MODEL

A. System Model

The schematic of a typical inertial load driven by a

hydraulic cylinder is shown in Figure 1. The system can

be thought of as a single-rod hydraulic cylinder driving an
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Fig. 1. A One DOF Electro-Hydraulic System

inertial load at the end. The dynamics of the inertial load

can be described as

mẍL=P1A1−P2A2−bẋL−Ff c(ẋL)+ f̃ (t,xL, ẋL) (1)

where xL and m represent the displacement and the mass

of the load respectively. P1 and P2 are the pressures of

the two cylinder chambers respectively, A1 and A2 are the

ram areas of the two cylinder chambers respectively, b
represents the combined coefficient of the modeled damping

and viscous friction forces on the load and the cylinder

rod, Ff c represents the modeled Coulomb friction force and

f̃ (t,xL, ẋL) represents the lumped modeling error including

the external disturbances and unmodeled friction forces.

The cylinder dynamics can be written as [8]:

Ṗ1=
βe

v1(xL)
(−A1ẋL+Q1−Q̃il−Q̃el1) (2)

Ṗ2=
βe

v2(xL)
(A2ẋL−Q2+Q̃il−Q̃el2) (3)

where v1(xL)=vh1+A1xL and v2(xL)=vh2−A2xL are the total

volumes of the forward and return chamber respectively,

vh1 and vh2 are the forward and return chamber volumes

when xL=0, βe is the effective bulk modulus. Q1 and Q2
are defined as the modeled flows in and out of the head-

end and rod-end of the cylinder and are related to the spool

valve displacement of the servo-valve, xv, by [8]:

Q1=kq1xv
√
|∆P1|, ∆P1=

{
Ps−P1for xv≥0

P1−Prfor xv<0
(4)

Q2=kq2xv
√
|∆P2|, ∆P2=

{
P2−Prfor xv≥0

Ps−P2for xv<0
(5)

where kq1 and kq2 are the flow gain coefficients for the

forward and the return loop respectively, Ps is the supply

pressure of the pump and Pr is the reference pressure in

the return tank. Q̃il is the internal fluid leakage across the

piston seals of the cylinder. Q̃el1 and Q̃el2 are the external

flow losses from the head end and rod end of the cylinder.

The leakage flows can be written as:

Q̃il=cil(P1−P2)
Q̃el1=cel1(P1−Pr)
Q̃el2=cel2(P2−Pr)

where cil , cel1, and cel2 are the corresponding leakage

coefficients.

Define a set of state variables as

x=[x1,x2,x3,x4]T =[xL, ẋL,P1,P2]T . The entire system

of dynamic equations (1)-(5) will lead to the state space

model of the electro-hydraulic cylinder unit with the input

voltage u to the spool as the input:

ẋ1=x2

ẋ2=
1

m
(x3A1−x4A2)+d, d=

1

m
( f̃ (t,x1,x2)−bx2−Ff c(x2))

ẋ3=
βe

v1(x1)
(−A1x2+g2(x3,sign(u))u)−Q̃il−Q̃el1 (6)

ẋ4=
βe

v2(x1)
(A2x2−g3(x4,sign(u))u)+Q̃il−Q̃el2

B. Nominal Model and Issues to be Addressed in the Design
of the FDD Scheme

The system is subjected to parametric uncertainties due

to the variations of m, βe, b, cil , cel1, cel2, and Ff c. In this

paper, for simplicity, only the major parametric uncertainties

due to m, the bulk modulus βe, and dn, the nominal value

of the lumped modeling error d in equation (6), and the

leakage coefficients cil are considered.

Let l1 = A1
v1(x1) , l2 = A2

v2(x1) , r1(x3,sign(u)) = g2(x3,sign(u))
v1(x1) ,

r2(x4,sign(u)) = g3(x4,sign(u))
v2(x1) , Ā = A2

A1
and define the un-

known parameter set θ = [θ1,θ2,θ3,θ4,θ5]T as θ1 = A1
m ,

θ2 = dn, θ3 = βe, θ4 = cil , θ5 = cel1, and θ6 = cel2 the system

dynamics can be simplified to the following form:

ẋ1=x2

ẋ2=θ1(x3−x4Ā)+θ2+∆1(t,x1,x2) (7)

ẋ3=θ3(−l1x2+r1(x3,sign(u))u)−θ4(x3−x4)−θ5(x3−Pr)
ẋ4=θ3(l2x2−r2(x3,sign(u))u)−θ4(x3−x4)−θ6(x4−Pr)

where,

∆(t,x1,x2)=d̃=d(t,x1,x2)−dn (8)

The major difficulties in the design of a fault detection

system for the system described in equation (7) are:

1. The system dynamics described as equation (7) are

highly nonlinear due to the inherent nonlinearities

such as the nonlinear flow gains represented by

r1(x3,sign(x5)) and r2(x4,sign(x5)).
2. The system has severe parametric uncertainties repre-

sented by the unknown vector θ . The system is also

subject to model uncertainties because of unmodeled

dynamics and uncertain nonlinearities.

Given the measurements of various signals like the dis-
placement of the cylinder, the velocity of the cylinder, the
pressures on the head end and the rod end of the cylinder,
the objective is to detect the failure of various components
as early as possible in spite of the presence of various
parametric uncertainties and uncertain nonlinearities.
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C. Assumptions

The following assumptions are made in the design of the

FDD scheme:

Assumption 1: The unknown but constant parameters θi
lie in a known bounded region Ωθi :

θi∈Ωθi={θi:θimin<θi<θimax} (9)

Assumption 2: The uncertain nonlinearities ∆i, i=1 are

bounded, i.e.,

∆i∈Ω∆i={∆i:|∆i(x,u, t)|≤δi} (10)

where δi are some constants.

Remark 1: In fault diagnosis literature the modeling un-

certainty is often assumed to be structured and this allows

the use of transformations to decouple faults from the

unknown inputs. In this paper the modeling uncertainty is

assumed to be unstructured but has been bounded by a

suitable constant. This bound helps is the derivation of a

suitable threshold for distinguishing between the effect of

a fault and the effect of model uncertainty. It should be

noted that a more general assumption would be to assume

|∆i(x,u, t)|≤δi(x,u, t). By allowing for δi to be a function

of x, u, and t, the above formulation enables us to have

non-uniform bounds which would enhance the sensitivity

of the detection scheme.

Assumption 3: The system states and the control input to

the system remain bounded before and after the occurrence

of the fault.

Remark 2: The above assumption is made because no

fault accommodation is considered in this paper. Therefore,

the feedback controller is such that the measured signals

x(t) and u(t) remain bounded ∀t≥0.

Assumption 4: The faults in this paper are considered to

occur one at a time. The case of multiple faults occurring

at the same time is not considered in this paper.

Remark 3: If multiple faults are allowed to occur simul-

taneously, then for a diagnosis as many residual functions as

the faults that are considered are required. Also, as shown

in [21] a more robust diagnosis is possible when one fault

occurs at a time.

III. FAULT DETECTION ARCHITECTURE

The proposed FDD scheme is used not only to detect

faults in sensors but also to detect faults in the system (plant

faults) that might lead to deterioration of performance of the

hydraulic cylinder.

The overall block diagram of the FDD scheme is shown

in Fig. 2. The fault detection module consists of the residual

generation scheme which estimates the different states and

parameters of the system and the residual evaluation scheme

which evaluates the residuals and indicates the presence or

absence of faults in the system.

Under normal operating conditions, the fault detection

module is the only part of the FDD scheme in operation

estimating the states and parameters of the system. Once, a

fault is detected, the isolation/diagnosis module is activated

and a fault model is approximated.

Feedback Controller
Swing Arm of the Hydraulic

Robot Arm

Residual Generation
Scheme

Fault Decision Scheme

Fault Isolation/Diagnosis
Module

u(t) x(t)

Alarm

Activation

Identification

Fault Detection
Module

Fig. 2. Block Diagram of the Proposed FDD Scheme

A. Fault Detection Scheme Based on ARO

The schematic of the fault detection scheme is shown in

Fig. 3. It consists of three adaptive robust observers each of

which estimate the velocity x2, pressure at the head-end P1
and pressure at the rod-end P2 of the hydraulic cylinder and

a parameter estimator which monitors parameters of interest

like the coefficient of bulk modulus βe and the coefficient

of internal leakage cil .

Fig. 3. Flow of Information in the ARO based Fault Detection Scheme

To address the problems identified in the design of model-

based fault detection schemes for hydraulic systems, the

ARO [18], [19] is designed using the following strategies:

1. The nonlinear model is used in the design of the

adaptive robust observer which would reduce the effect

of model uncertainties which would occur when linear

models are employed.

2. The observer design integrates adaptive and robust
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approaches to increase the robustness to model uncer-

tainty.

3. The use of the discontinuous projection mapping with

the adaptation law makes sure that the parameter esti-

mates and hence, the state estimates remain bounded

making it attractive for closed loop implementation.

4. By updating the parameters only when some per-

sistence of excitation conditions are met, the extent

of model uncertainty can be reduced leading to an

increase in the sensitivity of the fault detection scheme.

In addition to the state estimates as described in [18],

[19], each of the observers also estimates the parameters of

the system. The use of these parameter estimates in addition

to state estimates may be used to detect and isolate multiple

faults.

1) Residual Generation in the Fault Detection Scheme:
In fault detection schemes, residual signals are used to

indicate the presence of a fault in the system. In the

proposed fault detection scheme the state estimation error

(x̃i) and the parameter estimates (θ̂ ) are used to detect any

off-nominal system behavior. Both the state estimation error

and the parameter estimates are affected by the presence of

model uncertainty and might cause a false alarm even in

the absence of a fault. Hence, to make the scheme robust to

model uncertainty the residual based on the state estimates

is defined as:

rx̃i(t)=
{

0 if |x̃i(t)|≤x̃0
i , i = 1,2,3

x̃i otherwise
(11)

where x̃0
i is a suitable threshold on the state estimation error

that is caused due to the presence of model uncertainty. A

fault is detected when the x̃i≥x̃0
i making the scheme robust

to model uncertainty. Similarly, the residual based on the

parameters is defined as:

rθ (t)=

⎧⎨
⎩

0 if θ̂min≤θ̂≤θ̂max

|θ̂max−θ̂ | if θ̂>θ̂max

|θ̂min−θ̂ | if θ̂<θ̂min

(12)

where θ̂min and θ̂max are the bounds on the parameter

estimates computed as specified in the next section.

2) Residual Evaluation for Fault Detection: The pres-

ence of model uncertainties leads to errors in the para-

meter estimates. In the proposed fault detection scheme,

the parameters are only updated when certain persistence

of excitation conditions are satisfied. This enables us to

compute bounds on the parameter estimation error because

of the presence of unmodeled dynamics. Based on the work

in [23], [24]:

If θ̂LS is the least-squares estimate of the unknown

parameter vector, then

sup
θ |θ̂LS−θ |2≤ Nδ 2

λmin(ΣN
i=1φiφ T

i )
(13)

where, N is the total number of samples used for the

estimation, φi is the regressor used and λmin is the minimum

eigen value. The right hand side of the above inequality (13)

provides the bounds for the parameter estimation error. This

helps in detection of faults like internal leakage and fluid

contamination since they depend on parameter estimates.

In the absence of a fault, the residual from the state

estimation scheme is such that rx̃(t)=0. Since, it has been

assumed that the model uncertainty is bounded uniformly

by a constant δ , the threshold is given by:

x̃0(t)=
δ
ki

+ f (|θ̃ |max) (14)

where ki is the observer gain used in each of the ob-

servers designed to reconstruct the states ẋL, p1 and p2
and f (|θ̃ |max) represents error in state estimation due to

the presence of parametric uncertainty.

Using the definitions of the residuals in (11) and (12), the

robustness of the detection scheme, i.e., the ability to avoid

any false alarms in the presence of modeling uncertainty, is

guaranteed. Since each of the observers in the fault detection

scheme are designed to estimate each of the measured

signals, any failure in the sensors used will be reflected in

the residual rx̃i(t). In addition to a sensor failure, a fault like

an increase in the internal leakage in the cylinder occurs,

then the residual rθ (t) is used to help in the isolation of the

cause of the failure.

IV. RESULTS

In order to demonstrate the effectiveness of the ARO

based fault detection scheme to the detection of faults like

contamination and fluid leakage, simulation results on the

model of the swing-arm of an electro-hydraulic robot arm

are presented. Since, simulating faults like contaminants

is difficult in experimental setups, simulations studies are

presented in order to validate the scheme. Even though

model parameters like the effective bulk modulus or the

leakage coefficients cannot be measured directly, they can

be estimated and tracked using available measurements.

Since during simulations, the actual failure is known, sim-

ulation based studies help in the validation of proposed

FDI scheme. In addition, the simulation studies also help

in showing the applicability of the proposed scheme to

a feedback controlled system. The simulation studies are

carried out on the swing-arm of a three-degree of freedom

hydraulic robot arm which simulates the behavior of a

hydraulic excavator. The physical description of the system

being studied is given in [19].

A. Sensor Failure

The tough working conditions under which the sensors

used in the hydraulic system operate increases their rate of

failure. In particular, the rate of failure for velocity sensors

is high. To help in the early detection of velocity sensor

failure, simulation studies in which a ramp like failure of the

sensor is studied. The fault begins at 20 seconds with a slope

of 1× 10−7ms−1. The estimation error profile is given in

Fig. 4, as can be seen from the figure, if model uncertainty

from parameter estimates is ignored, the threshold would be

487



set too high to detect the fault in the sensor early enough.

Since, the threshold in this paper is chosen so as to account

for parametric uncertainty, the fault is detected after around

40 seconds while it would take a lot longer to detect the

fault without parameter updating.
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Fig. 4. Detection of Sensor Failure

B. Detection of Fluid Contaminants

Change in the hydraulic compliance: As shown in [10],

any contamination in the hydraulic system would lead to a

change in the bulk modulus of the system which ultimately

effects the natural frequency of the system which could

effect the closed-loop performance of the system. In [10],

various methods of wear debris monitoring and particle

counting are presented for detection of the changes in

hydraulic compliance. Hydraulic fluid is often times char-

acterized by the stiffness of the ”oil spring” which refers

to the fluid compressibility, combined with the mechanical

properties of the entire hydraulic system. This can be easily

interpreted in terms of the effective bulk modulus (βe)

of the fluid. The word effective indicates that this value

reflects not only the compressibility of the fluid but also

expansion of the hydraulic cylinder, hoses etc. Since, the

properties of the mechanical components of the hydraulic

system and the type of the fluid stay virtually similar, the

effective bulk modulus value serves as a good indicator of

fluid contaminants. For instance, the bulk modulus of air

is very small compared with that of the hydraulic fluid,

therefore, with even small amounts of entrapped air, there

is a significant reduction of the effective bulk modulus.

Similarly, since the bulk modulus of water is higher than

that of the fluid, water contamination results in an increase

in the value of the effective bulk modulus. Hence, in order

to detect the presence of contaminants early enough to

warrant preventive maintenance, the value of the effective

bulk modulus is updated when the regressor signal is rich

enough to detect the presence of contaminants. Hence, the

effect of the contaminants is reflected in (rθ (t)) related to

the estimate of βe. In Fig. 5, the estimate of the effective

bulk modulus is presented. In this simulation study, particle

contaminants are slowly added to the hydraulic fluid leading

to a slow ramp-like increase in the value of the bulk

modulus. As can be seen from the simulation studies, as

the amount of contaminants increases, this will also change

the value of the bulk modulus as can be seen in Fig. 5.
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C. Lack of Sufficient Supply Pressure

In order to detect the lack of sufficient supply pressure,

the states like the velocity of the cylinder (ẋL) and the

pressure at the head-end and rod-end of the cylinder (p1,p2)

are reconstructed and the state estimation error is used as

the residual signal.

In order to demonstrate the effectiveness of the state

estimation scheme to incipient failure, the supply pressure

is ramped down from normal operating supply pressure to

98% of the normal supply pressure. This represents a loss

of 2% of the required supply pressure and the profile of the

ramping down of the supply pressure is shown in Fig. 6.
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Fig. 6. Supply Pressure Failure Profile

The state estimation error of the three states is shown in

Fig. 7. In the experiment, the supply pressure was ramped
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down after 10 seconds. As can be seen, the state estimation

of both the velocity and the rod-end pressure increases and

the fault is detected at the rod-end. The state estimation

error of the head-end error does not cross the threshold and

cause an alarm. But, the lack of sufficient supply pressure

is detected early enough help in maintenance.
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V. CONCLUSIONS

In this paper a fault detection scheme has been presented

which is based on the Adaptive robust observer (ARO). The

effect of different faults on the system response is used to

isolate the cause of a particular fault. Simulation results

have been presented to demonstrate the effectiveness of

the proposed algorithm in the detection and isolation of

some common faults which occur in hydraulic systems. The

results demonstrate that the use of parameter adaptation

helps in reduction of model uncertainty leading to an

increase in fault sensitivity without losing robustness.

REFERENCES

[1] P. M. FitzSimons and J. J. Palazzolo, ”Part i: Modeling of a one-
degree-of-freedom active hydraulic mount; Part ii: Control of a
one-degree-of-freedom active hydraulic mount.” ASME Journal of
Dynamics Systems, vol 118(4), 1996, pp. 439-448.

[2] C. W. Silva and P. D. Lawrence, ”Tracking Control of an electro-
hydraulic manipulator in the presence of friction”, IEEE Transactions
on Control Systems Technology, vol 6(3), 1998, pp. 401-411.

[3] A. Alleyne, ”Nonlinear Force Control of an Electro-Hydraulic Actu-
ator”, in Proceedings of Japan/USA Symposium on Flexible Automa-
tion, Boston, MA, 1996, pp 193-200.

[4] A. Alleyne and J. K. Hedrick, ”Nonlinear Adaptive Control of Active
Suspension”, IEEE Transactions on Control Systems Technology, vol
3(1), 1995, pp. 94-101.

[5] S. R. Lee and K. Srinivasan, ”Self Tuning Control Application to
Closed Loop Servohydraulic Material Testing”, ASME Journal of
Dynamics Systems, Measurement and Control, vol 112, 1990, pp.
680-689.

[6] B. Yao, J. Zhang, D. Koehler, and J. Litherland, ”High Performance
Swing Velocity Tracking Control of Hydraulic Excavators”, in Pro-
ceedings of the American Cntrol Conference, Philadelphia, PA, 1998,
pp. 818-822.

[7] R. Isermann, ”Process Fault Detection Based on Modeling and
Estimation Methods - A Survey”, Automatica, vol. 20, 1984, pp.
397-404.

[8] H. E. Merritt, Hydraulic Control Systems, Wiley, NY; 1967.
[9] J. Watton, Fluid Power Systems, Prentice Hall, 1989.

[10] J. Watton, Condition Monitoring and Fault Diagnosis in Fluid Power
Systems, Ellis Horwood, 1992.

[11] D. Yu, ”Fault Diagnosis for a Hydraulic Drive System Using a
Parameter Estimation Method”, Control Engineering Practice, vol.
5(9), 1997, pp. 1283-1291.

[12] G. J. Preston, D. N. Sheilds and, S. Daley, ”Application of a Robust
Nonlinear Fault Detection Observer to a Hydraulic Process”, in
Proceedings of UKACC Intnl. Conf. Control, U.K, 1996, pp. 1484-
1489.

[13] H. Hammouri, P. Kabore, S. Othman and, J. Biston, ”Failure Diag-
nosis and Nonlinear Observer - Application to a Hydraulic Process”,
Journal of the Franklin Institute, vol. 339, 2002, pp. 455-478.

[14] P. M. Frank, ”Online Fault Detection in Uncertain Nonlinear Systems
Using Diagnostic Observers : A Survey”, Int. Jounal of System
Science, vol. 25(12), 1994, pp. 2129-2154.

[15] L. An and N. Sepehri, ”Hydraulic Actuator Circuit Fault Detection
Using Extended Kalman Filters”, in Proceedings of the American
Control Conference, Denver, CO, 2003, pp. 4261-4266.

[16] Rajesh Rajamani and J.Karl Hedrick, ”Adaptive Observers for Active
Automotive Suspensions: Theory and Experiments”, IEEE Transac-
tions on Control Systems Technology, vol 3(1), 1995, pp. 86-93.

[17] Young Man Cho and Rajesh Rajamani, ”A Systematic Approach to
Adaptive Observer Synthesis for Nonlinear Systems”, IEEE Trans.
on Automatic Control, vol 42(4), 1997, pp. 534-537.

[18] P. Garimella and B. Yao, ”Nonlinear Adaptive Robust Observer
Design for a Class of Nonlinear Systems”, in Proceedings of the
American Control Conference, Denver, Co, 2003, pp. 4391-4396.

[19] P. Garimella and B. Yao, ”Nonlinear Adaptive Robust Observer for
Velocity Estimation of Hydraulic Cylinders Using Pressure Measure-
ment Only”, in Proceedings of the IMECE’02, New Orleans, LO,
2002, pp. 1-10.

[20] R. Patton, P. M. Frank and, R. Clark, Fault Diagnosis in Dynamic
Systems - Theory and Applications, Hemel Hempstead, 1989.

[21] P. M. Frank, ”Fault Diagnosis in Dynamic Systems Using Analytical
and Knowledge Based Redundancy - A Survey and Some New
Results”, Automatica, vol. 26, 1990, pp. 459-474.

[22] E. A. Garcia and P. M. Frank, ”Deterministic Nonlinear Observer-
Based Approaches to Fault Diagnostics : A Survey”, Control Eng.
Practice, vol. 5(5), 1997, pp. 663-670.

[23] E. W. Bai, K. M. Nagpal and, R. Tempo, ”Bounded-Error Parameter
Estimation : Noise MOdels and Recursive Algorithms”, Automatica,
vol. 32(7), 1996, pp. 985-999.

[24] E. W. Bai, ”A Cramer-Rao like Error Bound in Deterministic
Parameter Estimation”, IEEE Transactions on Automatic Control,
41(11), 1996, pp. 1682-1683.

[25] X. Zhang, T. Parisini and, M. M. Polycarpou, ”Adaptive Fault Toler-
ant Control of Nonlinear Uncertain Systems : An Information-Based
Diagnostic Approach”, IEEE Transactions on Automatic Control, 49,
2004, pp. 1259-1273.

489


	MAIN MENU
	Go to Previous Document
	CD-ROM Help
	Search CD-ROM
	Search Results
	Print


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveEPSInfo false
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /ArialNarrow-Italic
    /Courier
    /Courier-Bold
    /Courier-BoldOblique
    /Courier-Oblique
    /Helvetica
    /Helvetica-Bold
    /Helvetica-BoldOblique
    /Helvetica-Oblique
    /Times-Bold
    /Times-BoldItalic
    /Times-BoldOblique
    /Times-Oblique
    /Times-Roman
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 2.00333
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 2.00333
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00167
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /Description <<
    /JPN <FEFF3053306e8a2d5b9a306f300130d330b830cd30b9658766f8306e8868793a304a3088307353705237306b90693057305f00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e30593002>
    /DEU <>
    /FRA <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /ENU <FEFF005500730065002000740068006500730065002000730065007400740069006e0067007300200074006f0020006300720065006100740065002000500044004600200064006f00630075006d0065006e007400730020007300750069007400610062006c006500200066006f007200200049004500450045002000580070006c006f00720065002e0020004300720065006100740065006400200031003500200044006500630065006d00620065007200200032003000300033002e>
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


