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Abstract— This paper deals with the problem of Fault Assuming an exact knowledge of the plant dynamics, the
Diagnosis (FD) for a class of nonlinear systemsin the presence  residuals should become nonzero when a fault occurs.
of actuator failures. The scheme is based on a discretetime It should be pointed out, however, that perfect knowledge
diagnostic observer which computes an estimate of the sys . o
tem’s state. To cope with the uncertainties and discretization of th? mOdel_'S rgrely a reasqnable assu_mpnon', moreover,
errors, a discretetime adaptive law is developed, based on a  the discrete time implementation of the diagnostic observer
parametric model of the uncertain terms. A stability proof may introduce additional errors. On the other hand, the
is developed to prove the global exponential stability of the  robustness of the observer can be improved only at the
system in the absence of faults. The effectiveness of the  oypanse of a reduced sensitivity to failures; hence, suitable
proposed approach is experimentally tested on a case study . ; . .
developed for an industrial mechanical manipulator. trade-off soluthns must be devised in the design of the FD
system for a given plant.
I. INTRODUCTION . In this paper, a discrete-time Qiagnostic observer is de-
signed, where a term compensating for unmodeled dynam-
The control system of a plant is often required nofics, disturbances and noise is included. An adaptive strategy
only to ensure stability and desired performance duringor computing the compensation term is designed by using
normal operating conditions, but also to guarantee a suitabige Lyapunov method. Then, the residuals are computed on
behavior at the occurrence of faults in the controlled planthe basis of the observer outputs.
e.g. an actuator or a sensor failure. The early diagnosis A stability analysis is carried out to prove that, in the
of such failures could prevent the propagation of the faultase of perfect parametrization of the unmodeled dynamics,
effects to the critical components of the plant and permit aghe system is globally exponentially stable, provided that
appropriate response of the control system. Therefore it i suitable persistence of excitation condition is satisfied.
crucial to develop a Fault Diagnosis (FD) system capable this property ensures that the residuals remains ultimately
promptly detect the occurrence of failures (fault detection)uniformly bounded during normal operating conditions,
recognize the location (fault isolation) and estimate the timg|so in the presence of bounded uncompensated distur-
evolution (fault identification) of the detected failures.  bances(e.qg., errors due to the discrete-time implementation
The research on FD systems has produced several casf-the observer).
tributions, especially for the case of linear systems [3], [7], The proposed FD scheme is experimentally tested on
[9]. Onthe other hand, fault detection methods for nonlineas six-degree-of-freedom industrial manipulator. The results
systems can be roughly regrouped in three main classagemonstrate the effectiveness of the approach to achieve
observer-based approaches, techniques based on mofiglit diagnosis for industrial gear-driven robots, for which
parameters estimation and algorithms based on learninige effects like backlash and friction are usually not negli-
methodologies [4], [11], [12], [13], [14], [15]. Recently, soft gible and difficult to model.
computing methods, integrating quantitative and qualitative
modelling information, have been developed to improve the Il. MODELING
performance of FD schemes for uncertain systems (see, e.g.Consider a nonlinear dynamical system characterized by
[10] and references therein). the following discrete-time state-space model
Usually, the observer-based _methods require a model 2(k+1) = Az(k) + h(z(k)) + B(a(k)uk)+
of the system to be operated in parallel to the process ()
(i.e., the so called diagnostic observer). Then, a set of n(k, z(k), u(k))
variables sensitive to the occurrence of a failure (residualsyhere « is the @ x 1) state vectoru is the (n x 1)
are computed as the difference between the measured outpettor of inputs. The termy collects all disturbances and
variables and those predicted via the diagnostic observemcertainties.
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The above model may represent the discrete-time equiv- I1l. OBSERVERBASED FAULT DIAGNOSIS
alent of a continuous model obtained, e.g., obtained via the Assuming the whole state measurable, the proposed di-

well;‘knO}Nn Euflefr rlnethod [5]-d - - 1Eagnostic observer has the following structure

The class of failures considered in this work is that of N ~

actuator faults. This class of failures can be represented as (kT 1) = AZ(k) + hﬁw(k)) +B(x(k))u(k)+ @)
an unknown additive disturbance on theminal inputs to Koe(k) +n(k, z(k),u(k), 0(k))

the systemu. Hence, an actuator fault occurring at théh  wheree = « — z is the state estimation erraj, represents
time step results in a faulty input given by an estimate of the uncertaintigs 6 is an estimate of and

the matrix gainK ,, is chosen such that' = A — K, has

u(k) = u(k) + ou(k), 2) all its eigenvalues in the unit circle.
fault. seen as a diagnostic observer, i.e., a model which should
Therefore, the nominal dynamics (1) in the presence digProduce the real behavior of the plant during its normal
faults becomes operations. Therefore, the primary goal of the observer is

not the state estimation from input/output measurements,

z(k+1) = Az(k) + h(z(k)) + B(z(k))u(k)+ (3) butthe accurate reconstruction of the plant dynamics in real

n(k,z(k), u(k),0) + f(k, z(k)), time, even in the presence of disturbances and modelling
here the fault vectoyf is given by: errors.
where the fault vecto is given by Therefore, in view of (3) and (7), the state estimation
Ffk,z(k)) = B(x(k)) du(k). (4) error dynamics is given by
The uncertain termy(k, z(k), w(k)) is assumed to depend ek +1) = ?&(kaz(z)?(k’w(k)’ﬁ(k)’e’e(k))Jr (8)

upon the nominal input and on the % 1) constant param-
eters vecto. If 7 is linear in the parameters vector, it canwhere

be expressed as follows ik, (k). (k). 0,8) = (k.2 (k). u(k). 0) -
n(k,@ (k). a(k),0) = Rk a(k), a(k) 6, (©) Ak, (k) a(k),0) ()

usually unknown (or partially known). Hereafter, for notation compactness, the explicit depen-
On the other hand, i) is not linear in the parameters dence of the functions upar(k) andu(k) will be omitted.
and/or its structure is not exactly known, a good approxi- 1he residuals vector can be chosen as:
mation can be obtained by resorting to the so-called on line r(k+1) = e(k+ 1) — Fe(k), (10)
interpolators [4], [11], [12], [13], [14], [15] (e.g., neural _ _
networks, splines). By choosing a linear-in-the-parametetghich can be rewritten as
:Sterpolator structure, the uncertain term can be expressed r(k+1) = ﬁ(k,eﬁ) + f(k). (11)
n(k,z(k),u(k),0) = Q(k, z(k), u(k)) 6+ (6) 'tcan be recognized that the residuals vector is affected by
ek, z(k), u(k)), the fault vector and the estimation error of the uncertain
term, i.e. n. Hence, if an accurate estimation eof is
achieved, the fault signature on the residual (i.e., its effect
on the residuals) becomes more evident.

where e represents the interpolation error. The following
assumptions are made:

Assumption 1: The norm of the matriX2(k, z(k), a(k))
is uniformly bounded by a constaft > 0, i.e.: IV. ADAPTIVE UNCERTAINTIES ESTIMATION

192k, z(k), a(k))|| < Q. If a parametric model of the uncertainties is available, an
= adaptive estimation algorithm of the unknown parameters
can be set up. It is worth remarking that such a paradigm has
been keenly exploited for adaptive fault identification (see,
e.g., the work in [4], [11]-[15]). However, in this work the

same concept is exploited in order to adaptively compensate

Notice that Assumptlon 1 ca'n be satisfied for a W'd%r the uncertainties, so as to obtain small values of the
class of functions2, by assuming that the the statgk) residuals in the absence of faults

and the inputu(k) of the system remains bounded even In this case, the uncertain term can be indirectly evaluated

in the presence of failures. Moreover, Assumption 2 I%hroughthe estimation @&. Namely, an adaptive update law

often satisfied provided that a suitable interpolator structur]%r the parameters estima&/) can be chosen as
is chosen (see, e.g., [6] and [8] for the approximation P R )

properties of neural networks). O(k +1)=0(k) + Q" (k)To(k) (e(k + 1)— Fe(k)). (12)
2464

Assumption 2. The norm of the interpolation error
e(k,z(k),u(k)) is uniformly bounded by a constaht > 0,
ie.

l[e(k, z(k), u(k))|| < E.



The gain matrixI'y (k) is chosen as follows: for a given symmetric and positive mati@ .. SinceF' has
1 all its eigenvalues inside the unit circle, the solutiéh
To(k)=2 (Q(k)QT(k) + Qg) , (13) exists and is symmetric and positive definite.
) . o ) . By taking into account (19)(20), the first differencelof
where Qa is a po§|t|ve defmllt.e symrngtnc matrix; h_ence,AV(k) =V(k+1) - V(k), is given by:
T'y(k) is symmetric and positive definite for all. Notice

that, by virtue of Assumption 1I'4(k) can be lower %;/(k) = —e(k)" Q.e(k)— B
bounded as 0" (k)(poI, —poH" (k)H (k) — QT (k) P.Q(F))0(k)+
2 2e(k)TFT P2 (k)6(k).

. . By exploiting the expression of matrifél in (17) and
whereQy is the largest eigenvalue @p,. equ)alltionp(13) %t can bepargued that (17)

The uncertainties estimation error (9), in view of (6) can

be written as AV (k) = —e(k)" Q. e(k)—

~T ~

71k, 0(k)) = QK)B(K) + (k) @ (k)ﬂT(k)(pal“eTEk)QaFe(k) — P.)Q(k)0(k)+ (23)
2e(k)TFT P .Q(k)0(k).

Moreover, from (15), written in the case = 0, the
ollowing equality holds:

where6(k) = 6 — 5(k) is the parameters estimation error.
By taking into account (8), (12) and (15), the state]c

estimation error dynamics can be written as
~ AV (k) = —e(k)" Q.e(k)—

{f(k FU el RO )+l 7 () oTo (R)QTo (k) — P(kY (29
O(k+1)=H(k)0(k)—Q" (k)To(k) (f(k)+e(k)) 116) 2e(k)TF P.ii(k),
where the matrixH is given by where the dependence @f upon the argumenﬁ(k) has

been skipped for notation compactness.
FunctionAV (k) can be upper bounded as

and I, denotes they(x p) identity matrix. AV (k) < —qelle®)|]® = (perv3ae — P.)|a(k)|> +
Therefore, the residuals vector becomes 21 P.l|e (k)| |7 (R

r(k+1) = Qk)O(k) + f(k) + e(k). (18) wheregy is the smallest eigenvalue 6f,, g. is the smallest
V. STABILITY ANALYSIS eigenvalue ofR ., P, is the largest eigenvalue &, andF’

.. is the norm of the matri¥'. HenceAV (k) < 0, provided
In order to analyze the convergence of the state estlmathﬂatpe satisfy the inequality

error, it is worth considering the estimation error dynamics

H(k) = I, - Q" ()To(H)QUk), (7

. _ - : P.q. + F?P?
in the absence of faultsf(= 0) and of interpolation errors po > q : ' (25)
(e=0) ]
_ r: Notice that AV (k) is negative definite in the variables
k+1) = Fe(k) + (k)0 (k 19
elk+1) = Fe(k) + Q(k)6(k) @ e, 7k butis only semi-definite in the variabls(k) =
0(k+1) = H(k)O(k). (20) [eT(k) @ (k)]*, sinceQ(k) is not guaranteed to be full
Let rank. Hence the equilibriure., = 0, 8., = 0 of the

e system (19),(20) is globally uniformly stable. Sintdk)
z= {5] ’ in a decreasing and non-negative function, it converges to
a constant valu&,, > 0, ask — oo; hence, AV (k) — 0.
the ((n +p) x 1) state vector of the system (19),(20). Therys implies that bothe(k) and 8(k) remain bounded for
following theorem can be proven: all k, ande(k) — 0, (k) — 0. A

Theorem 1. Under Assumption 1, the equilibriume, = The following theorem proves the exponential conver-

[6% 0.7 = 0 of the system (19),(20) is globally gence of both state and parameters estimation errors, when
uniformly stable. Moreover, the estimation ereg(ik) con- 5 gjitaple persistency of excitation property holds.
verges asymptotically t6. o Theorem 2: If Assumption 1 holds and the following
_ Proof 15 Consider the positive definite Lyapunov func- .,nqition persistency of excitation) is satisfied for allk
tion candidate: and for some integeN > 0
V(k) = e(k)" Pee(k) + po (K)O(K),  (21) N1

. » _ _ AL, > Y QT)Q) > M, A>X>0, (26)
wherepy is a positive constant anfP. is the solution to oy

the Lyapunov equation ~
yap d the equilibrium 2., = r ] = 0 of the sys-

leZ, 6.
pP.—-F'P.F=qQ, tem (19),(20) is globally uniformly exponentially stable.
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Proof 2: Consider the equation (20) and the positive VI. FAULT DETECTION, ISOLATION AND
definite Lyapunov function candidate IDENTIFICATION

Once the residuals vecte(k) is computed at each step,
a fault is declared if each component ofk) exceeds a
suitably selected threshojd, i.e.,

V(k) = 0(k)T0(k). (27)

By taking into account (20),(13), (17), the first difference

of V, AV (k) = V(k +1) — V(k), is given by: Iri(k)| > pi i=1,...,n. (31)
AV (k) = ET(k)CT(k)C(k)E(k) (28) Thea priori selection of each threshold should be based on
’ the expressions of the residuals vector (18). Namely, proper
where setting of the thresholds requires an accurate knowledge

of the uncertainties influence on the residuals. However,
this approach often leads to extremely conservative results.
As shown in [1], the persistency of excitation condition (26)tThr:ae:2fs(')(;e'alznth?g]s?:gﬁjasl 'ing{g?;:r me?(; b; .%uézl;fgnt:t.sﬁt
implies that there exists a constank « < 1 such that Iau ! v (ori inati

with) the approach based on tlepriori knowledge of

C(k) = Q)T (k)Q(k). (29)

k+N—1 the uncertainties. Namely, a nhumber of experiments in the
Z AV (1) < —aV (k). (30) absence of faults may be performed and the corresponding
1=k residuals recorded; then, the thresholds can be set on the

basis of the maximum absolute values of each component
of the residuals vector. Of course, the experimental trials
should be chosen following the worst-case criterium for

the residuals, i.e., the uncertainties influence should be the

It is worth noticing that the above inequality may be
satisfied even for a constaat > 1; however, in this case
the inequality still holds for any positivee < 1, since

—a’V < —aV. maximum possible.
Since On the other hand, a complete fault diagnosis scheme
kE+N—-1 should ensure not only the early and reliable detection of
Z AV(l)=V(k+ N)—-V(k), the failures, but also the isolation of the fault, i.e., the
1=k localization of the failure. The expressions of the residuals

vector (18) clearly show that the signatures of the faults
reflect the structure of the fault vectgt. Hence, different
faults correspond to distinct fault signatures on the residu-
als: this implies that a reliable fault isolation can be ensured.
The problem of fault identification (i.e., the determination
of the fault time evolution as accurately as possible) is a
difficult task, since only the combined effect of uncertainties
and faults can be estimated and not the two contributions
V(k) < V(ko+LN) < (1 —a)V(ko+ (L —1)N) separately. In other words, the uncertainties and the faults
<(1-a)2V(ko+ (L—2)N) affect the estimation error dynamics in the same way, thus
making impossible a clear distinction between faults and
uncertainties influence. Therefore, the best estimate of the
fault vector can be obtained only by takiffg= 7. In detail:

inequality (30) implies that
Vk+N)<(1-a)V(k), Yk=>ko.
For anyk > ko, let L > 0 the minimum integer value

such thatk < ko + (L + 1)N. Then, taking into account
that AV (k) < 0, the previous inequality yields

L
< (1= a) Viko) « before a fault is declared (i.e., all the components of
<t (1 — a)E=k)/N (k). r(k) are below the chosen thresholdg)k, z(k)) is
T l-a set to the null vector;
Therefore « after the detection of a fault (i.e., some components

of r(k) exceed the corresponding thresholds), the

1 B ~ corresponding components of the fault vector are set
1-a) (1 — o) =R 2N B (ko) | equal to those ofj(k, z(k), u(k)).

Then, after the detection an estimate of the falilt can
which proves the global uniform exponential convergencee determined from? if the relation f = B du is left-
of 6(k). SinceQ(k) is bounded, by virtue of (19) the global invertible.
uniform exponential convergence efk) follows. A

From exponential stability of the equilibrium of the

unperturbed system (19),(20) it can be inferred ultimate In this section an experimental case study is devel-
uniform boundedness of the solution of the error dynamiceped to test the effectiveness of the proposed approach.
in the presence of bounded interpolation errors. A conventional industrial-degrees-of-freedom mechanical
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manipulator is chosen as test bed. The set-up is based ¢ x10° w LElN ©

the industrial manipulator Comau SMART-3 S. The manip- | 2
ulator has a six-revolute-joint anthropomorphic geometry 3 of-wani L
with nonnull shoulder and elbow offsets and non-spherical -2
wrist. The joints are actuated by brushless motors via s 1 2 3 4 o 1 3 4

gear trains; shaft absolute resolvers provide motor positior x10°

measurements. The robot is controlled by the C3G 900( ° 1|
control unit. It is worth remarking that the SMART-3 S is a OWWMMWWWMM DMW“WWWW

[rad/s]

conventional industrial robot and not a research prototype - \ -

hence, all the typical drawbacks of industrial manipulators 0 1 2 3 4 2 1 P 3 .
(e.g., joint friction, stiction and backlash due to the gear @ 002 @

trains, disturbances on the torque delivered by the actuator:_ oo 00y

unmodeled elasticity of the joint shafts) are present. Variouss UWWWWWM UH”WWW'\MNU‘WWW

operational modes are available in the control unit, allowing " V 004
the PC to interact with the original controller both at [ e e e e N S T
trajectory generation level and at joint control level. To o ¥

implement model-based control schemes, the operational , , , o
mode 4 is used in which the PC is in charge of computiné'g' 1. Residuals for the emulated actuator fault with adaptive estimation

. . f uncertainties.
the control algorithm and passing the references to the

current servos through the communication link. 15t estmate obi(7) (1g¢  estimate obt@)
Details on the model and the motion control scheme are : 1

omitted for brevity and can be found in [2]. z, .
A fifth-order polynomial trajectory is imposed at each =

joint of the manipulator with null initial and final velocities -1 -1

and accelerations. The total (programmed) duration of the — ° " cimaposw gt esimawosiao .

motion is4 s. The commanded trajectory has been then exe ™ 1

cuted. In order to safely emulate the presence of sensor an_ 5;’ .

actuator faults, an additive signal has been superimpose= 750W

to the measured experimental data off-line. Namely, the 4

sequencdu (k) and has been simply added to the measurec ~ ° Destmanopran . ot estmawosiaz) -

fault-free sequence(k). In detail, two actuator faults have 40 1

been considered affecting the driving torques generated b! _ Zz .

the actuators of the joints 3 (occurring at timg,,;; = 1 s) z |

and 5 (occurring at time ¢4, = 3 S), with the following -40 4

time profile: 0 A 4 0 R 4
Sus(k) = 60 (1 — e~ (FT=1)/0.002y 1 > 1
dus (k) =40 (1 — e*(kT*3)/0~08) kT > 3. Fig. 2. Estimate of the fault time evolution with adaptive estimation of
- uncertainties.

The first fault has to be considered as a an abrupt fault,
while the second can be seen as an incipient fault. . o

The diagnostic observer has been implemented at v_gldely adopted choice is represented by the so-called on-
sampling rate o500 Hz (I’ = 2 ms). The matrix gains IN€ approximators [4],[11]-{15], e.g., RBF neural networks

have been chosen as and polynomials. However, in the case of industrial robots,
the uncertainties model is usually known (e.g., friction
K, = {Kl TI"} ,Ki=K;=0.11I, at low velocities, periodic torque disturbances), but the

0. K corresponding parameters are not knaavpriori. For the

robot used in the experiments an accurate dynamic model
is available except for the periodic torque disturbances.
In order to perform a proper fault detection, suitablyHence, a realistic model of the uncertainties is given by
defined thresholds on the residuals has been selectdd=1,...,6):
Thresholds setting has been achieved by measuring the .
. . . . . n = 97;,
residuals obtained in a set of fault-free trajectories under B .
. - " . - Nite = O7; + O7i41 sin(O7i1221,; + O7i43) (32)
various operating conditions. The obtained numerical values 7y (k) Brssa sin(Brir 51 + Orirs)
of the thresholds can be found in [2]. ARV TitbELE T VA6
As for the choice of the parametric model of the uncer- Figures 1 and 2 show the obtained results in the presence
tainties, it is possible to resort to various approaches. Af the emulated actuator fault. Namely, it can be seen
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that a good trade-off between robustness to uncertaintis] X. zhang, M.M. Polycarpou, T. Parisini, “A Robust Detection and

(i.e., low residuals) and sensitivity to faults is achieved by
adopting the proposed adaptive estimation technique; this
result is due to the accurate choice of the uncertainties
model. Once a fault is detected, it can be reliably isolated,
since the sole residuals corresponding to the faulty actuators
become larger than the corresponding thresholds. Also, a
fairly accurate fault identification is achieved (see Figure 2).

VIII. CONCLUSION

In this paper an adaptive discrete-time fault diagnosis

approach for a class of nonlinear systems has been analyzed.

The approach combines the use of a diagnostic observer
with an adaptive uncertainties estimation technique, which

makes use of a parametric model of the uncertainties.

Convergence analysis of the resulting adaptive estimation
scheme has been carried out by using Lyapunov techniques
in discrete-time. Finally, the proposed approach has been
experimentally tested on a six-degree-of-freedom industrial

robot.

ACKNOWLEDGMENTS

This work was supported in part by the MIUR and in
part by ASI.

REFERENCES

[1] K.J. Astrom and B. Wittenmark,Adaptive control (2nd Edition),
Addison-Wesley, 1995.

[2] F. Caccavale, L. Villani, “Fault Diagnosis for Industrial Robots,” in
Fault Diagnosis and Fault Tolerance for Mechatronic Systems: Recent
Advances, F. Caccavale and L. Villani (Eds.). Springer-Verlag, London,
2002.

[3] J. Chen, R.J. PattofRobust Model Based Fault Diagnosis for Dynamic
Systemns, Kluwer Academic Publishers, Boston, MA, 1999.

[4] M.A. Demetriou, M.M. Polycarpou, “Incipient Fault Diagnosis of
Dynamical Systems Using Online ApproximatordEE Transactions
on Automatic Control, Vol. 43, pp. 1612-1617, 1998.

[5] G. de Vahl Davis,Numerical Methods in Engineering and Science,
Allen & Unwin, London, UK, 1986.

[6] K. Funahashi, “On the approximate realization of continuous map-
pings by neural networks,Neural Networks, Vol. 2, pp. 183-192,
1989.

[7] J. Gertler, Fault Detection and Diagnosis in Engineering Systems,
Marcel Dekker Inc., New York, NY, 1998.

[8] S. Haykin, Neural Networks: A Comprehensive Foundation, Prentice
Hall, Upper Saddle River, NJ, 1998.

[9] R.J. Patton, P.M. Frank, R.N. Clarkssues in Fault Diagnosis for
Dynamic Systems, Springer-Verlag, London, UK, 2000.

[10] R.J. Patton, F.J. Uppal, C.J. Lopez-Toribio, “Soft Computing Ap-
proaches to Fault Diagnosis for Dynamic Systems: A Survey,’
Preprints of the 4th IFAC Symposium on Fault Detection Supervision
and Safety for Technical Processes, Budapest, H, 298-311, 2001.

[11] M.M. Polycarpou, A.J. Helmicki, “Automated Fault Detection and
Accomodation: A Learning Systems ApproachZEE Transactions
on Systems, Man, and Cybernetics, Vol. 25, pp. 1447-1458, 1995.

[12] A.B. Trunov, M.M. Polycarpou, “Automated Fault Diagnosis in
Nonlinear Multivariable Systems Using a Learning Methodology,”
IEEE Transactions on Neural Networks, Vol. 11, pp. 91-101, 2000.

[13] A. Vemuri, M.M. Polycarpou, “Robust Nonlinear Fault Diagnosis
in Input-Output Systems/)nternational Journal of Control, Vol. 68,
pp. 343-360, 1996.

[14] A.T. Vemuri, “Sensor Bias Fault Diagnosis in a Class of Nonlinear
Systems,"|[EEE Transactions on Automatic Control, Vol. 46, pp. 949—
954, 2001.

Isolation Scheme for Abrupt and Incipient Faults in Nonlinear Sys-
tems,”| EEE Transactions on Automatic Control, Vol. 47, pp. 576-593,

2468



	MAIN MENU
	Front Matter
	Technical Program
	Author Index

	Search CD-ROM
	Search Results
	Print
	View Full Page
	Zoom In
	Zoom Out
	Go To Previous Document
	CD-ROM Help

	Header: Proceeding of the 2004 American Control Conference
Boston, Massachusetts June 30 - July 2, 2004
	Footer: 0-7803-8335-4/04/$17.00 ©2004 AACC
	Session: ThA15.4
	Page0: 2463
	Page1: 2464
	Page2: 2465
	Page3: 2466
	Page4: 2467
	Page5: 2468


