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ABSTRACT 

Failure detection studies by layered neural network (NN) are 
described. The particular application area is an operating 
nuclear power plant and the failure detection is of concern as 
result of system surveillance in real-time. The NN system ï.s 
considered to be consisting of three layers one of which being 
a hidden one and the NN parameters are determined adaptively by 
the method of backpropagation (BP) the process being the 
training phase. Studies are performed using the power spectra 
of the pressure signal of the primary system of an operating 
nuclear power plant of PWR type. The studies revealed that, by 
means of the NN approach, failure detection can effectively be 
carried out usirg the redundant information as well as this is 
the case in this work; namely from the measurement of the 
primary pressure signals one can estimate the primary system 
coolant temperature and hence the deviation from the 
operational temperature state, the operational status 
identified in the training phase being referred to as normal. 

INTRODUCTION 

Application of the neural network (NN) system in diverse areas has 
been taking place extensively, in particular, in the second half of 
the last decade. Concerning the nuclear industry, the intended goal 
for the NN utilization is the operational safety and the cost 
effectiveness in the first place and in connection with these the 
plant availability in the second place. Although there are a number 
of nuclear power plant (NPP) surveillance techniques reported in the 
literature NN implementations in NPP's are appealing due to the 
merits involved [1-9] as the mention may be made of the non-linear 
modelling capacity, as an example. The principles of the NN modelling 
of systems and the operational properties are described in the 
literature [10,11]. In contrast to the complexity of the model 
parameters selection, the method has desirable features showing ease 
in the implementation on one hand and in return to this requiring 
rather heavy computational effort even for a fast computer on the 
other. 
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The above outlined properties of NN modelling having in mind, in this 
work failure detection studies are carried out. for NPP safety and 
availability. In this respect plant's surveillance and diagnostics 
become the essential concerns. For these aims pressure noise data 
obtained from the pressure sensor are processed and the relationships 
between the noise data spectra vs. temperature are identified in form 
of recognition of the spectral patterns. A brief description of the 
neural network operation for system modelling is presented in the 
subsequent section. 

NEURAL NETWORK TRAINING BY BACKPROPAGATION 

A neural network is in form of a set of N elementary processing units 
which are divided into groups each group is considered to be a 
subset. Each unit receives at its input signals fror. the preceding 
subset units or from external information sources. It computes its 
new output in some way, described below, and forwards to the 
following processing units. The processing units with their 
input/output connections forming a layered neural network structure 
as shown in Fig. 1. The weighted sum is compared to a threshold and 
the output is applied to a logistic function for an eventual 
non-linear transformation of the input signal. In this way the NN 
structure can be seen as a model of a system and determination of the 
model parameters becomes the main concern where mathematical form of 
the model is unknown. In order to determine the model parameters, the 
information from the actual system under investigation is accumulated 
and thereafter the accumulated information is processed by means of 
the NN structure. This particular process is termed as "training" 
where the applied input information is in compact form so-called 
"patterns" and the output of the NN structure is compared with the 
corresponding information provided. This particular output 
information is called "demand". The unknowns in the NN structure are 
the weights of the connections between the nodes as seen in Fig. 1 
where the nodes and the weighted connections are termed collectively 
perceptions. The training performed by means of the demands termed as 
supervised learning and this is achieved by continually modifying the 
weights adaptively so that the difference between the structure 
output and the demand is reduced. 

The above mentioned adaptive process can be carried out by means of 
the Least Mean Square (LMS) learning rule [12] where the difference 
designed as Ó (delta) is minimized in the least mean square sense. An 
important property of the method of LMS adaptation is that it does 
not need the mathematical model of the unknown system under 
Investigation as this is the case in neural network systems. Here we 
have a mathematical approach for minimization where the weights are 
modified by an amount proportional to the first derivative of the 
error with respect to the weight. This approach in general is known 
to be gradient descent method. In the gradient descent method, the 
expected value of the squared error (e1) is required to be minimum so 
that the minimum value of the performance surface formed by weights 
is searched. In the discrete time, approach to the minimum is 
accomplished by 

where 
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L il in JL 

and W. is the weight vector at the k-th step; n convergence factor 
defining the stability status of the convergence while n < 0. 
In the LMS method, in place of the true gradient 

^ M e - ] - ^ (3) 
-k 

the gradient of the actual error i.e.. 

a(e.z) a e. 
^ e' - - j i - - 2 e. (^J) (M 

is used. 
A particular application of the LMS method in neural networks 
is referred as backpropagation (BP} as briefly described below. 
Let us define the error function to be proportional to the square of 
the difference between the actual and desired output of the form 

e1 = I (d - F )« (5) 

The activation namely the weighted sum (s) of each unit j is 
expressed by 

s. « I F. W. . (6) 
J ± i iJ 

where W. . is the weight factor or strength between the nodes i and j; 
strictly speaking from node i to node j. 
The output for each unit j is the threshold function whose input is 
s.. The commonly adapted threshold function is the sigmoid function, 
as this is the case in this work although any continuously 
differentiable monothonic function can be used. This function being 
denoted by f (x), we write 

Fj - r (.j) (7) 

Concerning the LMS algorithm, we write 

8(e1) 3(e*) ds. 

aw.. as. dw., 
(8) 

where 

ds. 

dW.. dW.. ., i' -i.j 'i F-, W,,, = F, (9) 

since the weight factors are independent as this is schematically 
shown in Fig. 2. In Eq. 9, i' is the dummy variable. 
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Fig. 1 : Schematic representation of Neural Network Structure 
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Fig. 2 : Schematic representation of the forward computation 
indicating the quantities used in the baefcpropagation. 
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The change in error *(e l) as a function of s . inputs can be expressed 
of the for* J 

^ - - « . (10) 
as . j 

J 
Note that since the partial derivative is demanded to be negative, 
6 > 0. 
Introducing Eqs. 9 and 10 into Eg. 8. we obtain 

ÜHll . -F 6" (11) 

and hence we change the weights with the rule 

4W. . * nF.6. (12) 

where n is the convergence factor providing each weighting factor 
with a finite step length during approach to a minimum, rather than 
infinitesimally small increment or decrement in the exact direction 
of the gradient descent. On the other hand from Eq. 10 

»(e*) dF. 

• i - ' - s j - ' s J 
and in Eg. 5 taking the derivative, we obtain 

ój « 2 (di - Fj) f ( S j ) (1*0 

so that the change of weight in Eg. 13 can be computed as all the 
quantities involved are known, provided the demand d. is also known. 
Although this is the case for the output layer, however, for the 
intermediary layers, so-called hidden layers, d. s are not known. 

Therefore for hidden layers, we write 

a(eJ) a(e*) ds. 

- * - Ï T - • 3ÏT (15) 3F 3s dF 
ei i si ^ j 

' * ̂ ^P- ' é~1Fivil ' 'Z V i l ( 1 6 ) 

1 3 81 dFJ i 1 U 1 1 j l 

as the outputs of the nodes are independent. Hence, substitution of 
Eq. 16 in Eq. 13 yields 

V f , ( V l6i"n (17) 

In case the threshold function is a sigmoid, i.e., 

f(x) - ^ (18) 
* __ -ox 
1 • e 

then the derivative is 
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f(x) = of(x) [1 - f(x)] (19) 

so that Eqs. Ik and 17 take the form 

<5. = 2 (d. - F.) F. (1 - F.) o (2Ü) 
J J J J J 

and 

o. * F. (1 - F.) oT ó, w., (21) 
J J J x 1 Jl 

for output layer and for the hidden layers respect ively . The 
modification of the weighting factors i s performed by the help of Eq. 
12. 
In order to improve the training tine of the backpropagation 
algorithm an additional term included to the term modifying the 
weights at each iteration (k); namely Eq. 12 is modified as 

Aw.. (k*l) = n F. 6. + a [Aw., (k) - Aw., (k-l)l (22) 

where a [Aw. . (k) - Aw. . (k-1)] is the momentum term, a being in 
between nullJand unity, momentum term is desirable also to 
improve the approach to the global minimum, the trappings at local 
minima being avoided in most cases. 

APPLICATION OF NEURAL NETWORKS FOR PARAMETER ESTIMATION 

Normalized auto-power spectral density (NAPSD) functions of a 
stationary random signal derived from a process is rather difficult 
to classify. Changes in the power spectra connected to the physical 
process in the system may have non-linear behaviour with the direct 
measureable physical quantities. In the literature several different 
forms of pressure noise have been discussed. One important effect is 
the standing waves [13] causing peaks in the power spectra with 
frequency approximately proportional to the sound velocity of the 
coolant medium through the temperature and pressure. 
In our investigation we have used primary system pressure transducer 
signal in large range of operational conditions (pressure 30-156 bar, 
temperature 80~310*C) of the nuclear power plant. The standing waves 
extend over whole circuit of primary system (primary coolant loops 
and the reactor vessel including cooling pumps), with nodes inside 
the pressure vessel and the two loops oscillating in opposite phase. 
On-line experiments of the Borssele Nuclear Power Plant (NPP) 
pressure signals has shown 6.5 Hz frequency peak at the nominal power 
of the reactor (450 MWe, PWR type reactor with two loops). The peak 
frequency at 6.5 Hz is dependent on both the primary coolant 
temperature and pressure conditions and the change of this spectral 
peak is related to the core outlet temperature measured by the 
real-time monitoring system of the reactor. Pressure sensory spectrum 
is measured up to 32.0 Hz with the frequency resolution of Af * 0.125 
Hz and 30 minutes averaging, each spectrum having 256 points. In this 
investigation only a part of the spectrum is used (6.0 - 10.0 Hz) and 
this spectrum is labelled with the indications of the core outlet 
temperatures. Two experimental data sets have been examined for the 
implementation of the neural network. 

The first data set has been taken during the stretch-out of the 
reactor; namely, at the end of the nuclear fuel cycle that there is 
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no «ore excess reactivity to control the reactor. In this case the 
core life is extended by aeans of slow rt-Juction of power so that the 
core exit coolant temperatures reduce from 310*C to 290"C in about k2 
days of power operation, where, in the meanwhile reactor electrical 
nominal power is reduced from 100J to 80X- During this operation 
period exit-core temperature gradually reduced as 0.6*C/day and the 
frequency peak of the pressure spectra is shifted from 6-5 Hz to 7-0 
Hz as shown in Fig. 3- Table 1 gives the results for the data sets of 
10 spectral patterns where we have used a set of 6 patterns for the 
training period, each pattern having 32 spectral points corresponding 
to the frequency range of 5~9 Hz at the input layer. We have selected 
the number of hidden layer nodes as 16; sigmoid parameter o * 5; the 
convergence factor n = 0.25 and the momentum factor a * 0.1. Number 
of iterations during the training period is set to 1000. After the 
training period unknown temperatures for a set of 4 patterns of the 
pressure spectra are estimated. 

Table 1. Results of the temperature identification by the help of the 
pressure spectral patterns during stretch-out. 

Identification of the 

patterns 

Set used for 
training 

B17-311 
B17.309 
B17.305 

B17.302 

B17.298 

B17.292 

Set 
identified 

B17-303 

B17.300 

B17.299 

BI7.29I» 

Temperature 

measured "C 

311 
309 
305 
(303) 
302 
(300) 

(299) 
298 
(294) 
292 

Temperature estimated by 
NN modelling 

IT = 1000. L 

311.6 

309.4 
307.3 
(304.1) 
302.1 
(299-0) 
(297.6) 
295.8 
(293-6) 
292.4 

= 32, M * 16*) 
Error {%) 

0.2 
0.1 
0-7 
(0.4) 
0.0 
(0.3) 
(0.4) 

0-7 
(0.1) 
0.1 

•) IT • number of iterations 
L * number of input nodes 
M s number of hidden layer nodes 

In the second application pressure signals varying in relatively 
large temperature and pressure ranges are used. A set of 17 spectral 
patterns are obtained during the shut down of the reactor where 
coolant temperature varied from 310"C to 80*C, pressure varied from 
156 bar to 30 bar. The spectral patterns involved in the range of 6.0 
Hz - 10.0 Hz are used for training where the normalized spectral 
patterns have 32 points. The number of hidden layers are set to be 24 
and 4 for two separate runs; sigmoid parameter 0 = 1 ; the convergence 
factor n - 0.25 and the momentum factor a =0.1. The number of 
iterations taken to be 300, 1000 and 5000 for 3 separate runs. In 
this particular application the set of the training patterns is 
obtained during the shut down process of the nuclear power plant 
which took place at the end of the core cycle. The pressure 
information thus gained during shut down is used during the start up 
of a new core cycle for temperature identification as indicated in 
Table 2. 
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Fig. 3 : Autopouier spectra of the pressure signal for temperature 
range of 292-311 "C (left) and the expanded view for the 
peak at 6.5 Hz (right). 

FREQUENCT [Hz] 
70 7.5 ao as 

"*•***» H 9.0 95 X).0 

Fig. 4 : Normalized autopower spectra of the pressure signal for 
temperature range of 80—310 *C used for training NN 
(solid lines) and the spectra used for the temperature 
identification (dashed lines). 
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The algorithm used in this work i s developed in a VAX-3100 
workstation and also i t i s implemented in a 386 PC in FORTRAN 
environment. After the training period the trained NN can be used for 
the corresponding real-time application. 

Table 2. Results of the temperature identification using the pressure 
spectral patterns where training i s performed during shut 
down and the temperature estimation i s performed during 
start up. 

Identification 
of the patterns 

Set used for 
training 

Set for 
identification 

B064.310 
B292.297 
B292.276 
B292.272 

BOO1.270 
B292.263 

BOOI.255 
B328.240 
B292.239 

BOOI.23O 
B328.230 
B292.213 

B001.200 
B292.I9O 
B328.180 
B292.159 
B328.150 
B292.132 

BOOI.I3O 
B292.H4 
B328.100 

BOOI.O9O 
L328.080 

Temperature 
measured *C 

310 
297 
276 
272 
(270) 
263 
(255) 
240 
239 
(230) 
230 
213 
(200) 
190 
180 
159 
150 
132 
(130) 
114 
100 
(90) 
80 

Temperature estimated by NN modelling \ 
IT«300 
L -32 
N -24 
301.5 
306.2 
278.5 
269.7 
(283-1) 
262.4 
(250.8) 
249.1 
231.0 
(255-5) 
226.1 
214.2 
(210.2) 
1S0.1 
194.0 
152.5 
153.0 
123.8 
(146.3) 
109.7 
105-1 
(132.6) 
101.8 

IT-5000 
L -32 Error 
« -24 (%) 
310.5 0.2 
297-3 0.1 
279-3 1-0 
264.4 1.0 
(282.4) (4.6) 
259.1 1.5 
(244.0) (4.3) 
247-5 3-0 
235-0 1.7 
(229-0) (0.5) 
(229.0) 0.4 
212.0 0.5 
(205.1) (2.6) 
179-2 5-7 
190.1 5.6 
157.5 0.9 
158.2 5.5 
132.3 0.3 
(152.7)(17-4) 
108.3 5-0 
99-7 0.3 

(143.1M59.0) 
89-3 11.6 

IT-5000 i 
L -32 Error 
M - 4 [%) \ 
309.3 0.2 ! 
298.0 0.3 
277-9 0.7 
270.4 0.6 
(280.5) (3-9) 
260.1 1.1 
(250.4) (1.8) 
245.1 2.1 
236.0 1.2 
(230.2) (0.1) 
230.1 0.1 
212.8 0.5 
(205-5) (2.8) i 
179.7 5.4 
189.1 5.1 
158.8 0.1 
154-4 3.0 
132.8 0.6 
(150.0M15.4) 
108-7 4.7 
98.9 1-1 

(149-7)(60.1) 
873 9-1 

DISCUSSIONS AND CONCLUSIONS 

The pattern recognition i s an important tool for failure 
identification in NPP operation. However implementation of the method 
requires a great deal of effort especially to cope with the 
classif ication task. 
In a complex system such as NPP there are a number of sensory 
information to be classified to deduce safe or unsafe conditions. 
This heavy task can be accomplished by means of NN modelling as the 
method essentially works as a classifier. In this respect neural 
network after training has the ability to respond in real time to the 
changing of system state obtained from continuous sensory 
information. Although neural network methodology for system modelling 
i s gaining importance in the second half of the last decades a number 
of applications in the area of NPP operation reported in the 
literature. To this end application areas to date can be c lass i f ied 
in a general sense as follows: 
- Operational changes such as transient recognitions, etc . 
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- Estimations of physical parameters such as feedback parameters, 
core flow rate parameters estimations and core-barrel motion 
analysis, etc. 

- Modelling and diagnostics for predictive maintenance and operator 
aid applications. 

- Signal validation and ."ai.lure detection 
In the present application it is intended to demonstrate the pattern 
classification potential of the neural network methodology applied to 
NPP sensory signals. In this context in particular two different 
pressure versus temperature data which are in contrast to each other 
concerning the temperature range are considered. In the narrow 
temperature range, the resolution of the temperature determination is 
obtained to be relatively high. To acquire this results sigmoid 
parameter is taken to be relatively high as well. By doing so sigmoid 
function is operated almost in linear range the steepness being 
increased, so that for the same node outputs, error used in the 
adaptive convergence to approach to global minimum is increased and 
hence proportionally the convergence rate is also increased. In 
addition to this in small temperature range the data under 
investigation can be assumed approximately linear so that linear 
operation of the sigmoid gives better results as one should expect. 
Concerning the number of nodes selected for hidden layer in the 
second application, the results are slightly improved. 
In the second application, as result of reduction of the number of 
hidden layers from 2k to 4, the estimation o** temperatures remained 
approximately the same or even slightly improved. This revealed the 
suitability for linear separation of the patterns in the pattern 
classification and a linear trend in the pressure vs. temperature 
variation. From the physics of the experimental investigation view 
point the spectrel peak under consideration is due to the standing 
wave formed in the primary loop as result of sound waves. As the 
sound velocity is linearly dependent on the temperature in the range 
of 150'C to 300"C, in this range the standing wave length is computed 
by A • v/f where f is the peak frequency; v, sound velocity in the 
coolant. As A is determined by the total length of the loop, it is 
constant so that the temperature dependence of the peak frequency 
becomes linear. In particular, the wave length involved is measured 
to be 142.6 ± 0.2 m [13]. The temperature estimation results obtained 
by NN modelling corroborate with the physical considerations above as 
the estimations in high temperature region is rather satisfactory 
while in the low temperature range, the deviations become large for 
relatively low number of hidden layer nodes. Concerning the 
deviations, since for low temperature range the patterns are not 
linear the modelling by low number of hidden layer nodes results in 
degradation in the temperature estimation. Prom the investigations it 
is concluded that the number of nodes in the hidden layer should not 
be high for patterr having a linear trend in. 

Concerning the convergence (n) and momentum (a) parameters, although 
they are kept constant during this study, they can be implemented in 
varying form to improve the approach to minimum and avoiding the 
stagnancy in the local minima respectively [4]. 
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