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Distributed embedded health assessment of networked instruments
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Abstract: This article presents an applicative architecture based on a solving method for embedded

technical health assessment of complex systems. This architecture is defined in order to provide services
enabling the evaluation of the health status of complex systems. Diagnostic and prognostic services
provide information to the maintenance decision support system that leads to reduce the periods of
unavailability and determine if future missions of complex systems can be carried out. The architecture

presented in this paper implements distributed diagnostic and prognostic functions using multi-agent

techniques. An example shows the effectiveness of the applicative architecture.

Keywords Distributed diagnosis and prognosis, health status, multi-agent system, complex systems,
embedded systems, solving method, system architecture, health assessment

1. INTRODUCTION Alternatively, a decentralized/distributed diagnosis can be
proposed to reduce the number of useless removals of LRUs.
New regulations in terms of environment, goods and peogfer applications to system of systems, monitoring and
protection, and needs of new services have consequencesliagnostic functions can be implemented closer to the LRUs
the complexity of systems that produce goods or services. tf@nks to agents that carry out them. In the case of a
face this increasing complexity, multiple functionalities oflistributed approach, a collaborative mechanism between
the resources are embedded and deployed into networksd@ignostic agents have to enable the convergence of the local
functions achieved by Line Replaceable Units (LRU). Idiagnoses towards a set of accused LRUs which should
transportation systems, faulty LRUs are replaced when tfieally correspond to the true faulty ones.

vehicle is at its base and repaired in the maintenance. ) L i
workshops, while the repaired system carries on with i_@ms article presents an applicative architecture for

mission. The increasing number of functionalities of thémPlementing a distributed diagnostic function. In section 2,
embedded systems contributes to raise the possession thejproblem statement is defined. In section 3, the difficulties

acquisition costs leading the resources customers to optimPdMPlementing this diagnostic function in such systems due
their availability rate (Hitt, 1997). to the various kinds of the subsystems and to the necessary

knowledge and models for its achievement is discussed. In
The Condition-Based Maintenance (CBM) recommendatiosection 4, an embedded diagnosis function is proposed. In
usually contribute to improve the equipment availabilitgection 5, an applicative architecture and its cooperation
(Jardineet al, 2006 ; Scarf, 2007). Indeed, the CBM dependgrotocol is presented. Its objective is to carry out the
on the effectiveness of the system state provided Ikgentification of a set of faulty LRUs from LRUs declared
monitoring and diagnostic functions. They are carried out faulty by the local diagnoses.

particular from on line data generally processed by an

embedded centralized diagnosis function. However, in the 2. PROBLEM STATEMENT

case of system of systems also called complex system, the . , . ,
identification of the faulty components is difficult using'n€ technical diagnosis of complex transportation systems

centralized architectures. After the mission, the maintenanlEPvides to the maintenance operators a list of LRUs that
operators must collect information by interactions with théhould be replaced. Online diagnosis enables the maintenance
embedded diagnostic system, in order to isolate possilerators to prepare the intervention sooner. This reduces the
faulty LRUs, and to apply troubleshooting procedureguration and the costs of maintenance actions. The main task
(Vilareal & Cicek, 2004). The drawbacks of suchof a diagnostic function is to define a set of faulty
architectures are related to the numerous pieces @imPonents and the severity of the fault. Diagnosing such
information to process, which might be wrong. Th&YStems is difficult because of their numerous kinds of
automated diagnostic processes combine these errors and fE8gtions integrating ~ different technologies. Thus, the

to useless removals of LRUs. Those removals are costly dfiplemented diagnostic techniques must be adapted to those
increase the risk of damaging the system. technologies and require knowledge about the system. During

its use, various faults may impact the resource. Those faults
degrade its operating modes.



The diagnosis classifies the failure and determines the connections between themSD introduce predicate

operating mode (nominal, degraded, exception...) of the CONNECT(X,Y}hat means that X is connected toS:

system to the various types of faults occurring in the system. CONNECT(LRY,, LRU,,9 with g and s respectively

A FMEA (Failure Modes, Effects and Analysis) can address one of the LRUs implementirfg; andFp, .;

this problem by the construction of causal trees. » the Behavioral ModelsBM) that are used in order to
identify the relevant indicators that are used to generate

Monitoring and diagnosis functions associated to the LRUs Symptoms for the various faults that may affect the LRUSs.
are implemented different waylsdeed when the know-how This _task consists of the monitoring Ia_yer. It enables to
of a supplier is highly involved in monitoring and diagnostic C/assify the faults of the LRUs from their symptoms. The

tasks design of the LRU, the supplier may propose to host LRYU supplier should achieve this part of the design

them in the LRU or to provide the software that set them into P€cause it involves models of the LRU that are part of its
operation in order to be hosted by third part platforms. Know-how. For diagnostic purpos&M provides the
Nevertheless those tasks shall communicate thanks to digital "élationships between the symptoms, the LRUs and their
buses. In the case of aircrafts, the Centralized Maintenance faults.

System (CMS), provide a list of likely faulty LRUs for the

maintenance operator. This list is established according Fipally, SK=FDU SDU BM
information from the built-in test equipments that collect

information from the LRUs and generate tests if needed. The
CMS correlates data to provide a “pre-diagnosis” of the
LRUs. The flight warning system provides to the cockpit

crew information on aircraft failed functions (RamohalliThe OSA-CBM project (Mathew et al., 2006) defines a
1992 ; Byingtoret al, 2003). Health Assessment (HA) layer whose primary function
determines the health status of a monitored system,
Complex systems can be considered as sets of systems §ugbystem, equipment or component in terms of fault, failure,
depend more or less on each other. A system implements @Rgilability. The health assessment module should take into
or several functions. For safety purposes, functions can f€count diagnoses, trends in the health history, operational
redundant as well as the LRUs that implement them. Thatg&tus and |Oading, and the maintenance history_ The HA
why several models are necessary to classify the differagyer provides the Health Status (HS) of a monitored entity.

4. EMBEDDED HEALTH ASSESSMENT

operating modes of the LRUs and their health status. This leads to Prognostics and Health Management (PHM)
that is defined in (Vachtsevanos et al., 2006) as the phase
3. SYSTEM OF SYSTEMS MODELING involved with predicting future behavior, including the

Generally, the system is analyzed from different models fRemaining Useful Lifetime (RUL), in terms of current

order to obtain a satisfying representation for diagnos%oerating state and the scheduling of required maintenance

purpose. This analysis enables to collect knowledge on fgtions. According to Mathuet al. (2001), diagnosis and

complex systems. Most of them are used to design diagnosqr(s)gnos's are processes of assessment of a system’s health.

functions which generally less involve the know-how of thg)iagnosis is an assessment about the current (and past). hgalth
LRU supplier than the monitoring functions that often requirf @ System based on observed symptoms, and prognosis is an

behavioral models. Those models can be functional (Ab@SSessment of the future health.
Hannaet al, 1991), structural and behavioral (Chittaro &

Ranor!, 2003 ; Keuneke, 1991)'_ They enable_tq mode! he different results given by diagnostic and prognostic
behavior of components, of functions and of their interactioR§nctions must be considered as a decision support to operate

according to normal or degraded modes.A Complex Systefgnqnriately the system. In the proposed approach, the HA is

(C9 can be defined by a finite set misystemy;;. CS = {_Zl* introduced as a combination of the results of the diagnostic
Y2, 2mt- A system); can be defined as a setrofunction 4 prognostic functions.

Fij. i = {Fi1, Fi2...Fn}. A functionF;; can be defined as a

set ofk LRUs implementing this functiorf; = {LRU;;,

...LRU;}. If a LRU contribute to the implementation of The diagnostic function consists of several activities: to

more than one function, a decision has to be taken whesndition, to detect and to identify failures and their causes.

defining the system. A LRU should be part of one and onlgelevant and significant indicators are generated by the

one function. After defining the hierarchical decompositiofunction “to condition” and are based on measurements of the

of the system, a system has to be modeled to design gigtem. These indicators can be statistics, signals values,

diagnostic function. The necessary knowledge to diagnogarameters, state observers, residuals, errors.... The function

the complex system is collected in the S&tmade of three “to detect symptoms” uses these indicators to generate

types of knowledge: values, called “detected symptoms”, which are provided

» the Functional DescriptionFD) which is the set of when a fault occurs. The decision can be made thanks to a
functions ensured by every systeRD represents links decision-making support technique. The outputs can be
between LRUs, functions and system; digital and define which fault occurred. Monitoring methods

« the Structural Description SO) is dedicated to the of LRUs depend on the subsystem supplier practices. “To
identification of the set of LRUs and of physicalidentify failures” is done by two sub-functions: “To identify



failed function(s)” and “To identify faulty component(s)”.]]; of RUL of each LRU from a set of Extrapolated Data
The user (pilot, driver...) cares about the failed functions ¢ED) and a set of thresholdh. This leads to the next
the system whereas the maintenance operator cares aboutrdhaionship wher®rogis the prognostic function:

faulty components that must be replaced. The proposed

approach is consistency based diagnosis as defined in

(Hamsheeet al, 1992). (I'w, T) = Prog(SK, ED, Th)

Ideally, the diagnosis identifies a getof failed function and The functionProg can be implemented thanks to two sub-
locates their causese. a setA; of faulty LRUs from a set of functions. The functiorProgl allows, starting from a set of
symptomsS and a set of test3. This leads to the next €xtrapolated data and a set of threshold, to identify the set of

relationship wher®iag is the diagnostic function: RUL of the LRUs of a functio], = Prog}(SK, ED, Th,
where [[; = {RUL(LRUjj;y),..., RUL(LRU,,9} and the

function Prog2 enables to identify the set of RUL of the
(A1, Ap) =Diag(SK, S, T function from tests and the set of RUL of LRUg; =
Prog2SK, [T, Th where[], = { RUL(F)),..., RUL(R,)}.

. ] ) RUL(.) denotes either the RUL of a LRU or the RUL of a
The functionDiag can be implemented thanks to two subg,nction.

functions as presented in figure 4. The funciivagl allows,

starting from a set of symptoms and a set of tests, to identify

the set of faulty LRUs of the systemy = Diagl(SK, S, J, In this article, the HA of the system is ensured by a
whereA; = {AB(LRU,jq),...,AB(LRU,, g} and the function diagnostic function and a prognostic function. Data produced
Diag2 enables to locate the set of failed function from testsy these functions, list of RULs and failed components and
and the set of failed LRU&;, = Diag2(SK,A,, T) whereA, =  functions, are differently interpreted according to the current
{AB(Fij),....AB(Fp»}. AB(.) enables to denote either auser of the system.

faulty LRU or a failed function.

ConsideringHS(X) the HS ofX, the HS of a LRU can be
The prognostic function, that completes the healtdefined by:
assessment, can be implemented thanks to methods proposed
in (Roemeret al, 2007). The different techniques used are
based on the same domains from the diagnostic functic HS(LRU ; ;) = (RUL(LRU ; ;,) L= AB(LRU , ;.))
Prognosis like diagnosis can be based on models, data (RyL (LRU ) OAB(LRU , ,))
experiences. The RUL can either be determined by ol b
extrapolating indicators or from statistic values like Mea@:onsideringAlhl
Time To Failure (MTTF) or Mean Time Between Failures F
(MTBF). The RUL is the remaining operational time until theynction Fi; and " the list of the RUL of LRUs
system becomes unable to successfully complete its missjgiplementingF;; the health status df;; can be defined as:
according to the conditions of operation. This means that t.HS(F- 3= (AF,,J on F,,J)
prognostic function requires a new kind of knowledge: / ) ! o
historic of the current and future missions with their
constraints. This knowledge enables to determine the ] .
threshold beyond which the LRU cannot operate in nomindhe HS of the complex system is also defined
mode. This also corresponds to the moment when the RULs HS(SC)=(A,LC1,) .
null. The RUL of an LRU is calculated by the monitoring
layer. Let us note RUL(LRWk) the RUL of the LRy} . and
RUL(F;;) the RUL of the function . Therefore, for a given 5. APPLICATIVE ARCHITECTURE
function Fk; without redundant LRUs, RUL(f = Min
(RUL(LRUj4), ..., RUL(LRUx)). Let us considered now ) o
the case of a function fimplemented byA redundant LRUS. Distributed approaches of Information and Communication
And this function is not considered as failed if at l&asf A Technologies often provide satisfying solutions to face
LRUs are not failed. In this case, RUL{Fs equal to tha" complexity. The diagnostic function was implemented in a
maximum RUL among theA RUL of each LRUs distributed structure according to the multi-agent system
implementing F. For example, if a function, Fis ensured by concept. The agents of the structure cooperate and exchange
3 LRUs (LRU;, LRU;;, and LRU); 5) and the function is not data whatever the language used to model the information

considered as failed if at least 2 of this 3 LRUs are not failediey contain is. This implementation requires data and
Given RUL(LRU;;) = 5UT, RUL(LRU;,) = 10UT and models that have been collected and organized. In the case of

RUL(LRU;;3) = 15UT, RUL(F;) = 10 UT. the complex systems some works show the feasibility to
implement an embedded distributed diagnostic function with
or without cooperation between its elements (Biteus, 2005 ;

Ideally, the prognosis identifies the dgt of the RUL of Hecket al, 1998 ; Worret al, 1998).

each function implementing the system of systems and the set

the list of failed LRUs implementing the



The architecture presented herein is based on a distributksde the monitoring layer. Then, the DA checks the type of
implementation. Local diagnosis agents cooperate to maggmptom received. If the symptom is known, the database
the diagnosis of the system. A middleware makes it possilieturns the cause of failure of the LRU and the DA declares it
to implement the services provided by the agents. Tlas known, otherwise, the cause of failure of the LRU is
architecture consists of several LRUs gathered into sevedaclared as unknown. It also manages the list of symptoms,
functions denoted LRU layer. Each LRU is observed by @hronologically.A; andA, are updated according to the type
monitoring function. The monitoring layer represents thef the symptom and the answers of the database dealing with
monitoring functions designed by the suppliers. Tha status of the symptom (known or unknown) in the case of a
monitoring functions send their symptoms to Diagnostifailure symptom. Then, the DA searches structural
Agents (DAs). Using the cause-symptom relations, each Difependencies with the failed LRU thanks to KB. If there is at
determines the set of faulty LRUs among the LRUs th#tast one dependent LRU, “propagation symptoms” are sent
implement a function. One or more databases (KB) contdio the DAs that diagnose those LRUs which may not operate
the set SK that supports the activities of the DAs. Acorrectly and are declared “out of order”. During this stage,
Human/Machine Interface (HMI) displays the failedthe DA updated; andA, according to the chronological list
functions of the system for the production operators and tbhé symptoms. The status and the timestamp of the LRU are
LRUs to replace or fix for the maintenance operators. If thgpdated and data are recorded and displayed. Supervision of
collaboration is correct the global diagnosis of the system the DAs is ensured during “the fault propagation” function. If
terms of faulty LRUs is the union of local diagnoses. a DA did not confirm that it receives the message during the
propagation task, the diagnostic process declares the agent as

failed.
Several types of symptom are considered: a “failure

symptom” is generated by the monitoring layer, a
“propagation symptom” is generated by the function “T@&iming at prognosing the LRUs and the functions, the
propagate symptom” of a DA. A “known symptom” is amonitoring layer sends RUL of each LRU periodically to its
symptom with a cause identified by studies made at tfRrognostic Agent (PA). Each PA prognoses one function of
system design stage and stored in KB and an “unknowuime system and uses KB. Figure 2 shows the activity diagram
symptom” is the symptom for which the cause of its failure isf a PA. The reception of a RUL by a PA starts its process.
unknown in KB. The distributed diagnostic function isThe involved PA updates the new RUL of this LRU in the list
described by the activity diagram shown in figure 1. it manages and defines the new RUL of the corresponding
function by finding the minimum RUL of the RULs of the
LRUs that implement this function. Then, it sends the new
RUL of this LRU to the PAs prognosing functions carried out
R e T by LRUs depending on the LRU for which the RUL has been
N ool wremndsempompess ) received. These PAs may then update the RULs of their
prognosed functions.

Symptom S

To define the nature of To define the list L of symptom that chrononologically \
\_ the symptom received \ appeared after the current symptom received

RUL
To update the status and the updated

\_ timestamp of the LRU according to its nature / To define new RUL
of LRU
J/ LjstL
( To record >

data
v To record
To display data
data
To find structural = pr'Dvideha T_ymplom = = - -
dependencies ) rom the list L —_— To determine if propagation / To display
RUL should be sent data
Symptom
% No < i
Yes v —
l / To define the nature of —
the symptom received Yes
(" To'send propagation
ympto

symptom ] No
/" To update the status and the updated Tg find zthCt_Ufal
timestamp of the LRU according to its nature ependencies
To record To send
@ propagation RUL ®

To display /
data

Fig. 2. Activity diagram of PA.

Fig. 1. Activity diagram of DA.

Figure 3 illustrates an example of implementation of the

o . . _distributed health assessment function onto a system made of
The activities of the diagram are carried out by cooperatiofi,,tions both ensured by 3 LRUs. This structure leads to

between the DAs. The reception of a symptom by a DA stajjs, heqth assessment function to be implemented by 2 DAs

the process. The corresponding DA begins by inserting t fd 2 PAs. DAs and PAs receive data generated by the
received symptom in the chronologic list according to the



monitoring layer respectively symptoms (full arrows betweeﬂe&eive 35‘31’3’1 . so, LRU 11:is declared has failed.

monitoring and health assessment layers) and RULs (dotte 2

arrows between monitoring and health assessment layei®)en, the DA receiviS1121. As t2<t3 and because of

.DA.S communicate between them and KB (bold dotted arrovi/ﬁe structural dependencit LRU 1. is declared failed and

inside the health assessment layer) as well as PAs dCL'RU _ _

between them and KB (bold arrows inside the heall 113 is updated to an “out of order” status. Finally, the

H : tl

o1 the same natir (DA or PA) 5 processed according to (o (cCohe o ikt Because of the timestamp
: 2 <t2< i i

structural dependencies between LRUs and the descnphon&. t2<13) and the structural dependencieRUy, ; is

diagnostic and prognostic functions. declared “failed” and LRU 13, and LRU 115 are

declared as “out of order”. That is why four different values

describe the state of a LRU:

e “OK”when the LRU is not faulty,

Functiony; i Function

m : « “UF” when the LRU is faulty but the cause is unknown
- [ (Unknown Failure), . . .
V [ S S I + “KF” when the cause of its failure is known (Known
T T B Failure),
Yy Mom‘f‘om Mﬁ ; S f== « 00" when the LRU does not work in nominal mode or
Elayer A it it I iR i is failed because of the failure of another LRU (Out of
W o o i Order).
\ { /\(/ / \ \)/\ }\/ /
HoaItI‘w )/ { S N " :
o oo The state of the LRU changes and the timestamps of its
Because o (1) Because o1 {1 changes are updated. At the end of the HA process, a list of

S :  faulty LRUs with their causes, their dated changes of status
and a list of failed functions are available. The causes of
faulty LRUs are described in terms of sentences from FMEA

tudies or of faulty LRUs for “O0” LRUs. The causes of

Fig. 3. Example of implementation of the distributed healt
g b P ailed functions are described in terms of faulty LRUs.

assessment function

q For example, if LRY, ; and LR, ;failed and the cause of
We failure of LRY  ; is known to be a power failure and the

use of LRY, ; is unknown. After symptom generation, the
if)(gnosis result is given by:

Each time a DA receives a symptom, it copiggndA, an

symptom. This carries out the tracking of the evolution of th
diagnostic process and this enables the diagnostic proces
be non-monotone. If the DA receives a “propagation

symptom”, this one is used for to refine the diagnosis. Tp _ LRU,, (status: KF, cause: power failure, timestamp:

explain this activity, let us considered the an example Withz'%)09/07/05 15h26min56s) & LRU(status: UF, cause:

LRUs (LRU 115 LRU 1415 and LRYU 115 structurally  unknown,  timestamp:  2009/07/05  15h27min05s) &
dependant.SD (the only considered knowledge for thisLRU;;Astatus: OO, cause LR, failure, timestamp:

example) contains knowledge about the systen2009/07/05 15h26min57s) & LRW status: OO, cause:
CONNECT/LRU ;.. LRU ., ), LRUs; 4 , failure, timestamp: 2009/07/05 15h27min06s)

CONNECT/LRU 1., LRU ,.,5) Each LRU has its

proper monitoring periods for its symptoms. For example, &, = Function; (status: OO, cause: functign failure,
we consider one symptom per LRU, we suppose that thimestamp: 2009/07/05 15h26min58s) & Funcio(status:
KF, cause: LRUY,; failure, timestamp: 2009/07/05
15h26min57s) & Function (status: KF, cause: LRY;
send to the DA every 5 minutes, the oneLRY 112 every  fajlyre, timestamp: 2009/07/05 15h27min06s)

minute and the one (LRU 113 every second. Let us now
consider that only LRYU 1iifailed, LRYU ii2and  |n each setA; and A, the LRUs or functions that do not

LRU ,,:should be defined as “out of order’. But theoperate in a nominal mode are listed with their current states,

symptoms are not received in the order they occur becausdhf causes of their failures and the timestamps of their
the different monitoring periods. Considering symptomghanges of state.

symptom emitted from the monitoring LRU 11, can be

Sit,j,k,t of the LRU (4 that occurs at time t and

t<t. <t . $ < S <SS Considering the same example as described in figure 3 with
vz It C?n be inferred th b L2l 131 these RUL values at the beginning of the prognosis process:

A difference exists between the time the symptom occurs a%L(LRul,l,J) = 10 TU (Time Unit), RUL(LRY, ) = 90

the time the symptom is sent. Firstly, the DATU, RUL(LRUllg) = 30 TU, RUL(LRL.&]_J) = 20 TU,



RUL(LRU,:9) = 40 TU, RUL(LRY, 39 = 50 TU. After Heck, Florentin, Thomas, Léngle and Heinz, Woern (1998). A
prognosis process, the prognosis is given by: Multi-Agent Based Monitoring and Diagnosis System for
Industrial Component®roceedings of the DX '98p. 63-69.

Hitt, EF (1997). Avionics cost of ownershipderospace and
Electronic Systems Magazine, IEBFoI. 12, Issue 11, pp. 3-7.
Jardine, A., Lin, D. and Banjevic, D. (2006) A review on machinery
diagnostics and prognostics implementing condition-based
maintenanceMechanical Systems and Signal Processing, vol
[I2 = RUL(F 1) =10 TU, RUL(R4) =20 TU. 20, pp. 1483-1510.
Keuneke, A. (1991). Device representation-the significance of
functional knowledge,lEEE Intelligent Systems and Their
6. CONCLUSION Applications Vol. 6(2), pp. 22-25.
Mathew, A. D., Zhang, S., Ma, L., Earle, T. and Hargreaves, D. J.
The distributed diagnostic and prognostic functions, (2006) Reducing maintenance cost through effective prediction
presented in this paper, implement the health assessment for @nalysis and process integratioddvances in Vibration
systems of systems. The health assessment is here based on &ngineeringvol. 5(2), pp. 87-96.
monitoring layer that provides symptoms and estimations thur, A, Cavanaugh, K., Pattipati, K., Willett, P. and Galie, T.
the remaining useful lives of the components of the system. ~ (2001). Reasoning and modeling systems in diagnosis and
prognosis,Component and Systems Diagnostics, Prognosis,
and Health Managemer®roc. SPIE Vol. 4389 pp. 194-203.

The prpposeq diagnosis _iS a non monotonic process th@imohalli, G. (1992). The honeywell on-board diagnostic and
makes it possible to take into account the events detected by maintenance system for the boeing 7Tigital avionics

the monitoring layer and time stamped before their
asynchronous transmissions.

[T: = RUL(LRU; 1 ) = 10 TU (Time Unit), RUL(LRY,, ») =
90 TU, RUL(LRU ;3 = 30 TU, RUL(LRW,, ) = 20 TU,
RUL(LRU,; ) = 40 TU, RUL(LRU,; 9 = 50 TU.

systems conference, 11th IEEE/AIAADigital Avionics Systems
Conference, Proceedings., IEEE/AIAA 1Tih. 485-490.
Roemer, M., Nwadiogbu, E. and Bloor, G. (2001). Development of

All the pieces of diagnostic and prognostic data and their diagnostic and prognostic technologies for aerospace health

timestamps are recorded to enable performance evaluation at Management applicationsAerospace = Conference IEEE

the end of the health assessment session. Performance Proceedings, Vol. 6, pp. 3139-3147.

indicators (speed of convergence, data flow, an@carf, P. (2007). A Framework for Condition Monitoring and

computational load...) may therefore be evaluated from the Condition Based MaintenanceQuality Technology &

timestamps of the different data that are exchanged between Quantitative Management, vo gp. 301-312.

the agents or stored. Further works will so deal witiachtsevanos, G., Lewis, F.L., Roemer, M., Hess, A. and Wu, B.

performance evaluation of the proposed structure and with (2006). Intelligent fault diagnosis and prognosis for

their comparison with centralized structures. engineering systemslohn Wiley & Sons IncISBN: 978-0-
471-72999-0.
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