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AUTOMATED GENERATION OF NONLINEAR SYSTEM

CHARACTERIZATION FOR SENSOR FAILURE DETECTION

B. R. Upadhyaya, K. E. Holbert and E. Eryurek
Nuclear Engineering Department
Pasqua Engineering Buflding
The University of Tennessee, Knoxville, Tennessee

ABSTRACT

Independent estimation of critical signals Is
required for use in consistency checking of
instrument outputs and for isolating common-mode
failures. When measurement redundancy is not
available, this method can be used for monitoring
sensor degradation or sensor drift by on-line
prediction of the sensor output. A methodology is
developed to characterize a given critical signal
as a function of other related variables in a pro-
cess by a nonlinear minimum-term model. This
steady-state characterization is fully automated
and implemented in a VAX workstation and is
applied for sensor failure moniftoring in a power
plant.

INTRODUCTION

Instrumentation channel outputs in large dynamic
systems such as power plants, process industry and
others are used in plant control systems, protec—
tion systems and monitoring systems. 1In order to
reduce the burden of decision-making on the part
of the plant operators, and to improve the
reliability of operation, on-line systems are
being developed for signal valtdation(l}. These
methods often require the prediction of one or
more Iinstrument outputs as an independent source
of information for sensor verification. The
objective of this paper 1s to present a systematic
methodology for modeling a critical signal in a
process as a function of other signals related to
a subsystem. To achieve this goal we have deve-
loped a steady-state nonlinear modeling technique
based on measurement during a learninc phase

“of the system., The general form of this predic-

tive model is given by

N
y1 = Co + 2 €y 04(x) (1
1=1

where y; 1s the sensor output to be monitored,

% = (X1, X2,+00,Xy) 18 the vector of subsystenm
variables that influence yy, and (¢1, i1=1,2,+4.,N}
are nonlinear terms which along with the constant
coefficients {Cy} minimize the prediction error.
Desrochers and Mohsgeni developed a method of

nonlinear polvnomial fitting. We have adopted the
general approach given in this paper and developed
a new algorithm. The following aspects of the

development are our contribution to this approach.

(1) A complete software package to handle data,
optimize model selection and predict sensor
output.

(2) Application to different industrial processes
to determine the validity of the method.

(3) Cholce of operating regions to determine best
minimum-term models.

(4) A more accurate model by including a constant
term In FEq. (1) and the coefficient estima-
tion at the end of the overall optimization
procedure.

Our study showed that some of the conclusions in
Ref. (2] were not fully valid. For example, the
optimal (N+1) term model may not include all the
terms of the optimal N~term model. Computing the
{Ci} sequence as the model terms are selected will
not result {n the same sequence if it 1s computed
at the end of optimization. The problem statement
is given in Sect. 2. The minimum-term, optimal
nonlinear modeling algorithm {s described in Sect.

3. Section 4 contains a discussion of the implemen-

tational aspects of this algorithm with applica-
tion to an operating power plant. Concluding
remarks are given in Sect. 5.

2. PROBLEM STATEMENT

The analytical measurement or prediction of a cri-
tical signal v as a function of related variables
in a subsystem, durlng steady-state or quasi
steady-state operating conditions Is given by

1

y = () = f{x].,X2 e enseXp) €

This is shown schematically in Fig. 1. No assump-
tion is made that the x variables are independent

of yq.
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Figure 1. A plant subsystem showing the relation-
ship between a critical signal y and
the signal set (x],X2,+++%Xq) that

influences the behavior of y.

In particular, we want to generate a functional
relationship of the form

N
vy =Gt L Cp ¢4 3)
1=1

where (Cys Cyys..,Cq) 1is a constant vector, and
each oi( ) is a nonlinear term (cross product)

with a specified maximum polynomial order. Our
objective 1is to generate a minimum-term, optimal

model from measurements (y], Y2, «ss, YL, X

Xy e X Ly, where L is the number of data points.
This 1s referred to as the data-driven predictive
model (DPM).

We will present a detailed algorithm to determine
an optimal model and consider the following
aspects.

(1) Selection of the polynomial order and the
nunber of terms N in the empirical model.

(2) Scaling of variables in order to avoid
numerfcal Iinstability.

(3) Error propagation due to the fitting proce-
dure and measurment uncertainties.

3. NONLINEAR SYSTEM MODELING ALGORITHM

The general nonlinear steady-state system predic~
tor has the form

N
y =1 Cyoi(x) + G (4)
1=1

After choosing the functionals ¢;(x), the coef-
ficients (Cy, C],s.., CN) are calculated using the
least~-squares procedure. Each ¢; is a nonlinear
term or cross product of the components of x. The
number of possible cross product terms is a func-
tion of the polynomial order and the number of
components in x. In order to handle the nonlinear
models, and to reduce the number of terms, or even
the order of the model, several theories have been
developedlB]. Among them the algorithm proposed
by Desrochers and Mohseni is found to be use-
ful for our applications. Their algorithm is not
generally optimal as stated in Ref.

We want to determine a minimum-term fit of the
form of Eq.(4), without evaluating all possible
cross product terms. The basic principle of the
algorithm is given below. Let L be the number of
data vectors and M be the number of possible

cross products. Using cach cross product we can
calculate M vectors, each of dimension L.

v(1) = ¢3(x(k))} (5)
i1=1, 2,.40, M5 k=1, 2,...,L. ¢; is the i-th cross
product. Thus, we have an l-dimensional Euclidean
space, with M vectors in this space. 1In this
space the c=calar sfgnal y is represented as an L-
dimensfonal vector. Our goal is to select N vec-
tors, N < M, to give an optimal fit in the

leas t-squares sensa,

The computer algorithm follows the basic rathema-
tical steps similar to those described in [2].

STEP 1. Determine the cross—-product term closest
to the vector y~. This will provide us
with one-term model. Calculate the pro-
jection matrices

[vi(1))vi@inT

P(i) =
I 1Tvie))

1=1,2,...,M.(6)

where j is the loop counter.
STEP 2. Project the actual output vector XP to
different directions and calculate the
scalar length.
YU = p(1)yl] (7
and  R(1) = [yRI(OITyLiciN (8)
STEP 3. Find the largest scalar length from among
R(1) and identify the cross product term
based on the largest scalar length as the
next term in the model.
1f more terms are desired, project all
the temaining vectors onto the subspace
orthogonal to the vector we have
selected, xF is also projected onto this
subspace. The cross product term that
best approximates the error in XL is
selected as above. Calculate the projec-
tion matrix corresponding to the selected
term, and project the remaining vector
onto the space orthogonal to the vector
selected previously.

STEP 4.

(10 v (10T
P(1y) = — kI (K (9)
[x}(ik)foﬁ(ik)]

and  vitl(1) = Mivi(1), i=1,2,...,M (10)

i#1y,1=1,2,...,3.
where

M= 1 - i P(17) an
1=1
STEP 5. Project the output vector onto this
subspace, check its length and select the
next best term.

yRItL 4y = iyl (1) (12)




Determine the error. Stop, or go to STEP 1,
Once the polynomfal terms are selected the coef-
ficients (Cgy, Cy1,++.Cy) are determined from the
least-squares solution

M N
min I lyx) - ¢, -5 Ci¢i(lﬂk))]2 ISE))
(CO’CI""'CN) k=1 i=1

4, IMPLEMENTATION AND APPLICATION
4.1 Implementation

We have developed a complete software package for
implementation on an IBM PC. The software system
consists of general routines to manage large data
files, scaling to provide mathematically tractable
data sets, a routine to perform the nonlinear
modeling steps described in Sect. 3, a more
general program to find the best polynomial order
and an optimal number of terms in the model. Eoth
input and output information are displayed. Once
a model is created, it can be used to predict test
data points and to evaluate the accuracy of
measurements.

An error analysis of output prediction is deve-
loped. For a given model 1ft, the overall frac-
tional prediction error, €p» is defined by

Epz - l f Ym<k)'yP(k)]2
k=1 yp(k)

where yu(k) = measured value of y at time instant
k,
yp(k) = predicted value of y at time
instant k,
L = number of measurements used in
model fitting.

The actual standard deviation of the prediction

error of the signal at any time instant k i{s then
estimated as

9pk = €p * ¥p(k)

This error analysis does not include the measure-
ment errors.

The following observations concerning the present
work are made as compared with earlier work .

1. Selection of the best nonlinear model fis
based on evaluating the model of Eq. (4),
rather than comparing only the residual
errors after each step.

2. Prediction error is_calculated explicirly.

3. As stated in Ref.[Z], the best N-term model
is not generally obtained after N steps.

4, Data scaling used in our algorithm 1is very
important to derive an optimal fit.

5. It may be necessary to generate models for
different operating regimes.

The detailed degcription of the software system is
glven in Ref. 4],

4.2 Applications

The method described in Sect. 3 and the automated
signal characterization (nonlinear wodeling)
algorithm are applied to data from an operating
nuclear power plant. A typlcal schematic of a

pressurized water reactor is shown in Fig. 2. The
safety and control system instruments measure
variables such as reactor power, reactor pressure,
coolant temperatures, liquid levels, flow, and
others,

The first application relates to the modeling of
reactor power as a function of the hot leg tem-

perature and cold lec temperature. The model for
predicting the reactor power is given in Eq. (14)

¥ = 0.00256x9%-64.5%x]+0.0568x) 2~1. 18x5+18178  (14)

where y = Reactor power (%)
x| cold leg temperature (F)
7 = hot leg temperature (F)

Figure 3 shows the measured and predicted values
of power from low levels to 1N00% level. A single
model is able to predict this variable for the
full operating range.

The second case study 1is the application to the
prediction of pressurizer level as a function of
pressurlzer pressure, reactor power, hot leg tem-
perature and cold leg temperature. Again one
model 1is able to predict this variable for the
full operating range. The prediction model is
given in Fg. (19).

y = 0.7365x%,-0.0685x%-0.0086x,+0,64x3-723 (15
where y = Pressurizer level (%)

¥1 = Reactor power (%)

X) = Pressurizer pressure {1b/in?)

%3 = Cold leg temperature (F)
%4 = Hot leg temperature (F)

Figure 4 illustrates the performance of model pre-
diction as compared with the measured pressurizer
liquid level (+) signal.

For cases where a large database is used to
characterize one or more critical signals it 1is
necessary to cluster the database and develop
models for each cluster. We have applied pattern
clustering algorithms in application to a rolling
mill System[s%- In general, database clustering
must be considered in characterizing different
operating conditions of a system.

5. SUMMARY AND CONCLUSIONS

We have developed an automated algorithm for
fitting an optimal nonlinear model to predict cri-
tical signals for purposes of sensor failure moni-
toring and process diagnostics in process control
systems. Numerical studies using operational data
from a nuclear power plant and a rolling mill

have established the feasibility and applicability
of this empirical predictive method. The {mpro-
vement in the previous methods has produced a
robust algorithm useful for signal validation




problems. The linear predictive model is a spe-
cial case of the modeling discussed here. The
modular architecture of the software allows easy
interface with a general failure diagnostics
system.
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Figure 2. Schematic of a pressurized water reactor showing

typical values of some of the variables.
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Comparison of measured (solid line) and model-
predicted (+) values of power level (%) in an
operating PWR. The input signals for the empirical
model are hot leg temperature and cold leg

temperature.
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Filgure 4. Comparison of measured (solid line) and model-predicted (+)
values of pressurizer level (%) in an operating PWR. The
input signals for the empirical model are pressurizer
pressure, power, hot leg temperature and cold leg
temperature.




