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Abstract

The theoretical basis and validation studies of a real-time, model-based process monitoring
and fault detection system (MSET, multivariate state estimation technique) is presented. Through
use of a non-linear state estimation technique coupled with a probabilistically-based statistical
hypothesis test, it is possible to detect and identify sensor, component and process faults at extremely
early times from changes in the stochastic characteristics of measured signals. Data from an
experimental fast reactor and a commercial LWR are used to demonstrate functional capabilities of
the monitoring system. In addition, operational data from the Crystal River-3 (CR-3) nuclear power
plant are used to illustrate the high sensitivity, accuracy, and the rapid response time of MSET for
annunciation of variety signal disturbances. The types of faults detected and identified included the
gradual degradation of a venturi flowmeter, rapidly failing flow sensor and the loss-of-time-response
of a pressure transmitter.

1. INTRODUCTION AND BACKGROUND

From their earliest conception, nuclear power plants have included monitoring and fault
detection systems as part of their basic design. However, in many cases these systems were of fairly
elementary character and usually consisted of nothing more than upper and lower limits placed upon
important sensor measurements that when exceeded would alert plant operators. Although this
approach has proved to be reasonably successful, considerable advances in methods of signal and
information processing have permitted the development of new techniques that not only are much
more reliable and real-time operable, but also provide additional functional capabilities such as on-
line sensor validation, extremely early fault detection and identification, provision of "virtual"
sensors for replacement of failed sensors, diagnosis and prognosis of disturbances, fault-tolerant
component operation, insight into the plant operational state, etc. At Argonne National Laboratory,
such methods were initially developed to address critical operational issues at the Experimental
Breeder Reactor No. 2 Power Plant (such as loss of irreplaceable sensors and forced shutdowns due
to increased pump friction) [ 1 ] and then expanded for use in commercial power plants as well as
many industrial processes. This paper will describe the theoretical basis of the resulting monitoring
and fault detection system, summarize the supporting validation studies, and present results obtained
from an experimental monitoring program performed at a commercial nuclear power station.

'Work supported by the US Department of Energy, Nuclear Energy Programs, under contract W-31-IO9-ENG-
38.
"Presently with the ECAD Corporation.
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2. OVERVIEW OF APPROACH

Numerous objectives can be ascribed to a modern process monitoring system, but perhaps
one of the most important ones, at least in terms of reducing operational and maintenance costs is
the following: to detect and identify incipient disturbances sufficiently early to avoid forced
shutdowns and physical damage. In other words, it would be highly desirable to be able to detect
disturbances so that necessary repairs can be scheduled and performed at a time convenient to plant
operational requirements. This objective immediately leads to the following two needs: the detection
of disturbances prior to changes in signal mean values (when mean values change, physical damage
has likely occurred and shutdown may not be far off) and the minimization of both false and missed
alarms (false alarms ultimately result in operator indifference and missed alarms can permit
continued damage and probable shutdown). Accordingly, since the initial indication of abnormal
operation of a piece of equipment usually appears as changes in the characteristics of the noise on
sensors associated with this equipment, the monitoring method must utilize such information to
detect and identify disturbances. To achieve this functionality, a model-based monitoring method
must utilize a technique that not only has a high precision (to minimize error rates) but also be easily
adaptable to the inevitable configuration and operational changes in the plant. In addition, the fault
detection portion of the method must identify disturbances based upon changes in statistical
characteristics of the signals as well as the mean values with prescribable missed and false alarm
probabilities. These are challenging requirements.

First principal analytical models wereimmediately rejected as candidates because of large
predictive uncertainties (perhaps 5 to 15%) which eliminate the possibility of detecting and
identifying disturbances within these deadbands. The use of autoassociative artificial neural
networks as a modeling technique was also considered, but extensive studies both at Argorme [2]
as well as other laboratories [3] indicated that predictive uncertainties could not be consistently
reduced below about 2 to 5%. However, some recent work performed by Uhrig and his students [4]
have indicated that uncertainties in the range of 0.5% can be achieved. The modeling method that
was found to most closely meet the requirements posed was that of state estimation using optimally
nonlinearly filtered pattern recognition. This method will be described in a subsequent section.

During monitoring, this modeling technique was used to estimate the state of the reactor
system which was then compared to the current measured state. The difference between the
estimated and measured states was then analyzed using an extremely sensitive statistical hypothesis
test (the sequential probability ratio test or SPRT) to determine if the system is in a "normal" or
"abnormal" state. The extended SPRT as developed by ANL [5,6] can detect changes in the
statistical characteristics of a monitored signal with prescribed probabilities of missed and false
alarms. The basis of this test will also be described in a subsequent section.

3. DESCRIPTION OF MONITORING AND DIAGNOSTIC SYSTEM

As implied above, the monitoring and diagnostic system presented in this paper is based
upon the use of a model of the process to estimate its operational state, make a measurement of the
current operational state, and to analyze the difference between the estimate and measurement to
determine if such differences are due to normal statistical fluctuations or if a real disturbance is
manifesting itself. Since the model that is being used is empirically based and must have actual
process data for training to recognize the interrelationships between plant variables needed for state
estimation, the selection of data for training is an important issue. Since it is desired to detect and
identify faults, one may decide to train the model using data obtained during specific faulted
operational states of the process. However, this leads to the effectively impossible task of not only
identifying all possible failure modes, but also of collecting data from each of these modes. Perhaps
such data could be generated from a process simulator, but the critical information contained in
sensor noise and needed for early fault detection cannot be so obtained. Accordingly, the path chosen
here was to train the model using data obtained from the domain of expected normal operation so
that any non-random modeling errors (i.e., differences between model estimates and measurements)
could be attributed to process disturbances [7].
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3.1 State Estimation Technique

The state estimation technique uses examples of the normal operating states of a system from
which to learn the relationships that exist between the parameters used to define the state, make a
single new observation of the system, and then use the patterns developed from the learned states
to estimate the current "true" state of the system. System states are represented by vectors whose
elements are chosen by the user and can range from direct values of signals from the sensors to the
result of any scalar transformation of the signals. Although the state vector elements do not have
to be linearly independent, they do have to represent the physical and/or chemical processes that are
occurring and have some level of inter-correlation. The estimated state is calculated using a
weighted combination of learned states, the weighting value being determined by the degree of
pattern overlap with each learned state. The estimated state contains new estimated values for every
parameter being monitored, including estimated values for sensors that have degraded or failed.
Because the estimated states are based on actual established relationships with the values of all
sensor signals representing the modeled system, the failure or degradation of any sensor has an
insignificant effect on the estimated value for that sensor signal.

If data are collected from some process over a range of operating states, these data can be
arranged in matrix form, where each column vector (a total of m) in the matrix represents the
measurements made at a particular state. Thus, this matrix will have the number of columns equal
to the number of states at which observations were made and the number of rows equal to the
number of measurements (a total of n sensors) that were available at each observation. Defining the
set of measurements taken at a given time tj as an observation vector X(tj),

where Xj(tj) is the measurement from sensor i at time tj, then we can define the data collection matrix
as the process "memory" D :

D =

d1.2 - dl,m

dn.l dn,2

Now, if a new observation is made and the sensor measurements from this process represent
correlated phenomena, then one can assume an estimate of this vector of measurements can be
represented by a linear combination of the column vectors in the data collection matrix. By
minimizing the Euclidean norm between the estimated and measured data vectors, it is possible to
obtain the following linearly optimal estimate of X :

= D-(DT -D)- ' -DT -X
o b s .

However, this result has numerous limitations, including but not restricted to the requirement that
[DT • D ] be non-singular, an inability to accommodate random uncertainties, non-random defects,
and very large databases. These characteristics of real data strongly diminish the range of
applicability of this classical (linear) estimation technique.

Due to these limitations, it is necessary to examine alternative approaches that can be used
in non-linear systems as well have robust properties in terms of handling all types of data
characteristics. However, the formalism of the linear approach lead to a relationship between an
estimate of the system state, a current measurement and the system history that has several very
useful features. For example, the model "memory" can be easily expanded by simply adding new
observation column vectors to the matrix D Dand the only aspect of the relationship that might be
computational intensive, the matrix inversion, can be performed "off-line" prior to repeated or
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on-line estimations. These features are of sufficient value and utility that, if possible, they should
be retained in any new non-linear approach. With this in mind, one can assume that the form of the
linear estimation equation derived earlier can be used, but with a modification of the linear matrix
operators to a non-linear form:

Here, the non-linear operator © is at present unknown and must be chosen so as to preserve the
desirable features of the linear operator and in addition to have the following properties:

(1) The matrix [DT © D ] must be non-singular;
(2) If some elements in the observation vector are not within the ranges of the same elements

of the column vectors in the memory matrix D, the estimation vector must still represent an
optimum estimation;

(3) If the observation vector is identical to one of the column vectors in D, then the estimation
vector must be identical to the observation vector;

(4) The error vector (difference between the observation and estimation vectors) must be
minimized.

Two such operators that fulfill these conditions have been found, but cannot be presented
here due to patent and proprietary issues.

3.2 Sequential Probability Ratio Test (SPRT)

The sequential probability ratio test [5] is a statistical hypothesis test that differs from the
standard fixed sample test in the way in which statistical observations are employed. In the fixed
sample test, a given number of observations are used to select one hypothesis from two or more
alternatives. The SPRT, however, sequentially examines one observation at a time, and at some
point makes a decision and selects a hypothesis.

The basic approach taken by the SPRT technique is to analyze successive observations of
a discrete physical process by a comparison (difference) of the stochastic components of signals
generated by two redundant sensors monitoring the process, or of signals generated by an actual and
simulated sensor monitoring the process. Details of the use of SPRT in fault detection were
provided in [6] and are briefly summarized here. SPRT solves the problem of deciding between two
possible hypotheses: H,, where the difference set forms a Gaussian probability density function with
mean M (a system disturbance magnitude) and variance o2; or Ho, where the difference set from a
Gaussian probability density function with mean 0 and variance a2. If the SPRT accepts Hl9 then
we declare that one of the two signals is degraded. Additional SPRT testing on other pairs of signals
provides the information needed to logically deduce the specific sensor failure. The index and logic
used for deciding upon hypothesis H, or H2 is

If L^ p/(l-<x) then accept hypothesis HQ as true,
If p/(l-a)sL<(l-P)/a, then continue sampling,
If Ls:(l-P)/a), then accept hypothesis Hj as true.

where a is the probability of accepting H, when Ho is true (i.e., the false alarm probability) and p
is the probability of accepting H,, when Hj is true (i.e., the missed alarm probability).

A second sequential probability ratio test for normal distributions examines the variance of
the sequence. In the variance test, the system is degraded if the sequence exhibits a change in
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variance by a factor of V, where V, the preassigned system disturbance magnitude for the variance
test, is a positive number. The problem is to decide between two hypotheses: H2, where the
difference set forms a Gaussian probability density function with mean 0 and variance Va2; or H ,̂
where the difference set form a Gaussian probability density function with mean 0 and variance a2.

In this case, the index to be used is

and the same threshold limits are used for the variance test as those used in the mean test.

A primary limitation of the applicability of SPRT statistical tests for sensor and equipment
surveillance strategies lies in the primary assumption that the difference sequence is independently-
distributed random data with strictly "white" noise. In most cases residual signals from a redundant
sensor pair or from an actual and simulated sensor pair are normally distributed even though the raw
signals may have some other distribution. It is, however, rare to find physical process variables
associated with operating machinery that are not contaminated with serially-correlated, deterministic
noise components.

A tool box of preprocessing methods have been developed at ANL, e.g. [8, 9], that convert
a signal with any type of statistical idiosyncracies into a Gaussian signal that can be used directly
with SPRT. If this was not performed, in many cases the hypothesis test would be invalid and large
rates of missed and false alarms would result.

4. VALIDATION STUDIES OF THE MONITORING AND DIAGNOSTIC SYSTEM

Although an extensive validation program has been performed, only three studies can be
presented here. The first examined the accuracy of the state estimation algorithm, i.e., the error in
the estimate of a signal. A typical result is shown in Figure 1 where an estimate of a thermocouple
signal from EBR-II is compared to the measured value. In this case, data were collected from 18
subassembly outlet thermocouples at 50 different times and used to "train" the model, i.e., to
construct the memory matrix D. This model was then used in a monitoring mode for 50 minutes in
which a measurement and estimate was made each minute. As can be seen by the comparison in
Figure 1, the estimate for this signal is quite accurate, even following the small scale fluctuations
of about +/-0.2 F. Although the average estimation error for all 18 signals computed in this test was
about 0.004%, the general experience covering a wide range of operating conditions indicates that
estimation errors of 0.1% to 0.2% can be expected. However, this accuracy appears to be much
better than other methods that were evaluated and considered acceptable for use in fault detection.

The second test was an evaluation of the fault tolerance of the state estimation technique,
i.e., can accurate signal estimates be made in the presence of multiple sensor faults. Again, extensive
testing of this feature was performed and only one example can be presented. In this case, the entire
heat transport circuit of the EBR-II reactor was modeled with 115 sensors. Readings from_these
sensors were taken at 11 separate operating states of the plant to construct the memory matrix Dand
then monitoring was initiated. Sensor failures were simulated with the plant data acquisition system
(without affecting actual plant operation) and included many failure modes (e.g., sudden shifts,
gradual drifting, total loss, etc.). Under the worst conditions, 15 sensors were failed with another 5
being adversely impacted due to interrelationships; thus, a total of 20 sensors or 17% were providing
erroneous information. In spite of this, as can be seen in Figure 2 where the reactor temperature rise
is shown, the estimated value of this signal did not change as there were no actual changes in the
plant. In other words, although over 17% of the plant sensors had "failed", the plant state had not
changed and the estimation method recognized this from the information obtained from the 83% of
the sensors that were correctly operating. In addition to this capability to predict the correct value
of a failed sensor, although not shown here, correct values of signals from unfailed sensors were also
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made. This is an important characteristic for fault detection since it reduces the possibility of false
alarms.

The third type of validation test involved studies of the sensitivity of the overall method
(state estimation coupled with the SPRT hypothesis test) to detect faults; this is necessary if
sufficient warning time can be provided to permit non-forced corrective action. Again, numerous
tests were performed, but a typical result is shown in Figure 3 where data from a commercial PWR
feedwater flowmeter is shown. A total of 60 sensors, all physically associated in some way with the
feedwater flow, were measured at 13 times and used to construct the memory matrix. These 60
signals were then monitored over a period of 45 days during which no actual failures occurred; the
test was performed by superimposing an artificial drift in only the feedwater flow sensor starting at
time zero. The rate of drift was 0.2% over 50 days which would result in just a 1.0% change in
sensor output after 250 days had passed, a degradation that would just possibly show up in a trending
analysis and certainly not exceed operational limits. However, the monitoring code detected this drift
initially at 13 days after its start and clearly confirmed the fault after about 3 weeks. At this time,
the signal had degraded just 0.084%. Accordingly, if this had been a real fault, the operators would
have had many months to perform any additional hands-on diagnostics and repairs and almost
certainly not interfered with plant operation.

5. APPLICATION TO PWR PLANT SIGNALS

Argonne National Laboratory (ANL) and the Florida Power Corporation (FPC) have been
engaged in a collaborative study since 1992 to configure and test ANL's MSET system using signals
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from Florida Power's Crystal River-3 (CR-3) pressurized water reactor power plant for a variety of
surveillance applications that include signal validation, instrument calibration monitoring, and early
detection of component operability degradation. For the examples reported here, actual plant signals
were taken from archive optical disks from the 18 month operating cycle spanning from June of 1992
through Dec. of 1993.

5.1 Venturi Fiowmeter Surveillance with MSET

One of the primary objectives of nuclear power plants is the efficient operation of plant
systems, thereby reducing the cost of electricity. Accurate determination of the thermal power of
the plant is required to minimize the cost per unit of energy produced. The feedwater flow rate to
the steam generators is one of the primary quantities used for the thermal power calculation [10].
However, the accuracy of the flow meters that measure the feedwater flow rate deteriorates over time
resulting in flow rate measurements that are higher than their actual values, thus yielding artificially
high thermal powers [11]. U.S. NRC licensing rules require that a reactor be operated at or below
the rated power for the reactor. Since these rules also require that the calculated thermal power be
used when setting the operating conditions of the plant, the real power produced by a reactor
hampered by inaccurate feedwater flow measurements will be less than the power rating for the
reactor. A 2% power derating costs a utility about $20,000 per day, or 7.3 $M per yr, in lost revenue
for an 800 MWe unit at an energy cost of $0.05 per kW-hr [11].

Venturi flow meters are commonly used to measure the feedwater flow rate in nuclear power
plants. The flow meters consist of a short section of constricted flow area piping (the venturi
surface) that is inserted between two flanges in the feedwater pipe. The constriction accelerates the
fluid and temporarily lowers its static pressure. Pressure gauges are used for measuring the pressure
drop between the inlet and constricted regions of the flow meter. Fluid flow rate is directly related
to the pressure drop. The accuracy of venturi flow meter measurements decreases with time though,
due to a chemical reaction between the surface coating of the flow meter and the feedwater. The
fouling of the venturi surface with reaction products results in flow measurements becoming 1 % -
2% higher than the actual flow [12]. The fouling problem has been observed to develop rapidly, after
as little as 2 months of operation with a clean venturi flow meter. During long shutdown periods of
the reactor, the feedwater flow meters are cleaned and recalibrated. But since the long shutdown
periods occur at the end of a reactor operating cycle, which typically lasts for 18-24 months, reactors
can spend most of their normal operating time with fouled feedwater flow meters.

We have used the MSET system to model the feedwater flow meter as a function of
dissimilar process variables dynamically related to the feedwater flowrate. When trained with
reliable data, the MSET model can estimate the correct flowrate regardless of the changes in the
physical state of the flow meter, since the model's estimates are based on the behavior of the system
as a whole.

The MSET system is used to model one of the two feedwater flow meters in Florida Power's
CR-3 two feedwater flow meters in Florida Power's CR-3 power plant. The two feedwater flow
meters are located in the piping that supplies condensate water to the loop A and B steam generators.
Because the two loops contain identical components, only the feedwater flow meter in loop A has
been modeled by MSET for the present investigation. The MSET model utilizes data from 15
•diagnostic sensors in loop A. In addition to the flowrate data from feedwater flow meter A, the
model utilizes signals from other loop A sensors including steam generator level indicators, steam
line thermocouples, feedwater thermocouples, and the feedwater pump tachometer. The signals that
are included in the model are those that are most highly correlated with the feedwater flow meter
signal. For this analysis, only every 10th point recorded during the reactor cycle was used (i.e., one
point every 10 minutes). But since the reactor run lasted 476 days, the total number of data points
used in the analysis is over 68.000.
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The MSET model was trained using data from the second month of the operating cycle (i.e.,
days 30 through 60). Fig. 4 shows the signal from the loop A feedwater flow meter for the whole of
the operating cycle. The figure indicates which period of the reactor cycle was used to train the
model and which period was used to test the model. Also indicated in Fig. 4 is a roughly 2 month
period at the middle of the reactor run during which the feedwater signal was not archived. During
this period, the reactor's data acquisition system was off-line due to the replacement of a multiplexor
(MUX).

In Fig. 5, the MSET calculation for the feedwater flow is shown. The calculated flowrate
compares well with the flow meter measurements. In Fig. 6, the difference between the measured
and calculated flowrates is shown. Note that the calculated and measured flowrates drift apart during
the first 6 months of the testing period 9 days 60 to 220). This drift is due to the fouling of the flow
meter, which causes it to report flowrates that are higher than the calculated flowrates.

By the end of the first 6 months of the testing period, the measured flowrate is about 0.5%
larger than the calculated flowrate. A discontinuity is evident between the response of the difference
signal from before the period when the data archival system was taken off-line and the response from
after the period. Immediately before the MUX was replaced, the measured flowrate is about
30klbm/hr greater than the calculated flowrate, the measured flowrate is about 40 klbm/hr less than
the calculated flowrate. The discontinuity is due to the recalibration of some of the sensors in the
feedwater system. When the sensors used as inputs to the model are recalibrated, the model must be
retrained since the earlier training patterns are no longer valid. To illustrate this point, a second
calculation was performed in which only data recorded after the MUX replacement were used. Data
from the eleventh month of operation (i.e., days 300 through 330) were used to train the model in
the second calculation. In Fig. 7, the difference between the measured and calculated flowrates for
the second calculation is shown. The second calculation reveals an additional drift of about 0.7%
in the flow meter measurements during the later half of the operating cycle.

The MSET analysis has shown that the degradation of venturi flow meter measurements due
to fouling of the venturi surface can be detected. The analysis of the Crystal River-3 data revealed
a slow and steady degradation of the flow meter measurements during the 1992/1993 cycle.

5.2 Failure of a Flow Sensor

This second example is of a rapidly failing flow sensor in CR-3 that was taken from signal
archives. The upper subplot in Fig. 8 shows data from sensor R237, the primary loop B flowrate,
superimposed upon the MSET estimate for that signal. This flow sensor failed (i.e., its output
dropped by about 5% in a several hour period) on day 167 in the reactor cycle. MSET was trained
to recognize the normal behavior of the system in which this flow sensor was located and then used
to monitor the system. It can be seen in Fig. 8 that the actual flow signal and the MSET estimate
agreed quite well during the initial portion of the monitoring period. This is also indicated by the
middle subplot, which shows the estimate error—or the difference between the measured and
estimated flowrates. As observed in the upper subplot, the measured and estimated flow values
clearly diverge after about 167.5 days (a few percent difference). Indeed, if this signal was being
closely watched, this failure would likely be detected by visual observation at this point. However,
at 167.5 days, a full 9 hours before the fault would become evident to visual observation, MSET
starts to alarm (the lower subplot in Fig. 8), indicating that sufficient information has been obtained
to confirm that a malfunction also occurred. A short time later, the fault is obvious where the
measured signal decreases from its initial value of about 72 to about 70 while the estimated signal
remains at it's initial value. The significance of the estimated value remaining where it does is quite
important; this directly implies that despite the large change in the signal form the pressure sensor,
the model has determined from the total collection of sensor data available that the system state has
not changed and this sensor similarly should not change. Thus, it can be concluded that the fault is
isolated to this particular sensor and that the process has not been affected. If this had been a safety
critical sensor, the process could have been shut down prior to the loss of this sensor. However, it
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FIG. 8. Failure ofR237, detected using MSET on day 167 of the cycle

would also have been possible to utilize the estimated sensor reading from MSET to replace this
faulted sensor and to continue operation of the process.

5.3 Loss-of-Time Response Failure

A loss-of-time-response failure in an instrument is one of the most difficult modes of failure
to identify with conventional surveillance schemes during steady-state operation. In this mode of
failure, which has been known to occur particularly with oil-filled pressure transmitters, the mean
value of the signal may remain unchanged. The disturbance may show up only as a change in the
dynamic response of the transmitter. Conventional trending programs that use simple threshold
limits, and even parity-space methods that rely on the mean values of signals, may fail to identify
this mode of failure.

One such failure was identified in CR-3 in January, 1993. The failed sensor was one of three
redundant sensors. To illustrate the very high sensitivity of the SPRT method for identifying
extremely subtle disturbances in sensors with incipient faults, Fig. 9 shows signal segments from two
of the redundant sensors, R200 and R201. The data shown in these figures were taken from mid-
mid-December 1992, before the instrument degradation was observable to operations personnel. The
middle subplot shows the residual function, which exhibits small fluctuations about a zero mean. The
bottom subplot shows continuous SPRT alarms—even though no discrepancy is at all apparent to a
visual inspection of the raw signals.
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Fig. 10 shows the raw signals for redundant sensors R200 and R202 (upper subplot), the
residual function (middle subplot), and the SPRT index (bottom subplot). Once again, SPRT alarms
tripped continuously, indicating a sensor disturbance in R200 or in R202. Finally, Fig. 11 shows the
same corresponding information for redundant sensors R201 and R202. Note that there are no SPRT
alarms in the lower subplot of Fig. 11. The conclusion that can be drawn from the SPRT results in
these three figures is that sensor R200 is failing.

To learn how much earlier degrading sensor R200 could have been identified by the SPRT
method, archive signals were processed from several weeks before the sensor was confirmed to have
failed. Fig. 12 summarizes the results from the SPRT calculations for the three redundant signal
pairs. Note that for both signal pairs involving pressure transmitter R200, SPRT "signal degradation"
alarms started tripping at a high frequency early in the figure. The SPRT for sensors R200 and R202
started to alarm on day 119 in the operating cycle, and for sensors R200 and R201 on day 120. These
SPRT annunciation times corresponded to 10/19/92 and 10/20/92, respectively. This is a full three
months before the degradation became observable to operations personnel
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FIG. 10. (II) RPS-ES Rosemount Transmitter Time Constant Failure

6. SUMMARY AND CONCLUSIONS

A highly accurate and sensitive model-based monitoring and fault detection system (MSET)
has been developed and validated with data from an operating sodium-cooled fast reactor and a
commercial PWR. The model is based upon a state estimation technique that utilizes nonlinear
optimal filtering pattern recognition and an extended version of the sequential probability ratio test.
Extensive validation tests were performed in which the prediction accuracy, tolerance of multiple
faults and fault detection sensitivity were demonstrated; selected results from these tests were
reported here. In addition this paper has presented a demonstration of the complete MSET method
to detect and identify both sudden and subtle malfunctions in sensors from an operating nuclear
plant.
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FIG. 12 SPRT R200-R201: Showing alarms (possible failure of R200 or R202)
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