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Abstract
—-—
Adaptive training of feedforward neural networks by Kalman filtering is described.

1 Adaptive training is particularly important in estimation by neural network in
real-time environment where the trained network is used for system estimation
while the network is further trained by means of the information provided by
the experienced/exercised ongoing operation. As result of this, neural network
adapts itself to a changing environment to perform its mission without recourse
to re-training. The performance of the training method is demonstrated by means
of actual process signals from a nuclear power plant.
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1. INTRODUCTION

Backpropagation (BP) is apparently the most common algorithm used in training
feedforward neural network (NN). A number of improving modifications are made
on the standard gradient descent algorithm which is employed in BP, to speed
up the adjustment of weights. However such modifications and/or strategies can
improve the convergence of the weights to their optimal values only to some extend
due to the essential convergence problems of the BP algorithm. The neural network
training can broadly be divided into two categories as optimization and adaptive
filtering. Classical BP is a gradient descent method of optimization executed
iteratively with implicit bounds on the distance moved in the search direction
in the weight space fixed via the learning rate, i.e., gain and the momentum
term, i.e., the damping factor. Viewing the training as an optimization problem,
effective (approach to minimum well defined together with avoiding local minima)
and efficient (fast convergent) optimization techniques [1,2] can be applied for
training. The distinctly superior performance of these methods are reported in
the literature [3,4]. On the other hand, by regarding the deterministic training
examples as random variables, the training process by BP can be interpreted as an
adaptive filtering problem where both observable signal sequence and the reference
signal sequence are independent and nonstationary. Hence, the gradient descent
algorithm becomes stochastic least-meansquare algorithm which is known to be
LMS algorithm for linear systems in the context of adaptive signal processing.
As the neural network's inputs are randomly varying information, the exact form
of the difference (error) function to be minimized is not known. Therefore, in
place of taking gradient of mean-squared difference, the gradient itself at each
iterative computation is taken. This approach is well known as the stochastic
approximation. As one can replace a gradient-descent algorithm with advanced
optimization methods, stochastic approximation in on-line and/or off-line adaptive
filtering can as well be replaced with an advanced stochastic algorithm, namely
Kalman algorithm. Hence, adaptive form of Kalman algorithm can be used not
only for effective and efficient training of feedforward neural networks but also it
can be used for training in a continuously changing environment.
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2. KALMAN FILTERING

By means of Kalman filtering optimal state estimation for a linear dynamic system
is performed. Extended versions of the Kalman algorithm can be applied to non-
linear dynamic systems by linearizing the system around the current estimate of
the parameters. Although computationally complex, Kalman algorithm update
parameters recursively that is consistent with all previously introduced data and
usually converges in a few iterations. Derivation of Kalman equations are widely
available in the literature [5,6]. A brief description of Kalman equations by means
of which neural network parameters are computed adaptively, are presented below.

Consider a linear discrete system and assume that modelling technique has pro-
duced an adequate description in the form of a linear stochastic system to describe
the propagation in time of a state vector X(

X(Jfc) = £(*, k - \)X(k - 1.) + l(jfe)t/(Jfc) + g(k) W(Jfc) (2.1)

Y(k) = £(k)X(k) + V_(k) (2.2)

Here, X£k) is an w-vector state process; 0(&, k - 1) the non-singular n x n system
dynamics matrix; B_(k) the n x r input matrix; U_(k) the r-vector deterministic
input; G_(k) thenxp noise input matrix; W_ (k) the p-vector white Gaussian noise
process; Y_(k) the m-vector measurement process; and C_(k) the n x m measurement
matrix; VJJc) the m-vector white Gaussian measurement noise process. The
statistics of the noise process W_(k) and Vjjc) arc assumed to be

E[W(k)]=0 (2.3)

T]=gSklk2 (2.4)

£[V(fc)]=0 (2.5)

==M l f e (2.6)

where S is the Kronecker delta, QXk) and /?(&) are p x p symmetric positive-
semidefinite and positive-definite matrices, respectively. The system noise W(k)
includes the effect of variability in the natural system as well as model structure
errors. The measurement noise V_(k) represents the uncertainty associated with
the measurement process. The initial condition X(0) is assumed to be Gaussian
with statistics:

E[X{0)) = X(0) (2.7)

E{ [ X(0) - X(0)] E[ Z(0) - X(0)]r} = Z(0) (2.8)

where £(0) is the n x n symmetric positive-definite matrix.

ECN-R-95-01 7
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The estimate of the system state X_(k) can be obtained by the help of the informa-
tion provided by the system model and the measurements Y_{k) obtained from the
actual system. For the solution of this filtering problem the Bayesian approach is
used and the conditional probability density of the state XJk), conditioned on the
entire history of the measurements, is identified. Once this density is explicitly
described, an optimal estimate of the state X£k) can be defined. Under the as-
sumption of the model given above, the conditional density is Gaussian and it is
completely characterized by its mean and covariance matrix. Hence, the estimate
°f 2L(k) based on the conditional density will results in the same estimated Xtfc)
and the same covariance matrix of the estimation error £Xk). The optimal state
estimate is propagated from measurement time k — 1 to measurement time k by
the equations

X(k\k - 1) = 4>{k, k - l)X(k - 1 |ifc - 1) + B_(k)H(.k) (2.9)

PJik\k-\) = $(k, k - \)£Jik ~ \\k - \)$(k, k - l)T +

g.{k)Q(k)g(k)T (2.10)

At measurement time k, the measurement Y_(k) becomes available. The estimate
is updated by the equations:

X_(k\k - 1) = X(fc|it - 1) + £(k) • [Y.(k) -£(.k)X(k\k - 1)] (2.11)

g{k\k) = g(k\k - 1) - KWgWgiklk - 1) (2.12)

where

K(k) = g{k\k - \)g(k)T • [£(k)£Xk\k - l)g(k)T + R(k)}-1 (2.13)

is the filter gain.

ECN-R-95-01



3. EXTENDED KALMAN FILTERING

If the linear model is not adequate to represent the process, the system state can
be represented by the non-linear stochastic system

X(k) =±[X(k-l),k- l.fc)] +£(*)£(*)+£(*)W

X0 (3.2)

where f£ [ X_(k — 1), k — 1, k] is the state vector representing the system dynamics.
Let the measurements be modelled by the non-linear equation

Z(*) = C[X(*), * ] + £ ( * ) (3.3)

where C[2£(&), k] is a vector describing the relation between the state and the
measurements. Now, let us denote a discrete reference state for J(fc). The state
equation may be written as:

X(jfc) = 4>[2£(Jfc - 1), k - 1, Jfc] -

J (3-4)

and the observation equation as:

Y(k) = C[X(k),k] - C[x.(k), k] + £[£(*), *] + V.(k) (3.5)

Considering the small deviations ofX,(k) — ][(k), we can expand .$[*(& — l)i ̂  -
1, k] in the neighbourhood of x(fc) and keep only the linear terms, so that

* [ £ ( * — 1), Jfc — 1, *] - *[£(Jfc - 1), ̂  - 1, jfc] »
£ ' [ £ ( * - 1), * - 1. k][X(k - l)-m - 1)] (3.6)

C[X(k), k] - C[x_(k), k] » £'[i(fc), *][X{k) ~If®] (3.7)

where

are the matrices of partial derivatives. Substitution of the approximate Taylor
series expansions in the non-linear vector state equation yields

ECN-R-95-01 9
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Xffc) = g[-x(k-l),k~l,k)X(k-\)
g[x.(k -\),k~ l,k]x(k - 1)

g(k)U(k) + g(k)mk) (3.10)

and the approximate linear observation equation

C[x(k),k] + V(k) (3.11)

Given the linearized model above, the standard Kalman filter can be employed to
obtain the estimate of the state Xflc) and its covariance matrix. In this model, the
reference state vector is taken to be

!(*) = ÊII(k - 1), k - 1, it] + g(k)]l(k) (3.12)

1(0) = & (3.13)

so that the reference trajectory is completely determined by the prior estimate of
the state. This estimator is known as the linearized Kalman filter.

The basic idea of the extended Kalman filter is to relinearize about each estimate
X(*|fc)oftheform

sip) = *[*(/> - 1 ) , P - 1 , P ) ] + mp)yjip) ;
p = k + l,k + 2 (3.14)

(3.15)

As soon as a new measurement is available and a new state estimate has been
obtained, a new and better reference trajectory is incorporated into the estimation
process. With this choice of reference trajectory large initial estimation errors are
not allowed to propagate through time and therefore the linearity assumption is less
likely to be violated. It is important to note that the extended filter gain, unlike the
linearized Kalman filter gain, depends on the measurements and therefore cannot
be precomputed.

10 ECN-R--95-01



4. NEURAL NETWORK TRAINING BY
KALMAN FILTERING

Kalman filtering can be used for adaptive parameter estimation as well as opti-
mal state estimation for a linear dynamic system. In the application of Kalman
filtering to neural network training the parameters are the network weights which
are considered as states and the estimation of the states is performed using the
information applied at the network 's input. However this information cannot
be used directly as the size of the covariance matrix is equal to the square of
the number of weights involved. To circumvent the problem we partition the
global problem into a number of subproblems each of which is at the level of a
single neuron. A generic model for a single neuron is shown in Fig. 1. With the
exclusion of the sigmoidal non-linearity part, the model is linear with respect to
synaptic weights. In the Kalman filtering model the measurement information is
not explicitly known. However, the residual noise is given by

« = L(k) - g(k) • X,(k\k - 1) (4.1)

and the influence of the single linear subsystem on the global network error can
be estimated as

'--T, <«>
where the energy (or cost) function E defined by

EE^^y^2 (4.3)
n=I *=1

where M is the number of pair of input/output patterns; n the dimension of
the networks output; d(k) and Y_(k) the network's desired and actual outputs,
respectively. The neural network and the relevant quantities are shown in Fig. 1,
and the representation of a single perceptron is given in Fig. 2 where ƒ (x) is the
sigmoidal nonlinearity function called logistic function.

In a neural network with Kalman filtering each perceptron output is estimated
by the Kalman estimator. Because of the nonlinearity introduced by the logistic
function f(x), extended Kalman filtering algorithm is required. However, since
the analytic form of the nonlinearity is known, in place of the linearized filter
algorith, one can linearize the perceptron model so that a considerable saving
in computation is gained. The two approaches are nearly equivalent. However,
by means of the latter approach the stability characteristics of the estimator is
enhanced which yields faster convergence in training. The linearized perceptron
model for Kalman estimator is described below. Note that in this approach, each
weight connected to the neuron is considered to be a state and estimation turns
out to be an adaptive learning.

Considering the sigmoidal nonlinearity of the form

(4.4)

ECN-R-95-01 11
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X

input

To

\
Figure 4.1: A feedforward Autoassociative NN structure

X

Sigmoid
function

f(t)

output

x: input vector for a perceptron

y: output of perceptron
w: weight vector

Figure 4.2: Representation of a perceptron

for an arbitrary perceptron, the influence of this single linear subsystem on the
global network error takes the form

dE 3/(0
3/(0

= eb y(\ - y) (4.5)

Above

QE
(4.6)

and g can be let play the role of measurement error, the case being similar to
the conventional approach in neural network training. However the measurement
error can be estimated differently as follows. We write the measurement equation
as

(4.7)

Expanding the sigmoidal function in Taylor series and linearizing it, we write

(4.8)

12 ECN-R--95-01
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where

^ - ^ = y(i-y)w = K (4.9)

so that the measurement equation becomes

(4.10)

Above the capsign indicates the estimate; r is the modified measurement error
which is the sum of both modelling and the backpropagated errors:

r = f(x)-£Tx + eb (4.11)

In the case where we do not allow for any modelling error in the measurement
equation, we take

LTx = 0 (4.12)

for each estimate of the state vector x_, this results in

r = eb (4.13)

during the recursive estimation process where the variance estimate of r is equal
to the measurement error variance to avoid the excessive learning. Although this
approach is not strictly the Extended Kalman Filtering (EKF) algorithm described,
it is still the extension of the Kalman algorithm, the extension (linearization) and
the algorithm being virtually the same.

From the above equations i.e. Eqs. 37 and 38, it is interesting to note that, at each
intermediary, known as hidden layer, each neuron receives its own effective input.
In othsr words, it will have its own copy of covariance matrix P_ even the inputs
from the preceding layer is shared with other neurons present at the hidden layer.
The price paid for this enhancement over the linear Kalman filtering is the higher
computational and storage cost as compared to the former case.

The Kalman filtering approach for neural network training can be viewed as
follows. For linear dynamic systems with gaussian white process and observation
noise, the Kalman algorithm is optimum. As opposed to gradient techniques,
the Kalman algorithm computes the optimum value of the system parameters as
each new data point is seen. Extended versions of Kalman algorithm is applied to
nonlinear dynamic system by linearizing the system around the current estimate
of the parameters. By doing so the parameters are updated consistently with all
previously seen data and usually converges in a few iterations. This reduces the
risk of trappings at the local minima as well as excessive learning which are not
controlled in gradient-based adaptive approaches. With respect to the latter, it is
interesting to note that, in the Kalman filter model the error eb includes also the
measurement noise if the data introduced to the network's input is obtained from
a noisy measurement or it is in the form of sensory information coming from a
process such as an operating nuclear reactor. Hence, this noise and the modelling
errors are accounted in the residual estimation. Therefore, as the algorithm

ECN-R--95-01 Ü
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converges, the energy (or cost) function approaches in the least-mean-square
sense to a minimum variance which is approximately equal to the measurement
error variance. Due to this, network cannot learn more than a certain limit so that
overfitting, that is, learning beyond the measurement errors in the network training
is avoided. This is particularly important as the overfitting causes decrease in the
generalization capability of the network. Additionally the fast convergence is the
most desirable feature in neural network training for stochastic signals where the
statistical parameters are estimated with both the inputs and the training algorithm
being stochastic.
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5. EXPERIMENTAL STUDIES

Experimental studies are performed using actual measurement data from the Bors-
sele nuclearpowerplant (NPP) in the Netherlands. The Borssele NPP is a two-loop
pressurized water reactor with nominal electric power output of 477 MWe. The
on-line signal analysis system designed for the multilevel operation is capable
of monitoring the plant's status by tracking selected 32 DC and 32 AC signals
simultaneously.

Two data sets [7] are used in the present investigation. One of the data sets is
obtained during normal operation with temporary power reduction for a certain
duration and the other one is obtained during a 9\ hours shutdown. The data are
sampled with 8 s/s for AC and 1 s/s for DC. Afterwards, the DC data are formed
with a sampling rate of 1 s/min. The first data set represents a power dip where
the corresponding electric power varied from 475 MWe to 146 MWe and after a
certain lapse of time from 146 MWe to 475 MWe back again. For the second data
set, the power decreased from 375 MWe to 91 MWe. It is obtained during the
stretch-out (extended burn-up of the fuel) followed by normal shutdown.

coolant
pump 2

Figure 5.1: Schematic representation of the NPP and the sensors used

From 32 available signals, the most relevant ones are selected for the test. From
the first data set which is designed to be B17159, 150 patterns are used for the
training of the network. From the second data set which is designed to be B17326,
569 patterns are used for adaptive learning and estimation. From 32 DC signals,
the set of selected signals used in this study are shown in Fig. 3 and indicated
in Table 1, above. The feedforward neural network structure used in this study
is shown in Fig. 4. The number of input nodes is twelve, the number of hidden
layers is two and each hidden layer contains four nodes. The output has only one
node which is used for the estimation of the generated electric power. Although
commonly the number of hidden layers is taken to be one especially for practical

ECN-R-95-01 15
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Table 5.1: Sensory signals and their identification (see Fig. 1)

Sensor Identification
1. Cold leg temperature (loop 1)
2. Hot leg temperature (loop 1)
3. Cold leg temperature (loop 2)
4. Hot leg temperature (loop 2)
5. In-Core neutron detector
6. Steam gen. feedwater pressure 1

7. Steam gen. feedwater flow 1

8. Steam gen. feedwater flow 2

9. Steam gen. steam pressure 1

10. Steam gen. steam pressure 2
11. Steam gen. steam flow 1
12. Steam gen. steam flow 2
13. Generated Electric Power

CLTL1 (input)
HLTL1 (input)
CLTL2 (input)
HLTL2 (input)
INC (input)
SG1FWP
(input)
SG1FWF
(input)
SG2FWF
(input)
SG1SP (input)
SG2SP (input)
SG1SF (input)
SG2SF (input)
GEP (input)

reasons, here it is taken two with the rationale discussed in the literature [8],
addressing the fault-tolerance of the network, in the first place.

OUTPUT

hidden hidden
layer 1 layer 2

Figure 5.2: Feedforward neural network used in this study

The data set B17159 where there is a power reduction of 70% is illustrated in Fig. 5
and the data set B17326 where stretch-out and shutdown takes place is illustrated
in Fig. 6. It is important to note that these two operations are rather different
mode operations which take place in different times, namely: B17159 (October
10 ,1990), B17326 (February 18, 1991). In Fig. 5, the measured and estimated
data after the training are indicated together with the relative estimation errors in
per cent the relevant scale being shown at the right side. The training is performed
by means of Kalman parameter estimation procedure which is relatively very fast
compared to the weight determination procedure by standard BP algorithm. The
determined weights being kept constant, the generated electric power estimation
using the data set B17326 in off-line mode is shown in Fig. 6 together with the

16 ECN-R--95-01



Experimental Studies

relative estimation errors in per cent shown in the same way as it is in Fig. 5.
From this figure it is seen that estimation errors are increasing as the power is
going down. This is what one should expect because of the changes in the system
dynamics in the course of time between two experiments. The error is getting
even more pronounced when the power goes lower than 150 MWe which is the
lower limit used during training the network.

B17159 L=12, M1=4, M2=4, N=1

500-

400 -

S. 200-

100-
- Measured

o Estimated

I
20

I
40

1 I
60 80

Time (min)

I
100 120

Figure 5.3: Data obtained during Power dip and used for NN training

B17326 L=12, M1=4,M2=4, N=1

500-

4 0 0 -

3 0 0 -

S. 200 H

100-

- Measured

o Estimated

I
100

I
200

I
300

Time (min)
400 500

Figure 5.4: Data obtained during shutdown and used for estimation
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Following the studies described above, the B17326 data set is introduced to
adaptive realtime estimation and training algorithm which is operated by Kalman
filtering methodology. The schematic representation of this algorithm is shown in
Fig. 7 where the algorithm accepts the real-time sensory information as inputs to
the neural network and real-time recursive estimation is performed. In the case the
difference between the measured and estimated value is within prescribed limits
the real-time adaptive process remains in progress. Otherwise error message is
issued and adaptive process is stopped by equating the Kalman gain to zero, while
the real-time process continues without interruption.

PROCESS

REAL-TIME DATA ACQUISITION

TRAINING

DATA

BASE

ADAPTIVE

ALGORITHM

KALMAN

REAL-TIME ADAPTIVE TRAINING ALARM

Figure 5.5: Schematic representation of the adaptive NN training by means of recursive
estimation in real time

B17326 L=12,M1=4,iv12=4, N=1

500-

400-

300-

I
S. 200-

100-

j I I I J I

- Measured

o Estimated

•20

T I I I I I I I
50 100 150 200 250 300 350 400 450 500

Time (min)

Figure 5.6: Estimation of shutdown and adaptive training by Kalman
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B17326 L=12, M1=4, M2=4, N=1

100 200 300 400
Time (min)

Figure 5.7: Estimation of shutdown by recall (no training)

500

As result of the processing the data set designed B17326 by the adaptive training
algorithm, the estimated generated electric power (GEP) and the deviations are
shown in Fig. 8. Comparison of Fig. 6 with Fig. 8 reveals the effective estimation
of the GEP using the previously trained network. Besides its adaptivity, to test the
training performance of the adaptive algorithm, the adaptively trained network is
used once more for GEP estimation without adaptive training, that is, keeping the
network's weights constant and performing simple estimation commonly termed
as 'recall'. The result thus obtained is illustrated in Fig. 9. Comparison of Fig. 5
and Fig. 9 indicates that as result of the adaptive process, the network's training
is updated in the meanwhile. The deviations in Figs. 8 and 9 are comparable
although in Fig. 9 it is somewhat inferior. On the other hand, the deviations in
Fig. 5 and Fig. 9 are substantially different and much improved in the latter. In
Fig. 9, it is also interesting to note that as result of adaptive process not only
the large deviations seen in Fig. 5 are eliminated but also within the range of
operation where deviations are relatively small (i.e., between 0 and 270 min
approximately), the deviations still remain comparable while they are within
acceptable limits. In another words, the newly gained information is absorbed by
the network without significant change on the information already gained before,
all information eventually being essentially persistent.

ECN-R--95-01 19
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6. DISCUSSIONS AND CONCLUSIONS

It is rather conspicuous that a feedforward neural network trained by using pre-
viously obtained measurement data from a dynamic complex system, the status
of which is subject to change in the course of the operation, can be used for
plant's state estimation. It should be pointed out that network is not maintained
with the process information during the time interval between the acquisition of
two data sets where, with reference to the system dynamics, the time interval is
considerably long in all respects. This gap of missing information is recovered
promptly by means of Kalman algorithm as the algorithm retains the retrospective
information for a prescribed period of time (like exponential averaging). As the
system dynamics to some extend remains the same, the algorithm quickly picks
up the essential changes in the dynamics and let the network learn the new status
without forgetting the previously gained information. However, since the neural
network has a limited capacity for information storage, the previously gained in-
formation can be partly released as this is seen in Figs. 6 and 9 by comparing the
portions between 0 and 270 min (approx.). As in the adaptive process by Kalman
filtering there is no process noise, a process noise is introduced into the Kalman
algorithm for the reason of stability. Because of this, the deviations are somewhat
higher in Fig. 8 relative to those in Fig. 6 within the portions between 0 and 270
min.

The real-time adaptive training of Kalman algorithm is essentially meant for
sensor/system failure detection. In this respect large deviations between measured
and estimated ones are always the essential concern for exploitation for fault
detection and diagnostics. During the adaptive training experiments no failure
indication by the algorithm was reported indicating that B17326 was found to be
belonging to a normal operational exercise. In particular, as the neural network
training is a minimization process in least-mean-square sense, the deviations
in a trained network are statistically independent and also independent of the
operational reactor power. Therefore, error (deviation) normalization is made
using the range of power variation which is 477-150 MWe (approx.) in the present
study and the appropriate error limits are prescribed in advance accordingly. Hence
the deviations expressed relative to the magnitude of the power range are smaller
(about two third) than those seen in Figs. 5, 6, 8 and 9, especially within the
portions 300 min (approx.) onwards.

In this study two data sets corresponding two different operation period of an
operating nuclear reactor are intentionally selected to demonstrate the outstanding
capability of Kalman algorithm for adaptive training and estimation in real-time.
In normal operation, neural network is continuously provided with the process
information so that it can follow the changes of the system dynamics in real-time
and keeps this information afterwards. Therefore, algorithm can easily follow the
changes and train the network due to its unique features especially favourable for
the case at hand. For instance, for the stationary part between 0 and 270 min,
Kalman gain takes very small values so that no additional training attempted since
no weight modification takes place. Application of BP algorithm to do the same
task involves random excursions (called gradient noise) around the minimum
which can cause drift from this minimum if it is not well-defined (local/global)
minimum which is the case for BP. Therefore, in BP, the minimization error
during training is desired to be very small which may imply memorizing rather
than learning. For Kalman algorithm, the training beyond the measurement eiror
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range is not necessary, or rather, even undesirable as this cause deterioration in
the generalization capability of the network.

Another point noteworthy to mention is that Kalman algorithm adaptively trains
the network beyond the limit imposed earlier as this is seen in Fig. 8 and Fig. 9
beyond the lower limit imposed in Fig. 5 (150 MWe approx.).

Kalman algorithm in adaptive neural network training provides a robust and
reliable estimation. Since the system dynamics information is transformed into P.
(error covariance) matrix at each perceptron, any significant change in the system
dynamics results in accumulated effect of this change at the network's outcomes
for immediate recognition. Since each perceptron is individually trained by
Kalman algorithm, it is possible to govern the learning of each perceptron under
the program control, yielding in control over the whole network's performance
(accuracy, sensitivity, robustness, precision etc.), which is desirable and especially
required in critical applications.
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