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Abstract

This paper proposes a method, based on the artificial neural network technique, to predict accurately and in real time the power peak
factor in a form that can be implemented in reactor protection systems. The neural network inputs are the position of control rods and
signals of ex-core detectors. The data used to train the networks were obtained in the IPEN/MB-01 zero-power reactor from especially
designed experiments. The relative error for the power peak factor estimation ranged from 0.19% to 0.67%, an accuracy better than what
is obtained performing a power density distribution map with in-core detectors. The networks were able to identify classes and interpo-
late the power peak factor values. It was observed that the positions of control rods bear the detailed and localised information about the
power density distribution, and that the axial and the quadrant power differences, obtained from signals of ex-core detectors, describe its
global variations in the axial and radial directions. In the power reactor environment, the neural networks would require in the input
vector the position of control rods, and axial and quadrant power differences. The results showed that the RBF networks produced
slightly better results than the MLP networks, but, for practical purposes, both can be considered of similar accuracy. The results indi-
cate that they may allow decreasing the power peak factor safety margin by as much as 5%.
� 2006 Elsevier Ltd. All rights reserved.
1. Introduction

The power density peak factor is an important operation
and safety parameter in PWRs, and is usually monitored
continuously and in real time by the reactor protection sys-
tem (USNRC, 1995). The power density distribution can-
not be directly measured and is usually described in
terms of power peak factors, axial and quadrant power dif-
ferences, or other schemes. All these parameters are usually
inferred from primary system variables such as the signals
from ex-core detectors, position of control rods and, in
some cases, from in-core detectors (USNRC, 1995; Souza
and Moreira, 2006). The current real time schemes to esti-
mate the power density distribution and the departure from
nucleate boiling ratio (DNBR) have uncertainties as high
0306-4549/$ - see front matter � 2006 Elsevier Ltd. All rights reserved.
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as 20% and, therefore, it is important to find alternatives
to improve their accuracy.

A previous article reviewed the recent literature related
to the problem of obtaining information about the power
density distribution through artificial neural networks for
protection system applications (Souza and Moreira,
2006). Artificial neural networks allow modelling complex
systems without requiring an explicit knowledge or formu-
lation of the relationship that exist among the variables,
and constitute an alternative to structured models or
empirical correlations (Haykin, 1999; Tsoukalas and
Uhrig, 1997). The literature presents a wide variety of
applications of neural networks to nuclear engineering
such as for plant control (Boroushaki et al., 2004; Lin
and Shen, 2000; Na and Upadhyaya, 1998), fuel cycle opti-
misation (Faria and Pereira, 2003), signal validation (Iko-
nomopoulos and Van der Hagen, 1997), systems
diagnosis (Nabeshima et al., 1998), and for improving the
accuracy of measured parameters (Kim et al., 1993). Spe-
cifically to our problem, there are applications for estab-

mailto:jmoreira@ctmsp.mar.mil.br


R.M.G.P. Souza, J.M.L. Moreira / Annals of Nuclear Energy 33 (2006) 594–608 595
lishing a correlation among primary system variables to
obtain information about the power density distribution
for improving the estimate of the minimum DNBR (Guan-
ghui et al., 2003; Lee and Chang, 2003; Seon et al., 2002;
Na et al., 2004; Kim and Chang, 1997; Kim and Lee,
1993; Seong et al., 2002; Su et al., 2002). They attempted,
using more sophisticated algorithms based on the neural
network technique, to reduce the reactor thermal margins.

Kim and Chang (1997) developed neural networks to
estimate the DNBR using as input core thermal-hydraulic
variables and power distribution information (radial peak
factor and axial power density). For constant and known
axial power density distribution they predicted DNBR with
3.5% accuracy, and for those cases in which the power den-
sity distribution was unknown and could change, they pre-
dicted DNBR with 11.5% accuracy. They attempted to
describe the axial power density distribution with 3, 4, 5
and 20 parameters, and the best result was obtained with
4 parameters. Na et al. (2004) developed fuzzy neural net-
works for estimating the DNBR distribution in the hot
channel. As input, they used thermal-hydraulic state vari-
ables, simulated axial core power differences, and position
of control rods to describe the radial power density distri-
bution in the core. The most influential input variable was
the axial power difference, and the minimum DNBR was
estimated with 13.6% accuracy.

Lee and Chang (2003) used radial basis function neural
networks to estimate the DNBR in which the power distri-
bution was estimated from the signals of ex-core detectors
and position of control rods. For problems with varying
power density distribution the DNBR was estimated with
10% accuracy. Seon et al. (2002) attempted, with artificial
neural networks, to obtain the axial power density distribu-
tion in 20 nodes from signals of ex-core detectors. It was
used simulated data to represent the ex-core detector sig-
nals and the actual power density distribution. They
remarked that for an actual application to power reactors
it would be necessary accurate three-dimensional power
density distribution data to reduce the uncertainty margins
during the generalisation process.

Some interesting points can be drawn from the literature
(Guanghui et al., 2003; Lee and Chang, 2003; Seon et al.,
2002; Na et al., 2004; Kim and Chang, 1997). The common
approach considered was to use one neural network to bear
all the knowledge involved in the problem, namely, how to
determine the power density distribution and how to esti-
mate the critical heat flux. The neural networks had large
input vectors including variables to describe the coolant
thermal-hydraulic properties and the power density distri-
bution. Most of the applications considered one hidden
layer sufficient to solve the problem, and its number of neu-
rons varied according to the number of inputs and output
considered in the model. The number of training sets varied
from 50 to 200, and the networks with smaller number of
neurons appeared better trained and provided the best
results. The training data of several applications consisted
of many simulated parameters, and it was remarked that
for power reactors it would be necessary to obtain accurate
values for the inputs and outputs in order to attain a reduc-
tion in the thermal margins (Guanghui et al., 2003; Lee and
Chang, 2003; Na et al., 2004; Kim and Chang, 1997; Seon
et al., 2002).

In this work, we sought to establish a correlation to
obtain the power peak factor using experimental data espe-
cially obtained for this purpose (Souza and Moreira, 2006).
A series of experiments were performed in the IPEN/MB-
01 nuclear reactor to provide actual measured data suitable
for artificial neural network applications. In the data set,
the power peak factor was correlated to signals of ex-core
detector and position of control rods (Souza and Moreira,
2006). We considered two different types of neural net-
works to model the problem, namely, the multilayer per-
ceptron, MLP, and the radial basis function networks,
RBF. The main difference between them is that, for esti-
mating the output result, the MLP networks map the entire
input space, while the RBF networks map only part of it
identifying clusters in the input space (Haykin, 1999; Braga
et al., 2000). We also considered input vectors with differ-
ent reactor state variables. Section 2 summarises the exper-
imental data used to design, train and validate the neural
networks, and Section 3 introduces the RBF and MLP neu-
ral networks. Section 4 presents the several artificial neural
networks developed, and Section 5, the results and the dis-
cussions. Finally, Section 6 presents the conclusions.

2. The training data to estimate the power peak factor

The data used to train the neural networks were
obtained in especially designed experiments correlating
the power density peak factor to signals of ex-core detec-
tors and position of control rods (Souza and Moreira,
2006). The experiments were performed in the IPEN/MB-
01 reactor, a zero-power light water reactor designed for
PWR core studies (Maiorino et al., 1989). The experiments
were based on the fact that the control rods usually deter-
mine the shape of the power distribution in the reactor
core. The different power density distributions in the
IPEN/MB-01 reactor core were obtained by positioning
the control rods in different heights and establishing critical
states. The procedure adopted to establish the several states
was based on moving the control rods in pre-determined
patterns: insertion of diagonal control rods, insertion of
parallel control rods, and insertion of two control rods
together. This procedure allowed the data to be divided
into 10 different classes, according to the control rod move-
ment pattern, as shown in Table 1. In order to avoid data
extrapolation, the states were such that they encompassed
the maximum control rod motion possible for each class.
Altogether, 56 different critical states were obtained consti-
tuting in 56 examples relating control rod position and ex-
core detector signals with the power peak factors, PF.

Table 1 shows the following data: the position of four
control rods, BS1, BS2, BC1 and BC2; the axial power dif-
ferences obtained from ex-core detectors in the north and



Table 1
Data for training the neural networks: BS1, BS2, BC1 and BC2, APDN, APDW, QPDB, QPDT, and PF values

State/class BS1 (%) BS2 (%) BC1 (%) BC2 (%) APDN (%) APDW (%) QPDB (%) QPDT (%) PF

1/a 67.10 67.10 67.10 67.10 17.10 17.07 �0.01 �0.05 2.247
2/1 59.82 77.10 67.10 67.10 16.01 17.37 �1.43 �0.03 2.261
3/1 55.86 87.10 67.10 67.10 16.16 17.17 �1.33 �0.29 2.258
4/1 53.66 100.00 67.10 67.10 16.53 17.86 �1.06 0.31 2.228
5/1 77.10 59.81 67.10 67.10 15.28 17.01 �1.42 0.35 2.261
6/1 87.10 55.92 67.10 67.10 14.46 16.22 �1.03 0.77 2.258
7/1 100.00 53.71 67.10 67.10 13.94 15.43 �1.14 0.38 2.228
8/2 67.10 67.10 77.10 60.00 15.55 18.68 0.58 3.80 2.259
9/2 67.10 67.10 87.10 56.30 14.53 18.37 1.85 5.79 2.249

10/2 67.10 67.10 100.00 54.33 14.04 17.84 3.49 7.37 2.237
11/2 67.10 67.10 59.81 77.10 17.38 17.02 �3.49 �3.86 2.259
12/2 67.10 67.10 55.97 87.10 19.05 15.83 �3.20 �6.51 2.249
13/2 67.10 67.10 53.88 100.00 18.65 15.35 �4.31 �7.70 2.237
14/3 67.10 77.10 67.10 59.13 18.28 18.36 1.09 1.17 2.243
15/3 67.10 87.10 67.10 55.08 17.90 18.00 1.95 2.05 2.228
16/3 67.10 100.00 67.10 52.85 16.82 17.45 1.79 2.43 2.202
17/3 67.10 61.01 67.10 77.10 18.30 16.88 �1.35 �2.82 2.247
18/3 67.10 57.87 67.10 87.10 16.88 15.82 �3.08 �4.17 2.243
19/3 67.10 56.18 67.10 100.00 16.98 15.49 �3.26 �4.80 2.221
20/4 61.00 67.10 67.10 77.10 18.21 17.19 �1.98 �3.02 2.247
21/4 57.87 67.10 67.10 87.10 18.03 16.52 �2.45 �4.01 2.242
22/4 56.17 67.10 67.10 100.00 18.13 15.94 �2.89 �5.14 2.220
23/4 77.10 67.10 67.10 59.18 17.05 17.33 0.75 1.03 2.243
24/4 87.10 67.10 67.10 55.01 15.27 16.06 2.45 3.27 2.228
25/4 100.00 67.10 67.10 52.79 15.17 15.12 3.64 3.59 2.202
26/5 77.10 67.10 58.96 67.10 16.86 16.37 �0.44 �0.95 2.243
27/5 87.10 67.10 54.91 67.10 16.08 15.36 �1.28 �2.01 2.228
28/5 100.00 67.10 52.61 67.10 14.97 14.36 �1.74 �2.37 2.202
29/5 61.02 67.10 77.10 67.10 16.87 17.51 1.53 2.19 2.247
30/5 57.94 67.10 87.10 67.10 15.62 17.22 2.06 3.70 2.243
31/5 56.33 67.10 100.00 67.10 15.44 17.30 3.05 4.97 2.221
32/6 67.10 61.05 77.10 67.10 16.72 17.19 1.34 1.82 2.247
33/6 67.10 57.99 87.10 67.10 15.81 16.51 2.53 3.25 2.242
34/6 67.10 56.30 100.00 67.10 14.82 16.38 2.92 4.51 2.220
35/6 67.10 77.10 58.97 67.10 17.97 17.35 �0.91 �1.56 2.243
36/6 67.10 87.10 54.92 67.10 17.82 16.69 �1.85 �3.01 2.228
37/6 67.10 100.00 52.68 67.10 17.52 16.63 �2.00 �2.92 2.202
38/7 77.10 59.86 77.10 59.86 16.03 16.52 0.04 0.54 2.247
39/7 87.10 55.80 87.10 55.80 13.68 15.62 1.14 3.12 2.227
40/7 100.00 53.30 100.00 53.30 11.90 14.38 2.38 4.90 2.178
41/7 59.75 77.10 59.75 77.10 17.96 16.41 �5.04 �6.63 2.247
42/7 55.62 87.10 55.62 87.10 17.73 15.79 �6.93 �8.91 2.227
43/7 53.05 100.00 53.05 100.00 17.48 14.78 �7.82 �10.57 2.178
44/8 59.85 77.10 77.10 59.85 16.85 17.95 �0.50 0.65 2.248
45/8 55.75 87.10 87.10 55.75 15.57 17.92 1.03 3.45 2.228
46/8 53.23 100.00 100.00 53.23 14.10 17.78 5.47 9.23 2.179
47/8 77.10 59.77 59.77 77.10 17.20 15.88 �1.84 �3.19 2.248
48/8 87.10 55.63 55.63 87.10 15.76 14.25 �3.41 �4.95 2.228
49/8 100.00 53.05 53.05 100.00 14.52 12.78 �4.49 �6.26 2.179
50/9 61.22 61.22 77.10 77.10 17.04 17.16 0.41 0.53 2.215
51/9 58.27 58.27 87.10 87.10 16.31 16.20 0.76 0.64 2.181
52/9 56.66 56.66 100.00 100.00 14.96 15.50 0.45 0.99 2.142
53/9 77.10 77.10 59.35 59.35 17.15 17.37 0.45 0.66 2.199
54/9 87.10 87.10 55.50 55.50 15.70 15.77 0.73 0.80 2.151
55/9 100.00 100.00 53.28 53.28 14.54 14.93 0.22 0.63 2.088
56/10 64.30 77.10 64.30 64.30 17.93 17.76 0.88 0.71 2.248

The uncertainty in the position of control rods is ±0.01%; the uncertainties in the APDs and QPDs are smaller than 0.32%; the uncertainty in the power
peak factor is smaller than 10�4.

a State 1 belongs to classes 1–9.
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west sides of the reactor core, APDN and APDW, respec-
tively; the quadrant power differences from detectors
located in the bottom part, QPDB, and top part QPDT;
and finally the power peak factors values, PF. Except for
the power peak factor, all other variables were measured
in the IPEN/MB-01 reactor. The power peak factor for



Fig. 1. Typical artificial neural network architecture with one hidden
layer.
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each of the 56 states was obtained from three-dimensional,
four-energy groups, pin by pin, core calculations using the
CITATION code (Fowler et al., 1971). The cross-sections
were generated with the unit cell HAMMER/TECHNION
code (Barhen et al., 1978).1

The footnotes in Table 1 present the average uncertainty
for each of the parameters in their respective units (Souza
and Moreira, 2006). The power peak factor were calculated
with the CITATION code with convergence criteria of
10�4 indicating the accuracy of its first three decimal
points.

3. Artificial neural networks

Artificial neural networks can be defined as a parallel
distributed processor consisting of a great number of pro-
cessing elements, the neurons, connected to each other with
different connection strengths. The strength of a connec-
tion between neurons is called weight. A feed-forward mul-
tilayered network consists of a layer of input, a layer of
output neurons, and one or more hidden layers of neurons.
Fig. 1 shows schematically the architecture of a typical arti-
ficial neural network with one hidden layer, where ‘‘xm’’,
m = 1, . . . ,M represent the input, ‘‘un’’, n = 1, . . . ,N, repre-
sent non-linear functions associated to each neuron and
called activation functions, and ‘‘y’’, is the output. The
summation signal above the output neuron means that its
result is the summation of the contributions of all neurons
in the previous layer.

In artificial neural networks, the knowledge lies in the
interconnection weights between the neurons. In the learn-
ing process of the neural network technique, representative
examples of the knowledge are interactively presented to
the network, so that it can integrate this knowledge within
its structure (the weights).

As mentioned before, the data presented in Table 1
could be clustered in classes of characteristic behaviour.
This fact indicated that radial basis function (RBF) neural
networks could be more suitable to develop the model for
obtaining the power peak factor (Haykin, 1999; Braga
et al., 2000). Networks that use linear discriminant tech-
niques, such as the multilayer perceptrons (MLP) are glo-
bal in nature and map the entire input space to an
output space. Networks that use clustering techniques,
such as the radial basis function (RBF) networks, are local
in nature and map only part of the input space to the out-
put (Haykin, 1999; Braga et al., 2000).

The MLP and RBF networks have their advantages and
limitations. A limitation of the MLP networks is that an
input from an untrained region results in an arbitrary out-
1 The CITATION code solves the three-dimensional, multi-energy-
group neutron diffusion equation through the finite-difference method.
The HAMMER/TECHNION code solves the one-dimensional, multi-
energy-group neutron integral transport equation through the collision
probability method and generates cross-sections in few energy groups
which can be used in the CITATION code.
put. They require a comprehensive set of training examples
and, should the input space change, the network output
may be in great error. Conversely, if an input of an
untrained region is presented to a RBF network, its output
can be identified as an unknown result and the user be
informed about it. The RBF networks train faster than
back-propagation MLP networks but, after the training,
they are generally slower to use, requiring more computa-
tion to perform a function approximation. For small neu-
ral networks, such as those developed in this work, these
computation time differences are not significant. In this
study, both MPL and RBF neural networks are considered
for estimating the power peak factor.

3.1. Multilayer perceptron – MLP

The MLP neural networks are the most widely used. As
shown in Fig. 1, the information is transferred from layer
to layer. In most applications of MLP, the weights are
determined through the back-propagation algorithm,
which minimises a quadratic cost function by a gradient
descent method (Haykin, 1999). During the training phase,
the inputs are presented to the network and propagated
forward to determine the resulting signal at the output neu-
ron. The difference between the computed output and the
desired output represents an error that is back-propagated
through the network in order to adjust the weights. This
process is repeated and the learning continues until the
desired degree of accuracy is achieved (Haykin, 1999).

Considering the one hidden layer network presented in
Fig. 1, we can present in a simplified manner the mathe-
matical formulation of MLP neural networks. A detailed
description for the MLP neural networks can be found



Fig. 2. Flow chart showing how the artificial neural networks were
trained.
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elsewhere (Haykin, 1999; Tsoukalas and Uhrig, 1997).
According to Fig. 1, the input of the nth neuron in the hid-
den layer is

vn ¼
XM

m¼1

wnmxm þ hn0 ð1Þ

where M is the total number of inputs applied to the nth

neuron, wnm denotes the weight characterising the connec-
tion between the mth input to the nth hidden neuron, and
hn0 is a threshold offset. The output of the nth neuron is gi-
ven by

yn ¼ u vnð Þ ð2Þ
The activation function u adopted for the present study
was the hyperbolic tangent function u(vn) = tanh(vn). The
neural network output is then given by

y ¼
XN

n¼1

wnyn þ h0 ð3Þ

where wn is the weight from the connection between the nth

hidden neuron and the output ‘‘y’’, and h0 is another
threshold offset. The training procedure will yield at the
end the values of wn, wnm, hn0 and h0, as well as the number
of hidden layers and the number of neurons in each layer.

3.2. Radial basis function network – RBF

The RBF network topology in its most basic form
involves three layers, the input, the hidden and the output
layer. Fig. 1 is also a schematic of the typical architecture
of a RBF network with the output layer having just one
output. In this case there is only the threshold offset for
the output. The hidden layer consists of non-linear process-
ing units which are connected directly to all input nodes,
and each hidden neuron computes a radial basis function.
The one adopted in this work is

unðxÞ ¼ exp � 1

r2
kx� lnk

2

� �
ð4Þ

where i i is the Euclidean norm of a vector, x is the input
vector to the neural network, ln is the centre of the radial
basis function for the nth hidden neuron, and r is the radius
or spread of all radial basis functions. When x = ln, un(x)
is 1 and determines the value of x which the neuron pro-
duces its maximum output. un(x) drops quickly as x devi-
ates from ln, becoming negligible when x is far from ln.
The neuron output has a significant response only over a
defined range of values of x, called the neuron’s receptive
field, which is determined by r.

The input to each neuron in the hidden layer is just the
input vector of the neural network. The output of the nth

neuron in the hidden layer is given by

yn ¼ unðxÞ ð5Þ
The output layer consists of a single linear unit fully

connected to the hidden layer. The output of the RBF neu-
ral network is given by
y ¼
XN

n¼1

wnyn þ h0 ð6Þ

where wn is the weight defining the strength of the connec-
tion between the nth hidden neuron and the output.

During the training process of RBF neural networks, r,
ln and wn are adjusted to minimise the average error
between the network output and the desired output.

4. Generation of data for training the neural networks

In this research, the data presented in Table 1 were used
to develop neural networks for estimating the power peak
factor. The data, comprising 56 different examples, were
divided into two subsets: the first subset was to design
and train the artificial neural networks and the second
one, to validate the trained networks.

The selection of a suitable set of input examples is
important for the performance of the artificial neural net-
work. In order to be general, 80% of the data of each class
(Souza and Moreira, 2006) were drawn randomly to consti-
tute the training set for the neural network. The remaining
20% of the data was separated to constitute the validation
set, and used to verify the neural networks generalisation
capability. Since these examples were not presented to the
network during the learning process, they became an ade-
quate set for validation.
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As the number of examples was limited to 56, this pro-
cedure was repeated 11 times so that 11 different training
sets could be obtained. The increased number of training
sets allowed a more general validation and avoided choos-
ing particular sets that by chance could give good or bad
results. Fig. 2 presents a flow chart showing how the neural
networks were trained, and Table 2 presents the 11 random
training sets and their corresponding validation sets.

The neural network validation was carried analysing
two different types of errors, the root mean square error, S,

S ¼ 1

I

XI

i¼1

PFi � PFNN
i

� �2

" #1=2

ð7Þ

and the average relative error, E,

E ¼ 1

I

XI

i¼1

PFNN
i � PFi

PFi

����
���� ð8Þ

where I is the number of data in the subset, PFNN
i is the

power peak factor estimated by the neural network and
PFi is the target value presented in Table 1. The S error
gives the actual magnitude of the peak factor discrepancy
while the E error is a measure of the discrepancy with re-
spect to the peak factor value. For two results with similar
S errors, the one with smaller E error would be preferred.
Table 2
States belonging to the training and validation subsets

Set Training subset

1 1, 2, 4, 5, 6, 8, 9, 11, 12, 13, 14, 15, 16, 17, 18, 20, 21, 23, 25, 26
35, 36, 37,38, 40, 41, 42, 43, 45, 46, 47, 48, 49, 50, 51, 53, 54

2 1, 2, 3, 4, 6, 7, 8, 9, 10, 11, 13, 14, 15, 17, 18, 19, 20, 22, 23, 24,
34, 35, 36, 37, 38, 39, 42, 43, 44, 45, 46, 47, 48, 49, 51, 52, 53

3 1, 2, 3, 4, 6, 7, 8, 9, 10, 11, 13, 14, 15, 17, 18, 19, 20, 22, 23, 24,
33, 34, 36, 37, 38, 39, 40, 42, 43, 44, 46, 47, 48, 49, 51, 52, 53

4 1, 3, 4, 5, 6, 7, 8, 10, 11, 12, 13, 15, 16, 17, 19, 21, 22, 23, 24, 25
33, 34, 35, 37, 39, 40, 41, 42, 43, 45, 46, 48, 49, 50, 51, 52, 53

5 1, 2, 3, 5, 6, 7, 9, 10, 11, 12, 13, 14, 16, 17, 18, 19, 20, 21, 22, 24
32, 33, 35, 37, 39, 40, 41, 42, 44, 45, 46, 47, 48, 49, 50, 52, 54

6 1, 2, 3, 4, 5, 7, 8, 9, 10, 12, 14, 15, 16, 18, 19, 20, 21, 22, 23, 25,
34, 35, 36, 38, 39, 40, 41, 43, 44, 45, 47, 48, 49, 50, 51, 52, 54

7 1, 3, 4, 5, 6, 7, 8, 9, 10, 12, 13, 14, 15, 16, 18, 19, 20, 21, 22, 23,
33, 34, 35, 36, 38, 39, 41, 42, 44, 45, 47, 48, 49, 50, 51, 52, 53

8 1, 3, 4, 6, 7, 8, 9,10, 11, 12, 13, 15, 16, 17, 18, 19, 21, 22, 23, 24,
31, 34, 35, 36, 38, 41, 43, 44, 45, 46, 48, 49, 50, 51, 52, 53, 54

9 1, 2, 3, 4, 5, 6, 7, 9, 11, 12, 13, 14, 16, 17, 20, 21, 23, 24, 25, 26,
34, 35, 36, 37, 38, 39, 40, 41, 42, 43, 44, 45, 46, 47, 48, 51, 52

10 1, 2, 3, 4, 5, 7, 8, 9, 10, 11, 12, 14, 15, 16, 18, 20, 21, 23, 24, 25,
34, 35, 36, 37, 38, 39, 40, 41, 44, 45, 46, 47, 49, 50, 51, 53, 54

11 1, 2, 3, 4, 5, 6, 9, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 25
34, 35, 36, 38, 39, 41, 42, 43, 44, 45, 47, 48, 49, 50, 51, 52, 53
4.1. Neural networks training

The MLP networks were designed using the resilient
back-propagation algorithm available in the Matlab Neu-
ral Network Toolbox (Dermuth and Beale, 2001), because
it converged faster than the standard back-propagation
algorithm. During the training procedure the weights and
biases were interactively adjusted to minimise the mean
square error between the networks outputs and the target
outputs. The training was done using the procedure
referred to as early stopping method (Haykin, 1999; Braga
et al., 2000). The training session was stopped periodically
and the network was tested with the validation subset after
each period of training. The decision criterion to choose
the better network model was the one which minimised
the mean square error of validation. The training stopped
when the number of iterations exceeded the number of
epochs (in our case, 105), when the average mean square
error dropped below 10�6, or when the magnitude of the
gradient was less than 10�6. This training procedure was
repeated for networks with different numbers of neurons
in the hidden layer, and the chosen network topology
was the one which presented the best validation result.

The RBF network was designed with the function newrb

from the Matlab Neural Network Toolbox. With a fixed
Validation subset

, 27, 28, 30, 31, 32, 34,
, 55, 56

3, 7, 10, 19, 22, 24, 29, 33, 39, 44, 52

26, 27, 29, 30, 32, 33,
, 55, 56

5, 12, 16, 21, 25, 28, 31, 40, 41, 50, 54

26, 27, 29, 30, 31, 32,
, 55, 56

5, 12, 16, 21, 25, 28, 35, 41, 45, 50, 54

, 26, 27, 28, 29, 31, 32,
, 54, 56

2, 9, 14, 18, 20, 30, 36, 38, 44, 47, 55

, 25, 27, 28, 29, 30, 31,
, 55, 56

4, 8, 15, 23, 26, 34, 36, 38, 43, 51, 53

26, 28, 29, 30, 31, 33,
, 55, 56

6, 11, 13, 17, 24, 27, 32, 37, 42, 46, 53

25, 27, 28, 30, 31, 32,
, 55, 56

2, 11, 17, 24, 26, 29, 37, 40, 43, 46, 54

25, 26, 27, 28, 29, 30,
, 55, 56

2, 5, 14, 20, 32, 33, 37, 39, 40, 42, 47

28, 29, 30, 31, 32, 33,
, 53, 56

8, 10, 15, 18, 19, 22, 27, 49, 50, 54, 55

27, 28, 29, 30, 32, 33,
, 55, 56

6, 13, 17, 19, 22, 26, 31, 42, 43, 48, 52

, 26, 27, 28, 30, 31, 32,
, 54, 56

7, 8, 10, 23, 24, 29, 33, 37, 40, 46, 55
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spread value, this function interactively created one neuron
at a time, up to a maximum number equal to the number of
examples available in each training set, which in our case it
was 45. Neurons were added to the network until the sum-
squared error fell under the error goal or until the maxi-
mum number of neurons was reached (45). The network
which produced the smaller validation error was the one
considered for this spread value. Then, the spread value
was varied and the procedure was repeated. The maximum
spread value considered was such that it covered the entire
range of variation of the input variables. The network with
smaller validation error was the one considered for that
training set.

5. The neural network predictions and discussion of the

results

The data presented in Table 1 show that the power peak
factor can be correlated to the several variables: position of
control rods, BS1, BS2, BC1, and BC2, and to the axial and
quadrant power differences obtained from ex-core detec-
tors, APDN, APDW, QPDB and QPDT. All neural net-
works we considered had only one output, the power
peak factor. Different input vectors were studied in order
to find the influence of these variables in the final result.
Souza and Moreira (2006) indicated that the APDs and
QPDs are complementary variables and should appear
together in the input vectors in order to distinguish differ-
ent peak factor values from distributions which present
similar APDs or QPDs. The first input vector consisted
of the four signals of position of control rods, that is, PF
was considered to be given by

PF ¼ f BS1; BS2; BC1; BC2ð Þ ð9Þ
where f is the neural network correlation, and BS1, BS2,
BC1 and BC2 represent the position of the respective con-
trol rod. In the second input vector the position of the BS1
control rod was taken out and the PF was given by

PF ¼ f BS2; BC1; BC2ð Þ ð10Þ
Table 3
Topologies and root mean square errors obtained in the training of RBF and M

Training subset RBF

Topology Training

Number of neurons r Root mean

1 27 21.9 0.0040
2 34 12.9 0.0030
3 30 21.8 0.0030
4 25 19.6 0.0041
5 22 17.9 0.0042
6 25 26.1 0.0036
7 16 26.5 0.0059
8 23 24.4 0.0044
9 23 33.1 0.0044

10 23 31.5 0.0048
11 18 41.9 0.0054

Average root mean square error S 0.0043
The third input vector consisted of the two axial and two
quadrant power differences,

PF ¼ f APDN; APDW; QPDB; QPDT

� �
ð11Þ

The fourth input vector consisted of all 8 variables avail-
able, and PF was given by

PF ¼ f BS1; BS2; BC1; BC2; APDN; APDW; QPDB; QPDT

� �
ð12Þ

The fifth input vector was similar to the fourth but the
QPDs were taken out, and the input vector consisted of 6
variables

PF ¼ f BS1; BS2; BC1; BC2; APDN; APDW
� �

ð13Þ

and, finally, the sixth input vector which was similar to the
fourth one but the BS1 control rod was taken out, and con-
sisted of 7 variables

PF ¼ f BS2; BC1; BC2; APDN; APDW; QPDB; QPDT

� �
ð14Þ

Initially, a sensitivity study was carried out to determine
the best number of hidden layers to be considered for the
networks. The results indicated that one hidden layer was
sufficient to map the inputs to the output, e.g., a topology
similar to that shown in Fig. 1. The following sections pres-
ent the results obtained for the different forms of inputs
vectors.
5.1. Power peak factor from signals of position of control

rods

The input presented to the MLP and the RBF networks
consisted of four signals of position control rods, Eq. (9),
and the output was the corresponding PF value. The con-
trol rod position input data did not require any normalisa-
tion since their values were uniformly distributed over the
range between 50% and 100% of position of control rods.
Table 3 presents the results for the 11 subsets of training
LP neural networks using 4 positions of control rods as the input (Eq. (9))

MLP

Topology Training

square error Number of neurons Root mean square error

5 0.0023
5 0.0051
5 0.0035
5 0.0027
5 0.0035
5 0.0046
5 0.0040
5 0.0028
5 0.0025
5 0.0038
5 0.0030

0.0035



Fig. 4. Training relative error, E, between PF and PFNN obtained with the
MLP neural networks using 4 positions of control rods as the input (Eq.
(9)).

Table 4
Prediction errors from the RBF and MLP networks using 4 positions of
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data. The topology and the final root mean square error, S,
for each training subset are presented for the RBF and
MLP neural networks.

For the RBF networks, the search for the optimum
number of neurons in the hidden layer resulted in numbers
varying from 16 to 34, showing that very different topolo-
gies are obtained when different training subsets are used.
The spread, r, varied from 12.9 to 41.9 which is compara-
ble to the Euclidean distance between the several input vec-
tors from the training subsets (<50). This indicates that the
output of a neuron in the hidden layer has contribution of
all inputs but, since they are weighted according to Eq. (4),
the part of the input near the centre of the neuron contrib-
utes more to the neuron output. The training process con-
verged well producing small final training errors. The
average root mean square error considering the 11 training
subsets was 0.0043.

For the MLP neural networks, the optimum number of
neurons searched in the hidden layer was 5 for all training
subsets. This means that the network topology did not
depend on the training subset. Considering the 11 training
subsets, the training process converged well producing
small final training errors with an average root mean
square error of 0.0035.

Figs. 3 and 4 show the training relative errors, E,
obtained from all eleven training subsets, using the RBF
and MLP networks. The average and maximum relative
errors were 0.14% and 0.67% for the RBF networks, and
0.12% and 0.70% for the MLP networks, respectively. In
both cases, over 95% of the data were inside the relative
error band of ±0.50%.

The performance of the trained networks was evaluated
with the validation data, e.g., those data which were not
presented to the networks during the training procedures.
The positions of control rods were presented to the trained
neural networks as input, and the networks outputs, called
PFNN, were compared with the respective PFs from the val-
Fig. 3. Training relative error, E, between PF and PFNN obtained with the
RBF neural networks using 4 positions of control rods as the input (Eq.
(9)).
idation subsets. Table 4 shows the results for the root mean
square error, S, and the relative error, E, obtained for both
types of neural networks. For the RBF and MLP net-
works, the average root mean square errors were 0.0053
and 0.0068, respectively, and the average relative errors
were 0.19% and 0.26%, respectively. The comparison
between the validation PF values and the PFNN presented
a very good agreement for all 11 validation subsets.

Figs. 5 and 6 show the comparison between the power
peak factor results estimated by the neural networks and
those from the validation subsets. The dashed lines in the
figures represent the ±0.5% error band. For the RBF neu-
ral networks, the results show that 95% of the power peak
factors were predicted within the ±0.5% relative error
band, and for the MLP networks, 92% of them were
control rods as input (Eq. (9))

Validation
subset

Validation error

RBF MLP

Root mean
square error

Average
relative
error (%)

Root mean
square error

Average
relative
error (%)

1 0.0044 0.16 0.0054 0.21
2 0.0053 0.19 0.0068 0.26
3 0.0052 0.19 0.0055 0.21
4 0.0039 0.14 0.0084 0.32
5 0.0051 0.15 0.0071 0.29
6 0.0062 0.19 0.0075 0.24
7 0.0040 0.13 0.0050 0.19
8 0.0041 0.16 0.0051 0.19
9 0.0079 0.29 0.0084 0.31

10 0.0068 0.27 0.0079 0.31
11 0.0058 0.23 0.0074 0.30

Averages
considering
all validation
subsets

0.0053 0.19 0.0068 0.26



Fig. 5. Prediction of PFNN by the RBF neural networks, considering all
validation sets, with 4 positions of control rods as input (Eq. (9)).

Fig. 6. Prediction of PFNN by the MLP neural networks, considering all
validation sets, with 4 positions of control rods as input (Eq. (9)).
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predicted within the ±0.5% error band. The maximum rel-
ative errors were 0.76% and 0.90% for the RBF and MLP
networks, respectively.

Table 5 presents the results obtained for the case which
the input vector is given by Eq. (10). The input vector was
(BS2, BC1, BC2). It was used only the RBF neural network
because it can be trained more easily, and the 11 subsets of
Table 5
Training and prediction errors from the RBF networks using 3 positions of c

Set Topology Training

Number of neurons r Root mean square error Average re

1 18 9.8 0.0055 0.18
2 20 8.8 0.0057 0.19
3 18 8.2 0.0059 0.22
4 23 5.1 0.0055 0.18
5 16 7.8 0.0077 0.28
6 35 6.3 0.0026 0.07
7 30 4.5 0.0037 0.11
8 21 11.1 0.0059 0.19
9 22 4.8 0.0053 0.18

10 21 1.9 0.0062 0.23
11 28 2.5 0.0035 0.12

Average for the 11 sets 0.0052 0.18
training data, defined in Table 2, were used to train the net-
work. The number of neurons in the hidden layer varied
from 16 to 35, and the spread, from 1.9 to 11.1, according
to the set of training data which was used. The average root
mean square error and relative error obtained during the
training procedure were 0.0052 and 0.18%, respectively,
and during the validation procedure were 0.0083% and
0.30%, respectively. The errors in the PF estimation were
small but larger than the case having 4 positions of control
rods as input.
5.2. Power peak factor from axial and quadrant power

differences

In this section the input parameters to the artificial neu-
ral networks were given by Eq. (11), e.g., the axial power
difference from the north and west sides, and the quadrant
power difference for the bottom and top parts of the reac-
tor core. The output was the corresponding PF value. For
the RBF neural networks, the input and output data
needed to be normalised in order to have a successful train-
ing process. As can be seen in Table 1, the QPDs values,
which are smaller than those from the APDs, could be
interpreted during the training process as less important.
To circumvent this problem, a normalisation was imposed
to the data so that the input vector (APDs and QPDs) pre-
sented the same standard deviation and mean equals zero.
The MLP network did not require any input data normal-
isation for the training process.

Table 6 shows the topologies and the root mean square
errors obtained during the training process. For the RBF
neural networks, the average root mean square error for
the training was 0.011. The minimum number of neurons
in the hidden layer was 10 and the maximum, 37, and the
spread varied from 0.42 to 2.10. All MLP networks had
9 neurons in the hidden layer, and the average root mean
square error was 0.013. As before, the number of neurons
in the hidden layer for the RBF networks varied according
to the training subset which was used.
ontrol rods as input (Eq. (10))

Validation

lative error (%) Root mean square error Average relative error (%)

0.0090 0.31
0.0069 0.22
0.0076 0.25
0.0043 0.17
0.0097 0.35
0.0091 0.31
0.0080 0.32
0.0061 0.23
0.0081 0.30
0.0110 0.41
0.0115 0.38

0.0083 0.30



Table 6
Topologies and root mean square errors obtained in the training of RBF and MLP neural networks using APDs and QPDs as the input (Eq. (11))

Training subset RBF MLP

Topology Training Topology Training

Number of neurons r Root mean square error Number of neurons Root mean square error

1 22 0.42 0.010 9 0.014
2 26 0.97 0.010 9 0.021
3 28 1.09 0.010 9 0.013
4 20 1.49 0.013 9 0.011
5 10 2.10 0.022 9 0.013
6 22 1.99 0.011 9 0.011
7 37 0.92 0.008 9 0.014
8 28 1.35 0.009 9 0.010
9 27 1.90 0.012 9 0.013

10 24 1.28 0.012 9 0.017
11 36 1.07 0.004 9 0.010

Average root mean square error, S 0.011 0.013
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Figs. 7 and 8 show the relative errors obtained during
the training process. For the RBF networks, 99% of the
estimated PF were inside the ±1.70% range. The maximum
Fig. 7. Training relative error between PF and PFNN obtained with the
RBF neural networks using APDs and QPDs as the input (Eq. (11)).

Fig. 8. Training relative error between PF and PFNN obtained with the
MLP neural network using APDs and QPDs as the input (Eq. (11)).
and average relative errors were 3.05% and 0.35%, respec-
tively. For the MLP neural networks, the maximum and
average relative errors were 3.84% and 0.44%, respectively,
and 98% of the estimated PF were inside the same error
band.

Table 7 presents the results obtained during the valida-
tion process for both types of networks. The errors were,
in general, small. The average root mean square errors
were 0.018 and 0.017 for the RBF and the MLP networks,
respectively. The average relative errors were 0.67% and
0.60% for the RBF and the MLP networks, respectively.
The average errors were taken over the results from the
11 validation subsets.

Figs. 9 and 10 show a comparison between the neural
network predictions, PFNN, and the validation PF values.
Fig. 9 shows for the RBF networks that 96% of the PFNN
Table 7
Prediction errors from the RBF and MLP neural networks using APDs
and QPDs as input (Eq. (11))

Validation
subset

Validation error

RBF MLP

Root mean
square error

Average
relative
error (%)

Root mean
square error

Average
relative
error (%)

1 0.013 0.50 0.013 0.51
2 0.020 0.79 0.017 0.58
3 0.015 0.49 0.008 0.26
4 0.016 0.61 0.016 0.55
5 0.022 0.91 0.019 0.70
6 0.020 0.67 0.016 0.50
7 0.019 0.72 0.021 0.75
8 0.017 0.60 0.016 0.56
9 0.022 0.81 0.018 0.66

10 0.015 0.55 0.017 0.70
11 0.024 0.77 0.022 0.81

Averages
considering
all validation
subsets

0.018 0.67 0.017 0.60



Fig. 10. Prediction of PFNN by the MLP neural networks, considering all
validation sets, with APDs and QPDs as input (Eq. (11)).

Fig. 9. Prediction of PFNN by the RBF neural networks, considering all
validation sets, with APDs and QPDs as input (Eq. (11)).
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values were predicted within the ±1.70% error band, with
maximum relative error of 2.35%. For the MLP networks,
Fig. 10 shows that 93% of the PFNN values were predicted
within the same error band, and the maximum relative
error was 1.97%.

5.3. Power peak factor from position of control rods and

axial and quadrant power differences

In this section we present the results in which the input
vector included information from position of control rods
Table 8
Prediction errors from the RBF neural networks using positions of control ro

4 Control rods, APDs and QP

Maximum number of nodes 41
Minimum number of nodes 11
Maximum spread 28.4
Minimum spread 1.6
Average training root mean square error 0.0037
Average validation root mean square error 0.0057
Average validation relative error (%) 0.21

a Input vector defined by Eq. (12).
b Input vector defined by Eq. (13).
c Input vector defined by Eq. (14).
and axial and quadrant power differences, e.g., PF given
by Eqs. (12)–(14). Table 8 summarises the principal param-
eters for the RBF neural networks obtained with these
input vectors. As before, the RBF produced models with
different numbers of neurons in the hidden layer, according
to the input set used. The maximum and minimum number
of hidden neurons varied from 10 to 41 for the three input
vectors. The spread value varied in accordance with the
number of neurons in the networks.

The training and validation errors were small for the
three input vectors. Comparing their errors, we have an
indication about the relative importance of each input var-
iable to the network result. Let us consider the network
result for the input vector represented by Eq. (12) which
has 8 variables. Its power peak factor relative error was
0.21%. Excluding the QPDs from the input vector, we
obtained the network defined by Eq. (13), which improved
slightly the PF result decreasing the relative error to 0.19%.
On the other hand, excluding one control rod variable from
the input vector, we obtained the network defined by Eq.
(14), which degraded the PF result increasing the relative
error to 0.27%.

5.4. Discussion of the results

The performance of the networks to estimate the power
peak factor is summarised in Table 9. The networks are
ordered with respect to their relative error for estimating
PF, which ranged from 0.19% to 0.67%. For practical pur-
poses, the small errors would indicate that all networks are
adequate to estimate the power peak factor but, still, some
considerations can be made about the models studied.

For the networks with position of control rods as input
(Eq. (9)), the comparison between the two types of neural
networks, MLP and RBF, shows that the RBF networks
presented little better results. Conversely, for the networks
with the APDs and QPDs as input (Eq. (11)), the best
results were from the MLP networks. The small differences
in the errors indicate that both types of networks can be
considered of similar accuracy.

The data, with many different control rod motion pat-
terns, were characterised by localised perturbations in the
power density distribution. Comparing Figs. 3 and 4 with
ds, APDs and QPDs as input (Eqs. (12)–(14))

Dsa 4 Control rods and APDsb 3 Control rods, APDs and QPDsc

36 32
15 10
35.7 18.1
13.4 2.5

0.0042 0.0059
0.0052 0.0076
0.19 0.27



Table 9
Performance of all neural networks for predicting the power peak factor

Type of input Type of network Root mean
square error

Average relative
error (%)

Maximum relative
error (%)

Eq. (13) BS1, BS2, BC1, BC2, APDN, APDW RBF 0.0052 0.19 0.74
Eq. (9) BS1, BS2, BC1, BC2 RBF 0.0053 0.19 0.76
Eq. (12) BS1, BS2, BC1, BC2, APDN, APDW, QPDB, QPDT RBF 0.0057 0.21 1.07
Eq. (9) BS1, BS2, BC1, BC2 MLP 0.0068 0.26 0.95
Eq. (14) BS2, BC1, BC2, APDN, APDW QPDB, QPDT RBF 0.0076 0.27 1.28
Eq. (10) BS2, BC1, BC2 RBF 0.0083 0.30 1.41
Eq. (11) APDN, APDW QPDB, QPDT MLP 0.017 0.60 1.97
Eq. (11) APDN, APDW QPDB, QPDT RBF 0.018 0.67 2.35
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Figs. 7 and 8, we notice that the training errors of the net-
works with position of control rods as input are about half
of those having the APDs and QPDs as input. The major-
ity of the relative errors are less than ±1%, and ±2%,
respectively. The neural networks that had in the input vec-
tor information about the position of control rods were
more able to describe the localised changes in the power
density distribution. We could say that the position of con-
trol rods bears the detailed and localised information about
the power density distribution, and that the APDs and
QPDs, obtained from signals of ex-core detectors, describe
its global variations in the axial and radial directions. Since
in this problem the perturbations in the reactor were
caused by the motion of control rods, these networks pre-
sented the best performance. Had the reactor been per-
turbed by xenon poisoning, which causes global axial
perturbations in the power density distribution, the net-
works with APDs and QPDs would probably have pre-
sented better performance.

The best network was the one with 4 positions of con-
trol rods and the APDs in the input vector, Eq. (13).
The inclusion of the QPDs in the input vector, obtaining
the network defined by Eq. (12), did not improve the
results. A possible explanation is that the global informa-
tion brought by the QPDs was in excess and complicated
the solution of the problem. On the other hand, the
inclusion of the APDs in the input vector that had only
control rod information, Eq. (13), improved the PF esti-
mation. We can say that the global information brought
to the network by the APDs were complementary and
helped to estimate PF.

This complementary behaviour was also observed
when the BS1 control rod position was taken out of
the input vector. When the input vectors had only infor-
mation about position of control rods (networks defined
by Eqs. (9) and (10)), the lack of the BS1 control rod
position increased the root mean square error of the
PF estimation in 56%. When the input vector had also
information about the APDs and QPDs (networks
defined by Eqs. (12) and (14)), the lack of the BS1 con-
trol rod position increased the root mean square error of
the PF estimation in only 33%. This result shows that
the APDs and QPDs provided redundant information
that substituted the BS1 control rod.
All results showed that 45 examples appear sufficient to
train adequately the neural networks, and that the data
contained the necessary information to accomplish that
objective. Even though 45 examples do not constitute a
large training set, it indicates that the training data covered
all possible states that were generalised after the training
procedure. And this was the case here since the 45 training
subsets contained examples from all classes that were iden-
tified as important to describe the power peak factor
behaviour (Souza and Moreira, 2006).

It seems that the RBF neural networks performed two
jobs in order to produce good results. First, they identified
the input vector class, and second, they interpolated the PF
value according to the input vector and the identified class.
In this problem the neural networks identified patterns and
interpolate variables.

The maximum relative errors presented in Table 9 are
comparable to the typical uncertainties that are obtained
in detailed power density distribution measurements in
power reactors or in experimental facilities, 5% (Miranda
and Moreira, 1997). Since the targets from the training
data consisted of accurate power peak factors obtained
from a three-dimensional, multi-energy group diffusion
theory code, the procedure presented here estimated the
core power peak factors with an accuracy better than that
we would obtain performing a power density distribution
map with in-core detectors.

Another point that deserves to be commented regards
the capability shown by the ex-core detectors to estimate
the power density peak factor in reactors with small cores.
The core of the IPEN/MB-01 reactor, where the training
data were obtained, has a height of only 54.6 cm (Souza
and Moreira, 2006; Moreira and Souza, 2002). It is known
that the neutrons that contribute to the signal of an ex-core
detector come from the parts of the core which are close to
it. In large cores, because of the large dimensions involved,
we can consider that a top ex-core detector views only the
top part of the core. In the IPEN/MB-01 reactor, a top ex-
core detector certainly views neutrons coming from the
bottom half of the core because of the small dimensions
involved. The results demonstrate that, even with this diffi-
culty, the ex-core detectors are also capable to produce
information about the power density distribution in small
reactor cores.
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5.5. Application to a power reactor protection system

The reactor protection system requires real time infor-
mation about the power density distribution and there is
an incentive for determining it more accurately because
the uncertainty in the current schemes used in PWRs can
be as high as 8% (Seon et al., 2002). Considering the max-
imum relative error of 2.35% presented in Table 9, the neu-
ral network scheme presented in this paper would allow
decreasing the power peak factor safety margin by as much
as 5.65%. Such a reduction could be used for operating the
reactor with a higher power level, with more flexibility or
even for implementing more economical and simpler core
loads.

In this section we make some general comments about
how to implement this neural network scheme in power
reactors. This could be furnished through a dedicated neu-
ral network which has as the input vector variables that are
monitored by the reactor protection system. Based on what
we have discussed, we can say that neural networks can
estimate the power peak factor accurately provided some
points are observed: (a) the training data comprise all pos-
sible states which will be monitored in the future; (b) the
training data shall be clustered into classes of similar power
peak factor behaviour so that the neural network can first
identify classes, and then interpolate the power peak factor
accordingly; (c) the input vector shall consist of actual mea-
sured data (signals of ex-core detectors and of position of
control rods) to avoid the inclusion of unknown uncertain-
ties or biases which normally appear when simulated data
are used; and (d) the power peak factor targets shall be cal-
culated very accurately to guarantee a precise neural net-
work estimation since the interpolation error introduced
by the neural network is small.

The training data with the above characteristics can be
obtained through the acquisition of the input data (posi-
tion of control rods and signals from ex-core detectors)
from reactor critical states, or quasi-critical states, estab-
lished during the start-up tests or during operation. Since
the reactor operation is carried out with specific patterns
of control rod position and movement, choosing ade-
quately the states which will take part of the training data
is important.

During load following transients, the power density dis-
tribution changes continuously due to xenon poisoning,
and thermal-hydraulic feedback. The position of the con-
trol rods are not the important variables to detect these
perturbations because, in many states during such tran-
sients, the power density distribution changes while the
control rods are kept in fixed positions. The global pertur-
bation in the power density distribution should be
accounted for by the APDs and QPDs. All possible pertur-
bations must be considered through examples in the train-
ing set and, surely, they will constitute different classes of
particular power peak factor behaviours. In this case,
examples for the training data set should be obtained from
quasi-static states that the reactor undergoes during tran-
sients. The neural networks would require the position of
control rods, APDs and QPDs in the input vector (Eq.
(12)) to identify these new classes of behaviour, and to
interpolate the power peak factor.

5.6. Validation and verification for power reactor protection
system

One of the challenges for a neural network application
in digital protection systems is its validation and verifica-
tion (V&V) process. The neural network software is
required to undergo a process of V&V which must be car-
ried out during all phases of its development, namely, the
definition of the algorithm, codification, integration and
test, implementation in the protection system, and its main-
tenance procedures (ANSI/ANS-10.4, 1998; USNRC,
1999). One advantage of the neural network scheme is that
it is simple to be implemented. In this problem, it necessi-
tates only three or four calculation steps of matrix addi-
tion, matrix multiplication, and evaluation of exponential
functions such as Eqs. (2) and (4) in order to furnish the
power peak factor result. Because of this simplicity, the
codification may be accomplished using basic machine lan-
guage, avoiding the difficulty of performing V&V on com-
plex computer operating systems or heavy software
packages. The V&V activities related to the integration,
test and implementation steps become a more treatable
matter.

The maintenance of the system is simple because, once it
is deployed, it does not need any change. The network
parameters, which take into account new core characteris-
tics and guarantee accurate results, constitute input files
that are presented to the system, and such files are easy
to maintain.

The V&V process must also demonstrate that the neural
network algorithm is accurate and robust, e.g., that it will
not produce erroneous results due to unexpected input sig-
nals. These are more difficult tasks in the V&V process due
to the neural network non-structured modelling of systems.
The work presented in this paper is an example of what are
these V&V activities.

6. Conclusions

This paper proposes a method based on artificial neural
networks that predict the power peak factor in a form that
can be used in reactor protection systems. The inputs con-
sidered to the networks were signals of position of the con-
trol rods inside the core, and axial and quadrant power
differences, calculated from the ex-core detector signals.
The data were collected in experiments performed in the
IPEN/MB-01 zero-power reactor.

The results have shown the importance that the training
data can be clustered into different classes of power peak
factor behaviour. The neural networks performed two jobs
in order to produce good results. First, they identified to
which class the input vector belonged, and second, they
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interpolated the PF value according to the input vector and
the identified class. If the data cannot be organised in clas-
ses the networks may have difficulty to produce accurate
PF estimations.

It was observed that the positions of control rods bear
the detailed and localised information about the power
density distribution. The axial and the quadrant power dif-
ferences, obtained from signals of ex-core detectors,
describe its global variations in the axial and radial
directions.

RBF and MLP networks, having the position of control
rods as input, estimated very accurately the power peak
factor, with 95% and 92% of the predictions with relative
errors inside the ±0.5% interval. Considering the case of
having APDs and QPDs as input, the results were also
good but with somewhat larger errors: 96% and 93% of
the predictions had relative errors inside the ±1.7%
interval.

The results showed that the RBF and MLP networks
have both good generalisation capabilities to estimate the
power peak factor from position of control rods and sig-
nals of ex-core detectors. The RBF networks produced
slightly better results than the MLP networks but, for prac-
tical purposes, both can be considered of similar accuracy
and good candidates for implementation in reactor protec-
tion systems.

The networks presented here, using position of control
rods and ex-core detector signals, estimated the core power
peak factors with an accuracy similar to that we would
obtain performing a power density distribution map with
in-core detectors. The results indicate that they allow
decreasing the power peak factor safety margin by as much
as 5%, which could be used for operating the reactor with a
higher power level or with more flexibility.

In Section 5.5 the application to power reactors was dis-
cussed. For this case, the neural networks would require in
the input vector the following variables: position of control
rods, and the APDs and QPDs. The V&V requirements
were discussed in Section 5.6. With this respect, one advan-
tage of neural networks is that it is simple to implement
them in protection systems but, on the other hand, it is
not a simple task to demonstrate, for all reactor states of
interest, that they are accurate and robust.

As a continuation of this research we intend to work in
two areas: obtaining data from a nuclear power plant to
evaluate the accuracy of this method during xenon tran-
sients, and investigating a V&V scheme that would allow
its deployment in a power reactor.
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