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A Condition-Based Failure-Prediction and
Processing-Scheme for Preventive Maintenance

S. K. Yang

Abstract—Preventive maintenance (PM) is an effective

Index Terms—ASIC (application-specific integrated circuit),

approach for reliability enhancement. Time-based and condi- failure prediction, fault-tree analysis, kalman filter, petri net,
tion-based maintenance are two major approaches for PM. In preventive maintenance, reliability analysis.

contrast, condition-based maintenance can be a better and more
cost-effective type of maintenance than time-based maintenance.
However, irrespective of the approach adopted for PM, whether
a failure can be detected early or even predicted is the key point.

This paper presents a failure prediction method for PM by ARMA
state estimation using the Kalman filter. To improve preventive ASFM

maintenance, this study uses a hybrid Petri-net modeling method ASIC
coupled with fault-tree analysis and Kalman filtering to perform ¢\
failure prediction and processing. A Petri net arrangement,viz,
early failure detection and isolation arrangement (EFDIA), is
used; it facilitates alarm, early failure detection, fault isolation,
event count, system-state description, and automatic shutdown or FPN
regulation. These functions are very useful for health-monitoring |M
and preventive-maintenance of a system. This study implements pp
EFDIA to an application-specific integrated circuit on a Xilinx
Demonstration Board. A condition-monitoring system of a
thermal power plant is used as an example to demonstrate the
proposed scheme. Linking the Kalman filter to the EFDIA Petri
net, a condition-based failure prediction and processing scheme
has been completed for preventive maintenance. )
This paper presents a failure prediction and processing scheme ?a/b
for PM via the thermal power-plant example, by using a hybrid
Petri net modeling method endowed with fault-tree analysis and
Kalman filtering. The FPN (Petri net dealing with system failure)
has to be constructed beforehand. The next step is to obtain
control charts for all fault places in the FPN in order to prescribe Ele]
thresholds and increment times for every step in Kalman predic- Hy,
tion. Afterwards, the system model of each place in the FPN must
be derived to perform Kalman filtering. With these prerequisites,
this method can be applied to any system. The proposed Petri

net approach not only can achieve early failure detection and Pk/k—l

isolation for fault diagnosis but also facilitates event count, system Qk
state description, and automatic shutdown or regulation. These Ry
capabilities are very useful for health monitoring and PM of a ¢
system. Since the triggering signal ofS; place of the EFDIA in
Section IV (S; is a place for the Kalman-predicted indicator value U
of the sensing signal for the Petri net dealing with system failure) ~*
indicates that subsystem#t: performance is going to reach the Vi
prescribed failure threshold, the signal can be provided via the
Kalman filtering method in Section Ill. Linking the Kalman filter W,
to the EFDIA Petri net, a condition-based failure prediction and
processing scheme has been completed for preventive mainte-
nance.
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EFDIA
FPGA

ACRONYMS!

auto-regressive and moving average

automatic shutdown-or-feedback mechanism
application-specific integrated circuit

corrective maintenance

early failure detection-and-isolation arrangement
field-programmable gate array

Petri net dealing with system failure
improvement maintenance

preventive maintenance

statistical(ly)

NOTATION

the value of(e) at timek - T

estimate of(-) at timea - T based on all known
information about the process up to tifeT’
coefficient matrix for the input term of a discrete
state equation

s-expected value of the variable inside the [ ]

matrix for the ideal (noiseless) connection between
the measurement and the state vector

Kalman gain

estimation-error covariance matrix

covariance matrices for disturbance

covariance matrices for noise

time variable

increment time for every step in Kalman prediction
control input of a discrete-state equation

noise, measurement error vector (assumed to be a
white sequence with known covariance)
disturbance, system stochastic input vector (as-
sumed to be a white sequence with known covari-
ance and having zero cross-correlation with the
sequence)

system-state vector

system-output vector

output-measurement vector

matrix relating X, to X.41, in the absence of a
forcing function (the state transition matrix X is
sampled from a continuous process)

1The singular and plural of an acronym are always spelled the same.
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Fig. 1. Flow chart for proposed scheme.
|. INTRODUCTION variables should be accurately predicted at a reasonably long

time ahead of failure occurrence [5], [6].

H IGH-QUALITY and excellent-performance of a system \jany methods have been proposed for failure prediction such
are always goals which engineers strive to achieve. Rejjs:

ability engineering integrates quality and performance from the
beginning to the end of a system life [1]. Therefore, reliability neural network studies [9];

can bg_tre_ated as the time-dimensional quality of a system. understanding the failure mechanism of damaged products
Reliability is affected by every stage throughout the system [10]

lie, mcludmg .'ts d_evelopment, de3|g'n, producuop, quallt)f'his paper proposes a condition-based failure prediction and
control, shipping, installation, operation, and maintenance,

Consequently, paying attention to each of the stages promolsgé%ceerﬁzmg scheme for PM. Fig. 1 shows the flow chart for this

reliability. S_pecmcally, in the onsite operation phase, failures I(:J'rst, a Petri net dealing with system failure, FPN, must
are the main causes of worsened performance and degrade . .
reliability. Accordingly, failure avoidance is the main approac € established, either transformed from a system fault tree or

) ' constructed directly [4]. Each event in the FPN is continuously

to reliability assurance. There are 3 main types ofmaintenan(r:ﬁac:)nitored by an adequate sensor and the information is fed
IM, PM, and CM [2]. The purpose of IM is to reduce or y g

- . . i . t8 a Kalman filter. Actual values of the event acquired by the
eliminate-entirely the need for maintenance: IM is performemo itor sensor are fed into the corresponding Kalman filter
at the design phase of a system and emphasizes elimination SF P 9

failures. There are many restrictions for a designer, howevto execute state estimation. Based upon the current state, the

r ! i )
such as space, budget, and market requirements, Usu%ﬁxlman filter provides a predicted value of the next state for

product reliability is related to the product price. On the oth ﬁﬂg corresponding event at every time inter¥alEach event

hand, CM is the repair performed after failure occurs. PR as a prescribed failure threshold, and the predicted value

. . . . IS compared with that prescribed failure threshold to judge
means all actions intended to keep equipment in good Operat\lxr\}ﬁether the monitored event has failed affeor is still within

poqd|t|0n and 1o ‘f’“’o'd. failures [2]. PM should be fible t e established threshold. Once the estimated value reaches
indicate when a failure is about to occur, so that repair can pe

. o threshold, the failure is predicted. Accordingly, the current
performed before such failure causes damage or capital-invest:, . )
. . .Slate is a warning state and the PM needs to be performed.
ment loss. Hence, PM is an effective approach to promoti

reliability [3]. Time-based and condition-based maintenan%bsequenﬂy’ the EFDIA ASIC [L1] is activated o process
Y 15) i warning situation, which includes an alarm, fault isolation,

are 2 major approaches for PM. In contrast, condition-basgt T .
. . SY, tem state description, regulation or auto shutdown, and

maintenance can be a better and more cost-effective type Of wress recordin

maintenance than time-based maintenance [4]. IrrespectiveD 619 9.

the approach adopted for PM, the key point is whether a failure

can be detected early or even predicted. If the predicted future

state-variables indicate a device is going to fail, then the failureA failure threshold is a value used to judge if an equipment

can be prevented in time by PM. Nevertheless, future-stdédlure occurs or not. It is prescribed as the measurement value

« statistical knowledge of the reliability parameters [7], [8];

Il. CONTROL CHART AND THRESHOLD
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Fig. 2. Block diagram of a discrete system.

9,

that is taken just prior to, or at the time of, failure. Life testing is
one method to obtain such data, and can be performed by field
engineers or users. Usually, the mean value of a failure-proty: 3. Block diagram of Kalman filter.
bility-function that is established from tests of manufacturers is
a theoretical value for the threshold. The covariance matrices fWk ande are:
Once the threshold has been determined, a margin of safety
should be added to account for variations in early failure detec-
tion. The safety margin can be determined by the requirement
of lead-time for PM or evaluation of the physical properties and R, i=k
actual operating conditions of various systems. The lower the E[V, -V = { 0 itk
warning value is set, the greater is the assurance that PM will be T 7
done prior to failure [2]; but this also means more labor man- E[W). - V'] =0, for all k,i.
power and cost will be expended. Theoretically, triple the stan-
dard deviation is one possible choice in prescribing a warni|!1
value [3]. On the basis of failure thresholds and warning valud¥'
a control chart can be constructed to conduct limit-control. o
Failures can be detected by comparing actual with nomirly4 State Estimation
guantities, and fault isolation can be detected by comparing acState estimation aims to guess the valu&pfby using mea-
tual with fault quantities [12]. Consequently, an instrumentaticgured dataZy, 71, ..., Zy_1. Xk/k—l is the prior estimate of
system should be set up for PM, to acquire actual quantitixs anka/k is the posterior estimate of [14]. The estima-
at measurement points. In addition to being used for comp&bn problem begins with: no prior measurements. Thus, the sto-
ison, acquired quantities can be stored to establish a databaseff@istic portion of the initial estimate is zero if the stochastic
modifying predetermined failure thresholds and warning valugsrocess-mean is zerX,,_, is only driven by the initial states
The performance of some systems depends on external cassulting from deterministic input.
ditions. For example, the output current of a power generatorThe Kalman filter is a copy of the original system and is
varies with the load, which changes with time during the dagiriven by the estimation error and the deterministic input. Fig. 3
Another example is the flow rate of a river, which is differenshows the block diagram of the filter structure. The filter is used
in the 4 seasons. Hence, thresholds and warning-values candognprove the prior estimate, usiri, to yield the posterior
varied according to a scheduled scheme that accomplishes aéagimate. Fig. 3 shows that the 1-step-ahead estimate is formu-
tive adjustment for those values. The situation is called ‘erragted as [14]:
in this paper whenever the acquired quantity exceeds the pre-
scribgd low (high) warning valug but falls within the low (high) Xk+1/k = - Xk/kq + by - K, - (Zk —H, 'Xk/kq)
warning value and low (high) failure threshold. 4B, Ty

=x [Xk/k—l + K - (Zk - Hka/k—l):|
+ By, - Uy,
:(z)kxk/k + By - Uk.

wewi={ g Sk

ollows that both@; and R, are symmetric and positive def-
te [14].

Ill. KALMAN FILTERING

A. System Model
Fig. 2 shows the block diagram of a discrete system. The state

equations [13] are: According to the properties of the Kalman filter, several remarks
on Kalman estimation are:
Xiy1 =br - X + By - Up + Wy; 1) BecausdX}, is optimal, the posterior estimafék/k isan
Y;, =Hy - Xp: 1) optimal estimate.

2) Fig. 4 summarizes the recursive steps for constructing a
1-step estimator.

3) The recursive loop has 2 kinds of updating: a) Deriving
X/, and Py, from X,/ 1 and Py, are measure-
ment-updates; b) Projectir;; and Py /; t0 Xy 1%

Zp=Hy - X3, + V3 and P, are time-updates.

2y =Y + V. 2

Substituting (1) into (2) yields:
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/ Enter initial estimate and \
I its error covariance.

One-step estimator

/ Compute Kalman gain K, \ l—— Enter measurement
Zy

Project estimate and error Update estimate to be the posterior
covariance matrix one step ahead estimate with measurement Z

Compute posterior / L l,’\osterior estimate
xklk

error covariance matrix

- )

=

N-step prediction

N-step predictor

Fig. 4. 1-Step estimator an¥-step predictor.

4) Initial conditions(XO/_1)7 Po/—-1, ¢0, Ho, Qo, Ro) have dicted value is assumed to be the initial value for the next pre-
to be known to start recursive steps. diction, the more steps the predictor predicts, the larger the error
5) The increment time for every step in Kalman predictiof15].
T, should be set at a reasonably long time ahead of failureThe failure prediction simulation on a DC motor for preven-
occurrence for performing PM. However, the shorter thitve maintenance by state estimation using the Kalman filter was
T used, the higher the prediction accuracy it achievesported in [15]. Failure times were generated by Monte Carlo

[15]. simulation and predicted by the Kalman filter. 1-step-ahead and
2-step-ahead predictions are conducted. The resulting predic-
C. Prediction tion errors are sufficiently small in both predictions. An exper-

iment of state estimation for predictive maintenance using the

Iman filter on a DC motor has also been performed. [16]
% Bws that the resultant prediction errors for 1-step-ahead pre-
diction are acceptable; and the shorter the increment time for
every step in Kalman prediction uses, the higher prediction ac-
curacy it achieves.

The estimate resulting from recursive steps in Fig. 4 is
1-step-ahead prediction. Based on the posterior estimate,
state that iSV steps ahead of th8;, can be predicted by using
the ARMA model [14]. Equations folN -step-ahead prediction
(N > 2) are derived as in [15]:

R k R IV. PETRI NETS AND EFDIA
Xt n/h = ( H d)i) "X/ A. Introduction
i=k+N-—-1
E+N—2 m+1 A Petri net is a general-purpose graphic tool to describe re-
+ Z K H qﬁi) B, - Up, lations existing between conditions and events [17]. The basic
m=k i=k+N—1 symbols of Petri nets include [18]:
+ Bryn-1-Upen-1; O: Place, drawn as a circle, denotes an event;
k k+N—1 —: Immediate transition, drawn as a thin bar, denotes an
PNk = ( H (bi) P - H qsf event transfer with no delay time;
i=k+N—1 j=k —: Timed transition, drawn as a thick bar, denotes event
k4L N_2 mel transfer with a period of delay time;
+ Z K H ¢i> I* Note to compositor: the—is intended to be about 1/16
et imhiN-1 inch thick. | do not know how to do it. Please make it
kN1 happen in the final manuscript. */ N
Q- H T |+ Qriner. 1: Arc, drawn as an arrow, betwc_aen p_Iaces and transitions;
Pl J a: tToken, drawn as a dot, contained in places, denotes the
ata;

The N-step predictor is an appendage of the 1-step estimation ﬂ): Inhibitor arc, drawn as a line with a circle end, between
loop [14]; it is also shown in Fig. 4. Because the current pre- places and transitions.
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that M (S;) = 1 if the next state of5; that is predicted
by the Kalman filter reaches the prescribed threshold.

7) T; g: error transition ofP;; an immediate transition.

8) T;,1: error times log transition aF;; an immediate tran-
sition.

9) T; n: maintained transition, representing the transi-
tional time from when the PM action fa?; is taken to
when P; is maintained; a timed transition.

10) T1; p: processing transition aP;; an immediate transi-
tion.

11) T; g: reset transition of’;; an immediate transition.

12) T; s: sensing transition aF;; an immediate transition.

13) T; r: transfer transition of;; an immediate transition.

14) T; r: unprocessed transition 6%, representing the tran-
sitional time from when warning-signgt: appears, to
when P; failure occurs, a timed transition.

15) Next LowerIy : warning times log transition of the cor-
responding next lower levaP"; an immediate transi-
tion; the number of the Next Lowery, should equal
the number of inhibitor arcs of transitid} g.

16) PA: PM action taken place af;; P/* generates a token
such thatM (P;*) = 1 if the PM action forP is taken.

17) PiB”: buffer-place#; of P;; for tokens to stay tem-

Fig. 5. Early failure detection and isolation arrangement (EFDIA). poraril j=1tox; x is the number of input arcs for

P;. P is unnecessary wheh; is a basic place in a

Places contain dots, the representation of tokens, being the spe- FPN. A basic place is a place where there is no place
cific marking of a Petri net [19]. The transition is said to fire, if IO\Igver than itin a Petri net. -

input places satisfy an enabling condition. Transition firing re- 18) F;": error indication place of;; M(F”) = 1 after
moves 1 token from all of its input places and puts 1 token into ~ Li.= fires if the M(S;) = 1 situation is generated by
all of its output places [20]. There are 3 types of transitions that 1 itSelf, but not aroused by lower-level places (for fault

are time-based classified [17]. Transitions with no time delay |sglat|o_n). h

are ‘immediate transitions’, while those that need a certain con-19) F; * failure counter place of’; MF(P;‘ ) represents

stant period of time for transition are ‘timed transitions’. The failure times log number of’;; M (F;") increases by 1

third type is a ‘stochastic transition’ and is used for modeling w?enPZ- failure occurs. .

a process with random time. Hence the Petri net is a powerful20) Ii": error counter place of;; M(P") represents the

tool for modeling various systems. error times log number of’;; M(PL) increases by 1
when P; error occurs.

B. The EFDIA 21) PM: maintenance counter place Bf; M (P*) repre-

sents maintenance times log numbeaf M (P) in-
An EFDIA [4] is used in this paper. It is a hybrid Petri net that creases by 1 when th&/(S;) = 1 situation is main-

includes three kinds of Petri sub-nets: ordinary, inhibitor-arc tained.
type, and timed. In an FPN, for PM Optimization, each place 22) PiP: processing p|ace df)i’ representingf’i ina being-
with a monitor sensor is equipped with an EFDIA that facili- maintained situation.

tates alarm, early failure detection, fault isolation, event count, 23) P[: reset counter place af;; M(P[) represents the
system state description, and automatic shutdown or regulation.  warning times log number of; that are aroused by
In this context, a cause-consequence type of FPN is drawn in  |ower-level places: the reset times of the RESERR

fault-free style with basic events at the bottom and the final un- 24) RT transitional place of?;, representing a transitional

desirable event at the top (see Fig. 10). Fig. 5 shows EFDIA,; the state inserted betweefy and P;, which is the original

symbols are defined in the following list. path froms; to P; without EFDIA constructed.

1) n: total number of sensing points in a FPN. 25) PY: unprocessed place &%, representing: the error of

2) i: sequence numbet, < i < n. P; not corrected.

3) M(P)y: marking of placeP at time k - T', repre- 26) Next Lower P": warning counter place of the next
senting the token quantity of place at timek - T, lower P; M(Next Lower P™) represents the warning
k=1,2,3,.... times log number of the next lowd? no matter from

4) P;: place#i of FPN, M (P;) = 1 if the failure repre- where warning cause arises. The number of the Next
sented byP; occurs. Lower P" should equal the number of inhibitor arcs of

5) T;: transition#i of FPN, representing the time duration. transition,7; g.

6) S;: a place for the Kalman-predicted indicator value of 27) RESET E#:: reset E place of’;, representing a reset
the sensing signal d?; Place.S; generates a token such signal for PF, generates a token once it is triggered.
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Fig. 6. Flowchart of the EFDIA.

28) RESET R#i: reset R place oF;, representing a reset
signal for P21, generates a token when it is triggered.

29) Next Lower RESET W: resétV place of the corre-

sponding next lower leveP"'; representing a reset
signal forPf?’ (j is the sequence number of the next
lower place); generates a token once it is triggered; the
number of the Next Lower RESET W should equal

number of inhibitor arcs of transitiof; .

30) ASFM: Automatic Shutdown or Feedback Mechanism
place;e.g, an air-conditioning or ventilation system is a
feedback mechanism for an over temperature module.

31) WARNING SIGNAL #i: warning signal place foP;.

32) Clock: a clock is embedded to indicate and record the

time of the occurrence for each event.

Conventionally, a flowchart is an easy visual representation

!

B1 Next Higher
B2

Gets a Token

Next Lower

Yes

Ts Fires
?

P!
Has No Token

B2 B2
Pt
Gets a Token

P
Gets a Token
ith Reset E
Triggers Next l«,wcr Gets a Token
P
Gets a Token

2) Early failure detection. EFDIA is capable of early failure

detection, because the alarm function operates whenever
the Kalman-predicted future-state variable reaches the
corresponding prescribed failure threshold. Thus the
abnormal situation is detected before failure occurs.
The lead-time of early detection can be obtained by
extrapolating the curve in a control chart with a line
slope that is constructed by the latest 2 sampled points
on the curve [21]. The lead-time is the period between
the ‘time point where the warning value is exceeded’
and the ‘intersection of the extended line and the time
axis’. The lead-time obtained from the control chart for
the ‘monitored channel to be predicted’ is one possible
value for the increment time for every step in the Kalman
prediction.

for understanding operational steps. Therefore, the operationaB) Fault isolation. The cause(s) of malfunction of a system

steps for EFDIA are summarized in a flowchart (Fig. 6).

C. Properties/Capabilities of EFDIA

1) Alarm. EFDIA provides alarm capability whenever a
predicted over-threshold situation occurs, by triggering

WARNING SIGNAL #: for the associated place.

can be anywhere within the system. However, because
malfunction causes are constrained by the logic relations
of the FPN, they can be isolated by thgg via the in-
dication of theP”. The error is located at placgi if
M(PF) = 1. Otherwise, the error of placgi arises
from the lower-level place(s) even if warning sigél
appears.
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Fig. 7. EFDIA macro symbol.
4) Event count. All the counters designated in EFDIA, d) Fp = [M(Pf%M(P{),...,M(Pf)]T : failure
record the associated occurrence multiplicities of events. number log matrix at state ;
By incorporating a time clock, the associated rates can e) E, = [M(PF),M(PF)... _7M(pf)]T : error
be obtained at the same time. The following items can be indication matrix at staté; entry#i indicates that

derived from EFDIA:
a) Failure rate of placgti: M (PF) /t ;

b) Error rate of placeti: M (PF)/t;
c) Maintenance rate of plaggi: M (PM) /¢ ;

d) Alarm rate of placeti: M (P}V)/t .

the error is located at the plaggi if the value of
entry #i is 1.

6) Automatic shutdown or regulation. Automatic shutdown
or regulation capability can be provided by EFDIA
through triggering the ASFM place. ASFM is intended
to prevent a higher-level fault or system breakdown by

From these rates, two advantages can be obtained: automatic shutdown or regulation. It should be incorpo-

a) If subsystengt: is maintained whenever a failure is
predicted, the failure rate of plagéi can be mini-
mized such that the system reliability is improved.
b) All the rates can be recorded as historical data so as
to perform statistical prediction of system failure
(by failure rate and error rate), and to be able to

5) System state description. The system state is clearly v
ible by the indication of every place in EFDIA. The fol-
lowing parameters are defined to account for system state,;

rated into the places that can cause a safety problem in
a FPN.

7) Time recording. The time at which each event occurs can
be recorded by the embedded CLOCK. This is required
for failure analysis.

V. IMPLEMENTATION OF EFDIA

derive the time needed for maintenance (by main-
tenance rate) of each subsystem.

A system can be modeled into a Petri-net to express not only
static behaviors such as logical relations between components
6% the system, but also dynamic behaviors like operating se-
uence or failure occurrence of the system. Because Petri nets
aré state machines [22], it is feasible to make Petri nets to per-

a) M, = [M(P),M(P,),...,M(P,)]": marking form those capabilities. Hardware implementation of Petri nets

?

of the FPN at staté ;

actualizes state machines that are converted from Petri nets to

b) Sy = [M(S1),M(S,),...,M(S,)]": predicted logic circuits. Nowadays, IC are becoming not only smaller and

sensing signal matrix at state;

more powerful but also faster and cheaper. As a result, ASIC

c) L, = [M(PM),M(P)),... ,M(P,{”)]T :main- are widely used. In practice, Petri nets can be implemented as

tenance log matrix at state;

ASIC, to perform specific functions without user intervention.
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Fig. 8. The down-loaded Demonstration Board.

Mainly because of the programmable capability,

IEEE TRANSACTIONS ON RELIABILITY, VOL. 52, NO. 3, SEPTEMBER 2003

VI. EXAMPLE

A thermal power plant is an example for early failure detec-
tion and processing by using the scheme in this paper. Fig. 9 is
the system block diagram for the thermal power plant. To con-
struct the FPN, 8 sensors are selected to be installed at the as-
sociated test points to acquire data. Fig. 9 shows sensor types,
locations, and associated sensing signals. Fig. 10 shows the re-
sultant FPN of this system.

Fig. 11 shows the FPN for the thermal power plant with
EFDIA. Itis a result of appending an EFDIA to each place with
a monitor sensor in Fig. 1@ to Ps. The logic relations among
all places in Fig. 10 are retained in Fig. 11 (the shadowed
portion). At basic places of the FPNP{, P,, P5), the function
for testing whether the error cause is from the ‘next lower
place’ or not is unnecessary. The following 2 situations are

EPGA are suiised to demonstrate the function of EFDIA in this system.

able for hardware implementation of Petri nets. This study usesl) Let the Kalman-predicted value of the monitored signal

a Xilinx FPGA [23] as the design tool to implement Petri nets.
The EFDIA circuit can be integrated into a 39-pin ASIC.
Fig. 7 shows the macro symbol for EFDIA. Hence, the EFDIA
Petri net can become an ASIC after downloading this EFDIA
macro to a Xilinx FPGA board [24]. The correspondence be-
tween EFDIA pin names (Fig. 7) and EFDIA Petri net symbol

names (Fig. 5) are:
1) Input pins

a) CPI-1W: clear signal (implicit in Fig. 5) for Next
Lower P counter;

b) TI-1S: Next LowerTs ;

c) SIN: S; ;

d) PIA: #PA;

e) IRW: Next Lower Resell ;

f) IRR: Reset R#i ;

0) IRE: Reset E#: ;

h) CPIR: clear signal, implicit in Fig. 5, fo?F
counter,

i) CPIM: clear signal, implicit in Fig. 5, forP
counter;

j) CPIL: clearsignal, implicitin Fig. 5, foP} counter;

k) CPIF: clear signal, implicit in Fig. 5, forPF
counter;

2) Output pins

a) PIT:PT;

b) PIB1: PB! ;

c) IWS: WARNING SIGNAL #i ;

d) PIE: PE;

e) PI-1WQO~ PI-1WQ3: Next LowerP" counter;

f) PIRQO~ PIRQ3: P counter;

g) PILQO~ PILQ3: PL counter;

h) PIFQO~ PIFQ3: P} counter;

i) PIMQO ~ PIMQ3: P counter;

) Pl P

k) PIB2: P52 ;

[) NHPB2: Next HigherP?? ;

m) ASFM: ASFM.

Fig. 8 shows the down-loaded Demonstration Board [11].

for fuel flow (S;) in Fig. 11) reach the prescribed
threshold. Subsequentlyl}s fires such that the 1st
WARNING SIGNAL is produced and each é¥', P22
and PF obtains a tokenM (PT) = 1 represents the fuel
flow rate that is at an error situation, and is a transitional
state between normal and faulty. There is a lead-time
from then until theP; failure really happens. If the PM
action takes place during the lead-time, th&f gener-
ates a token such thdi p fires so that the token i}
together with the token in the 1st WARNING SIGNAL
move to P, The subsystem is being maintained and
the 1st WARNING SIGNAL goes off at this moment.
T1y fires if the PM action is finished. Subsequently, the
tokens inP” and P move to PM: this error has been
corrected. The marking aPM (the maintenance-times
log number forP;) increases by 1. On the other hand,
if the PM action does not take place soon enough, then
Tyy fires such thatP! obtains a token. Consequently,
the tokens in?Y and PI’ move toP;. Hence,P; failure
occurs. At the same timeP’l’ obtains a token: the
failure-times log number foP; increases by 1. Because
of the logic relation betweeR, and P, the Kalman-pre-
dicted value of the monitored signal fék (S;) exceeds
the prescribed threshold due f§ failure. Accordingly,
the 2nd WARNING SIGNAL is produced and each of
P, PB2 PBl obtains a tokenTyg is inhibited by
the token inP£2, such that the tokens iRZ! and P22
move to P and P}V after triggering the 2nd RESET R
and the 1st RESET W, respectively. Hence this error is
located atP;, whereasV (P}) does not increase.

2) Let the Kalman-predicted value of the monitored signal
for shaft rotation speeds¢ in Fig. 11) exceeds the pre-
scribed failure threshold spontaneously whilesl] Sy,
and Sg are at the usual condition. As a restllt,s fires
such that the 7th WARNING SIGNAL goes on. Simul-
taneously, each oY, P21, and P22 obtains a token.
Similarly, asS; exceeds the prescribed threshold, then
M(PM) increases by 1 if the PM action fdP; takes
place in time. Otherwise, the; failure occurs such that
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High pressure vapor (3)= Turbine

Furnace T

Vapor

|

Chamber |

Fuel 9!:1 'l\

Recycling pump

Fig. 9. System block-diagram of a thermal power plant.

P1: Abnormal fuel-flow rate

P2: Abnormal chamber temperature

P3: Abnormal vapor pressure

P4: Abnormal recycling-pump rotation speed
P5: Abnormal cooler output flow rate

P6: Abnormal return flow rate

P7: Abnormal shaft rotation speed

P8: Abnormal output voltage

Fig. 10. The FPN for the thermal power plant.

M(P{) increases by 1. However, becauBg?, P23,

Cooler [
@

Generator Output voltage
Shaft
Hot water
—
Cold water
=
1 : Flowmeter S : Flowmeter
2 : Temperature sensor 6 : Temperature sensor
3 : Pressure transducer 7 : Tachometer
4 : Tachometer 8 : Voltmeter

for P7) increases by 1 after triggering the 7th RESET E.

It indicates that this error is caused by the 7th monitored
signal (the shaft rotation speed), but not by next lower
signals (vapor pressure, recycling pump rotation speed,
or return flow temperature).

ASFM should be put in the places that can cause safety prob-
lems in a FPN. In this example, eachlf, . . ., Ps failures can
trigger ASFM.

VII. DISCUSSION

Knowing when and where a system needs maintenance and
economizing capital investment, are 2 of the major problems of
maintenance. The scheme in this paper improves the mainte-
nance problem in the following aspects.

1) Before a system failure occurs, the scheme can indicate
where and when the failure is going to be.

2) It makes both the health condition and the historical
record of maintenance for a system clear at a glance.

3) Scheduled maintenance is enacted, based on a statistical
average, which still retains the unavoidable risk that the
system might fail before criteria are exceeded: a failure
might occur unexpectedly. On the other hand, the actual
duty-cycles for a certain part or module might be longer
than those averages, thus if they are replaced during
scheduled maintenance, that is a waste of the investment.
The condition-based scheme avoids these drawbacks.

In contrast to previous papers, this study uses Kalman-fil-
tering instead of parameter-trend to predict the time of failure-
occurrence and to determine the PM execution-time. Further-
more, after an upcoming failure is predicted, the followed evo-
lution of the system is processed by an ASIC that is designed
by a Petri-net approach. The ASIC has been implemented and
tested, which shows the proposed scheme is practical and satis-

and P2* are empty, thefl’; fires such that’F obtains fies the condition-based failure prediction and processing for a
atoken. As a resulty/ (PF) (the error times log number thermal power plant and other systems.
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Fig. 11. The FPN for the thermal plant EFDIA.
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