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ABSTRACT

A measurement-based method for predicting the response of an
LMR core to unprotected accidents has been developed. The method
processes plant measurements taken at normal operation to generate a
stochastic model for the core dynamics. This model can be used to
predict three sigma confidence intervals for the core temperature
and power response. Preliminary numerical simulations performed for
EBR-II appear promising.

INTRODUCTION

If the economic and safety benefits of an inherent shutdown capability
in the Integral Fast Reactor (IFR) concept are to be realized, then the
concept of passive safety, and t.he associated risk reduction, must be
incorporated in the plant probabilistic risk assessment. In order to claim
passive safety, however, it must be shown that sufficient inherent feedback
mechanisms for safe shutdown are present in the plant as built. The only
way to demonstrate this is to routinely perform dynamic tests on the plant.
An analogous situation exists in light water plants. Tests are
periodically performed to verify that the Engineered Safety Systems msec
design requirements. These tests are mandated by the Technical Specifi-
cations upon which the reactor has been licensed.

The goal is to show that the required shutdown capability is in place.
To do so, periodic and unobtrusive testing of plant dynamics will be
performed. The plant measurements from these tests will be processed to
yield a dynamic model that comprises a measured basis upon which the
response to unprotected accidents will be predicted. If the response is
within safety limits, then it will be concluded that the mechanisms for
safe shutdown are in place.

Other approaches exist for predicting the response of the core1-2 but
they do not make use of current measurements and as a result suffer two
shortcomings. First, estimates for uncertainty magnitudes made without
consideration for current operating data will always be larger than those
obtained by direct measurement. Since the core rating must he decreased as



the uncertainty increases, an economic penalty is imposed. In principle,
the minimum uncertainty levels for the method proposed in this paper depend
only on measurement noise levels. Second, a direct confirmation of model
validity requires that the identified model be compared against current
measurements and that the goodness of the fit be consistent with the
statistical properties of the identified model. This comparison can be
done only if current measurements are available.

While the preferred form of the identified model is one developed from
measured data without regard to model structure, some structure beyond that
of a transfer function is required to handle nonlinearities. A linear
model simply cannot represent core behavior during a rapid loss of flow.

In addition to the requirement for a measurement-based approach and
the need for some nonlinear model structure, there are other factors that
influence the type of scheme used to generate the model. First, experience
at EBR-II3iA indicates that neither process noise in the core nor rod drop
tests provide sufficient excitation energy to identify dynamic beh- ior.
Test signals in the form of perturbations to reactor flowrate, rod position
and inlet temperature will have to be introduced. Second, to be practical
from an operations standpoint, this excitation must take place at normal
power. Third, measurement noise and its effect on the uncertainty of the
model prediction must be explicitly dealt with. Finally, a statistical
test is required to verify that the identified model of the core dynamics
is consistent with the measurements.

This paper describes a methodology developed to meet these goals. The
methodology is a synthesis of existing methods and an extension of others.

MODEL EQUATIONS

The system to be identified is in general composed of three elements:
sensors, actuators and process hardware. The behavior of each element is
governed by the conservation laws, and these laws are normally represented
in lumped parameter form. The system equations then take the form

and

where

x(t) - n x 1 state vector,
u(t) - m x 1 input vector,

- r x 1 output vector.



The stochastic or random components of the plant behavior are assumed
superimposed on the deterministic model of Eq. (1). This equation is
transformed to discrete-time form and augmented with the random vectors

. I x W and a(*) to give

- fdlxik) ,uik) .LJk)] + lx(k)

and

- slx(k) ,u(k) ,Lu{k)]

where k denotes the sample time.

METHODOLOGY

The methodology is sufficiently general that it can be used to
determine a probabilistic model for any system whose underlying basis is a
set of ordinary differential equations.

A prudent first step is to determine the minimum model order necessary
to describe the plant. The model order that best describes the measured
data is determined using Akaike's minimum information criterion (AIC).5

The criterion is used as follows. For order one we identify at the full
power operating point, a discrete-time linear canonical stochastic model.
The maximum of the likelihood function is a by-product and we use this to
calculate AIC. This procedure is repeated for orders 2,3,... until the
minimum AIC is found. The model associated with the minimum AIC is,
according to Akaike, the one that best describes the data at the operating
point.

The model order, and time constants which are output in the above
step, and a knowledge of the underlying physics are used to hypothesize
a model structure whose parameter values are to be estimated. The only
constraint on the form of the structure is that it can be written in the
form of Eq. (2). In addition to u(k) representing a forcing function, it
can also be used to represent a model parameter. For example, if the ith
element of u(k) is to represent the deterministic parameter ad, then u(k)L
- ad and Var[J^fJOJ •= 0 in Eq. (2). Alternatively, if the ith element of
u(k) is to represent the stochastic parameter as, then a(k)i - E[as] and
VartfuCfcJj.] = Var[as]. The symbols E and Var denote expected value and
variance, respectively.

The parameter values sought are those that maximize the logarithm of
the likelihood function of Eq. (2),

max In f /V^l) ^(n) |a] (3)
3.

where the dependence on the parameters a has been written explicitly.



If the plant output measurement? ^x* v^Cl), .... v^Cn) , then

infteJD Xjn)] (4)
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where

x. (k) - xjk) - glx(k\k-D ,u(k),o]
•m ~m

and where 2(k|fc-l) is the covariance matrix of the measurement residual

and g(k\k-l) is the Kalman filter state estimate.

As a necessary condition for the model to be declared valid, we
require that the statistical properties of the identified model be
consistent with the measured data. A reasonable test is to check to see
that the measurement residuals are white as they should be. This can be
done by computing the covariance of measurement residuals displaced in
time and looking to see that

E[z{k) zik+1) T] - 0,1 * 0 .

The test for measurement residual whiteness used in this paper is that
of Peterson.6 He proposes the matrix

(5)

1 V r (k) Z(k+1)T

where

z(k) -

as a measurement of the covariance between residuals. The statistical
properties of R(l) were, however, not given by him so they were derived
independently as part of this work.

The validity test is as follows. The values of the elements of R(l)
are computed from plant measurements 3^(1), ..., Xm(^) using Eq. (6) to
give

* - value of R(l)i$ computed using plant measurements

Zad). ..-. W)



Now if Eq. (2) is a valid representation of the plant and if the errors
introduced by the linearization are small, then .R(l)}j must be consistent
with the statistical properties of R(l)Li. To be specific, if the
identified model given by Eq. (2) is a valid representation of the
measurements ^(1) , • • . • Xa(^) • then for f defined to be the fraction of
R(l)* elements for which

(8)

we must have f > 0.995 where \i denotes the mean and a the standard
deviation.

The identified model can be used to predict the uncertainty in the
plant response for a given input forcing function. The state variables
x(k) and the outputs v(k) in Eq. (2) correspond to temperatures and powers
that are of interest from a safety standpoint. Further, these quantities
are random variables whose statistics can be calculated. However, in
Eq- (2), vfkj is a sensor signal which includes the effect of sensor noise.
We are more interested in predicting the process variable itself, not the
noise corrupted version output by the sensor. The more appropriate form of
Eq. (2) for prediction is

xik*D - fdU(k), uik).

and

where the output measurement noise term, n(k), has been dropped.

APPLICATION

The methodology was evaluated by processing simulated measurements
generated for the EBR-II reactor. This approach provides a starting point
for the eventual demonstration of the methodology at the EBR-II plant using
real data.

The results presented here considered only the effect of primary
flowrate on reactor behavior. The effect of external reactivity and inlet
temperature are to be utudied in future work.

The simulation model used in this example while relatively simple --
it consists of the point kinetics equation with one precursor and the
prompt jump approximation and a lumped parameter equation for the control
rod -- predicts the core power behavior observed in EBR-II flow coastdown
tests quite well. The solution for quasi-static changes in flow depends on
a parameter aqs, a function of all reactivity feedbacks. The solution for
more rapid changes depends on the additional parameters adl, the one-group



neutron precursor half-life, ad2i a function of all reactivity feedbacks
except the control rods, and ad3, the control rod temperature time
constant.

Measurement data were generated by adding white noise to reactor power
and primary flow obtained from a noise-free simulation.

Quasi-Static Identification

A slowly varying transient in which some parameters do not affect the
quasi-static plant response presents an opportunity to identify a subset of
parameters. In turn, the task of identifying the remaining parameters
through a fast transient is made easier. Specifically, if flow is varied
in a quasi-static manner, then the parameters adl> ad2, and ad3 do not
affect the power. This leaves the expected value of ctqs, the variance of
a_s, the variance of the measured flowrate, 5w(k), and the variance of the
measured power, r\3(k), to be identified. The state equation errors £g(k)
and £T (k) are set to zero for the present.

A quasi-static transient was initiated by ramping flowrate from 100 to
85 percent and back again over a period of one hour. Simulated
measurements were generated by adding white noise to the flowrate forcing
function and to the calculated reactor power.

The parameter values identified from the quasi-static transient
simulated measurements are shown in Table I. As seen in the table, the
"initial" values used to start the parameter search algorithm are a factor
of two different from the "actual" values used to generate the simulated
measurements.

Model Order Identification

A determination of model order was made by perturbing the plant at
full power and processing the measurements using Akaike's criterion. The
input signal consisted of a pseudo-random binary sequence superimposed on
the full power primary flowrace. The AIC criterion is plotted as a
function of model order in Fig. 2. The results indicate that flow
perturbations of at least five percent but no more than ten percent are
needed to correctly determine the model order. Further, the system is very
nearly first order which is consistent with the fact that the control rod
feedback coefficient is small.

Based on the above findings, flowrate perturbations of five percent
and a system order of one were determined as appropriate for performing
dynamic identification. One concludes that the effect of the control rod
on plant dynamic behaviour is minor.

Dynamic Identification

Identification was performed for the first order system obtained by
setting the control rod driveline time constant to zero. In doing so we
find the parameters adZ and ad3 assume fixed values in the problem.



We are left with a reduced set of parameters to be estimated and these are
listed in Table II.

This first order system was identified using simulated measurement
data generated from the second order model. The input signal consisted of
the signal in the quasi-static case with a plus and minus five percent
pseudo-random binary signal superimposed on this.

The parameter values identified are shown in Table II.

Test for Model Validity

The validity test given by Eq. (8) was applied to the identified
model. The model passed the test.

Prediction Uncertainty

The validated model was used to predict the response of the core to an
unprotected loss of flow accident. A hyperbolic flow decay with a halving
time of five seconds was used and is typical of a flow coastdown in EBR-II
following a loss of electric power to the primary pumps.

The results of the uncertainty prediction are shown in Fig. 2. The
solid line is the power-to-flow ratio given by the model used to generate
simulated measurements throughout this work. The two dotted lines show the
three-sigma confidence level of the identified model. As it should, the
identified model prediction envelopes the response of the model that was
used to generate the simulated measurements.

SUMMARY AND FUTURE WORK

A method was developed to obtain a probabilistic model for the dynamic
behavior of a reactor core from measurements made at normal operation. The
method tests initially for the dynamic order of the plant. Time constants
are then determined once the order is known. From a knowledge of time
constants and the underlying physics, one develops a stochastic model
structure to describe the plant. The parameter values in this structure
are then selected to maximize the likelihood that the model produced the
measured data. A validity test is then used to check for statistical
consistency between model and measurements. The model once validated can
be used to predict three-sigma core response uncertainty levels for
different forcing functions.

It is envisioned that this capability will be used to predict the
response of an as-built IFR core to unprotected accidents. This capability
will be required if credit for a passive shutdown c pability is to be taken
in the plant probabilistic risk assessment. Measurements will be gathered
in an unobtrusive manner and on a periodic basis. The resulting model will
be driven by core boundary conditions -- primary flowrate, reactor inlet
temperature and external reactivity - - corresponding to five classes of



unprotected accidents: loss of flow, loss of heat sink, rod withdrawal,
primary pump overspeed and chilled core inlet temperature. The three-sigma
confidence levels generated by the model will then be compared against
cladding eutectic, sodium boiling and fuel melting safety limits. If the
predicted response is within safety limits, then it will be concluded that
the mechanisms for safe shutdown are in place.

The method was evaluated by processing simulated measurements from the
EBR-II reactor. Although the simulation model is relatively simple, it
predicts the core behavior observed in EBR-II tests quite well. The method
appears very promising. The model order test proved effective for deter-
mining the minimum signal-to-noise ratio required, for determining the
actual system order and for determining an appropriate model order. In
particular, pseudo-random binary signals of ten percent peak-to-peak super-
imposed on full power flowrate proved sufficient for identifying core
dynamics.

Future work will be directed toward eventual demonstration in EBR-II.
The next step will be to generate new simulated measurements using the more
detailed models in the SASSYS code. A more detailed investigation of the
effect of the input signal's energy spectrum and time duration on the
uncertainty in the identified model will be made. In addition to including
primary flowrate as a forcing function as was done in this report, inlet
temperature and external reactivity will also be examined.
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Fig. 1. Akaike's Criterion as a Function of Primary Flowrate
Perturbation Magnitude.
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Fig. 2. Three-Sigma Power-to-F1ow Uncertainty Prediction for Flow Coastdown.


