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ABSTRACT 

In nuclear power systems the early identification of transients caused by malfunctions is 
of great importance for preventing the development of serious accidents and performing 
adequate operation and maintenance practice. For this reason, various plant system parameters 
are monitored to provide information about the systems state. This information can be used to 
detect and classify the transients that occur inadvertently in a nuclear system.  

In this paper, a neural network methodology is developed which exploits the 
information provided by the online monitoring of different variables for classifying transients 
that can occur in the secondary system of a boiling water reactor (BWR). The initiating events 
of the transients in the scope of this work consist of leakages, of different sizes, performed in 
different locations of the secondary system. Each initiating event considered defines a class of 
transients which can be identified by analyzing the evolution in time of a group of variables 
monitored. In this work a three layered feed-forward neural network has been trained to 
assign an integer value, corresponding to the class of transient number, as output when the 
neural network is fed with the evolution of different variables of the system monitored online. 

This methodology has been applied to the identification of transient classes using data 
provided by the simulator HAMBO. This simulator has been developed to reproduce the 
behaviour of Forsmark nuclear power plant. Five classes of transients were considered, 
corresponding to leakages in different locations of the secondary system, and the evolution of 
ten variables, corresponding to temperatures and level positions of different control valves has 
been monitored. Using this information, the network was trained, and the trained system has 
been successful in classifying new transients belonging to any of the classes considered and 
also in identifying as “un-known” transients belonging to other classes not considered in the 
training phase. 

1 INTRODUCTION 

The early identification of the causes for the onset of an unscheduled departure from 
nominal behaviour is essential for the safe and efficient operation of nuclear power plants. 
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Given the safety and economical importance of the problem, several approaches to transient 
cause identification have been investigated. In general, these approaches aim at inferring the 
different system faults and anomalies from the corresponding different patterns of evolution 
that the involved process variables follow.  

One such powerful approach, capable of capturing non linear behaviour and of 
automatically building, from transient input-output data, the relationships existing between 
the transient causes and the corresponding process variables evolution is that of using neural 
networks [1]. 

In this work a multi-layered, feed-forward neural network [2, 3] is trained to classify a 
number of transients which may occur in the secondary side of a nuclear power plant of the 
BWR type. Section 2 presents a brief description of the fundamentals of neural networks; in 
section 3, a case study of application to the secondary system of a nuclear power plant is 
presented; section 4 presents the results obtained; finally, section 5 contains the conclusions 
of this work. 

2 NEURAL NETWORKS 

Neural networks are information processing systems composed of simple processing 
elements (nodes) linked by weighted connections [2, 3]. In particular, in this work we adopt 
the commonly used multi-layered feed-forward neural network which, in its simplest form, 
consists of three layers of processing elements: the input, the hidden and the output layers, 
with ni, nh and no nodes respectively (Fig. 1).  
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Figure 1: Scheme of a three-layered, feedforward neural network. 

The signal is processed forward from the input to the output layer. A node in the input 
layer simply transmits the input value received whereas the generic node in the hidden layer 
collects the output values from all the nodes of the preceding layer, weighs them by the 
connection weights, processes this information through an activation function, typically 
sigmoidal, to deliver the result towards all the nodes of the successive layer. 

Further, in the present work both input and hidden layers have the additional bias node, 
which is often employed as a threshold in the argument of the activation function and whose 
output always equals unity [3]. 

The values of the connection weights are determined through a training procedure. In 
this work we have adopted the usual error back-propagation algorithm which follows from the 
general gradient descent method [3]. In short, the back-propagation algorithm performs the 
steepest descent in the weight space on a surface whose height at any point is equal to the 
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error function. It consists of an iterative gradient algorithm designed to minimize the mean 
square error between the actual network output and the true value: sets of np inputs and 
associated no outputs are repeatedly presented to the network and the values of the connection 
weights are modified so as to minimize the average squared output deviation error function, 
or energy function, defined as 
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where tpl and opl are the true and the network-computed values of the l-th output node, 

to the p-th pattern presented. Through this training procedure, the network is able to build an 
internal representation of the input/output mapping of the problem under investigation. The 
success of the training strongly depends on the normalization of the data and on the choice of 
the training parameters which drive the gradient descent towards the minimum of D.  

After the training is completed, the final connection weights are kept fixed. New input 
patterns are presented to the network which is capable of recalling the information stored in 
the connection weights during training to produce the corresponding output, coherent with the 
internal representation of the input/output mapping. Notice that the non-linearity of the 
sigmoidal function of the processing elements allows the neural network to learn arbitrary 
nonlinear mappings. Moreover, each node acts independently of all the others and its 
functioning relies only on the local information provided through the adjoining connections. 
In other words, the functioning of one node does not depend on the states of those other nodes 
to which it is not connected. This allows for efficient distributed representation and parallel 
processing, and for an intrinsic fault-tolerance and generalization capability. These attributes 
render the artificial neural networks a powerful tool for signal processing, nonlinear mappings 
and near-optimal solution to combinatorial optimization problems. 

3 CLASSIFICATION OF TRANSIENTS IN THE SECONDARY SYSTEM OF A 
BWR 

A neural network-based classification method is devised to identify transients in the 
secondary system of a BWR on the basis of measured plant data. 

 
3.1 System description 

For lack of real plant data, the signals used in this study are provided by the HAMBO 
simulator of the Forsmark-3 nuclear power plant in Sweden [4]. 

Figure 2 shows a scheme of the system considered, constituted by two redundant lines. 
The steam coming out from the turbine enters into the condenser where it is cooled into 
condensate water. Then, this water is pressurized by a pump and delivered by the feedwater to 
the vessel [5].  
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Figure 2: Scheme of a BWR secondary loop[4] 

 

3.2 Transients 

The transients of interest for the classification regard malfunctions in line 1 of the 
feedwater system and are classified into 5 classes, each one associated with an integer label 
from 1 to 5. 

Class 1: Leakage through the second high-pressure preheater: A leakage from the 
primary incoming side to the primary outgoing side means that part of the feedwater will pass 
the heater without being heated. If the leak is big it can be detected by looking at the 
temperature after the preheater. The equipment involved is value EA1 in Figure 2. 

Class 2: Leakage in the first high pressure preheater to the drain tank: A leakage from 
the primary side to the secondary side means that part of the feedwater will go to the drain 
side of the preheater instead of continuing to the reactor. If it is a big leak it can be detected 
by the position of the drain valve which is more open than it should be. The equipment 
involved is value EA2 in Figure 2. 

Class 3: Leakage through the first high pressure preheater drain back-up valve  to the 
condenser: A leakage here means that part of the drain water will go to the condenser instead 
of going to the feedwater tank. If it is a big leak it can be detected by the position of the 
ordinary drain valve, less open than it should be. The equipment involved is value VB20 in 
Figure 2. 

Class 4: Leakage through the high-pressure preheaters bypass valve: A leakage here 
means that part of the feedwater will not be heated in the preheater line. If it is a big leak it 
can be detected by seeing that the temperature after that line is lower than the temperature 
after the other one. The equipment involved is value VB7 in Figure 2. 
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Class 5: Leakage through the second high-pressure preheater drain back-up valve to 
the feedwater tank: A leakage here means that part of the drain water will go to the feedwater 
tank directly instead of going through the first preheater. If the leak is big it can be detected 
by the position of the drain valve, less open than it should. The equipment involved is value 
VB25 in Figure 2. 

All the above classes of transients constitute operational malfunctions which lead to a 
reduced efficiency in the power generation process. For each class, different transients were 
generated by simulating 3 different steps of leakage: small, medium and big. Also, three 
different levels of power generation were considered. Ten measurable signals were used for 
the transient classification (Table 1) and 36 sampling instants were considered for each signal 
from 80 to 290 s, taken each 6 seconds. The sensors position are shown in Figure 2. 

Table 1: Variables used in the transient classification problem 

Variable  Signal Unit 
1 Position level for control valve EA1 % 
2 Position level for control valve EB1 % 
3 Temperature drain before VB3 ºC 
4 Temperature feedwater after EA2 train A ºC 
5 Temperature feedwater after EB2 train B ºC 
6 Temperature drain 6 after VB1 ºC 
7 Temperature drain 5 after VB2 ºC 
8 Position level control valve before EA2 % 
9 Position level control valve before EB2 % 
10 Temperature feedwater before EB2 train B ºC 

 
3.3 Neural network classification method 

For the on-line identification of which class a given transient belongs to, a three layered 
feed-forward neural network was trained to assign an integer value from 1 to 5 as output at 
time t in correspondence of the ten signals recorded at time t-1 and t. The output provided by 
the network is the label of the class to which the signals, i.e. the generating transient, belong.  
The class assignment is performed dynamically as the two-step time window of the measured 
signals shifts to the successive time t+1.  

The 35 patterns used to train the network for a transient of a given class take the 
following form: 
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All neural calculations were performed with the software package Neural Simulation 

Tool (NEST) developed by the Laboratorio di Analisi di Segnale e di Analisi di Rischio 
(LASAR, Laboratory of Analysis of Signals and of Analysis of Risk, 
http://lasar.cesnef.polimi.it/) of the Department of Nuclear Engineering of the Polytechnic of 
Milan. 
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For the network computational elaboration, each signal has been transformed by an 
affine mapping in the interval (0.2, 0.8). Moreover the connection weights have been 
initialized randomly within the interval (-0.3, 0.3). 

The number of nodes in the hidden layer, the learning coefficient and the momentum for 
the back-propagation training, were found by crude grid optimization (performed 
automatically by the NEST software). The optima values obtained are: 17 nodes for the 
hidden layer, a learning coefficient of 0.55 and a momentum of 0.6. 

4 NEURAL NETWORK CLASSIFICATION RESULT 

Figures 3a-3e compare the output values provided by the trained network (dashed line) 
with the true classes (solid line) of five test transients (1-5) constructed similarly to those of 
training, i.e. with each signal recorded in 35 discrete time steps of 6s from 80s to 290s. The 
results are plotted ordered sequentially in progressing re-scaled time instants. 

5 10 15 20 25 30 35

0.9

1

1.1

Neural Network and True values.TEST DATA

40 45 50 55 60 65 70

1.9

2

2.1

75 80 85 90 95 100 105

2.9

3

3.1

cl
as

s

110 115 120 125 130 135 140

3.9

4

4.1

145 150 155 160 165 170 175

4.9

5

5.1

input pattern

3a 

3b 

3c 

3d 

3e 

 
Figure 3: Neural network outputs (dashed line) and true classes (solid line) for the five 

test transients. 

The real-valued outputs provided by the neural network are shown to closely 
approximate the true class integer values, since the early times (more precisely, within 5 time 
steps, i.e. 30 seconds). In general, as time progresses, the network output class assignment 
approaches more and more closely the true class integer, increasing the confidence of the 
diagnosis. 

Finally, the performance of the trained neural network is tested against transients 
belonging to a class different from the five classes of the training transients. The new class 
considered is labelled as number 6 and regards the following malfunction on line 1:  

Class 6: Closing of the steam line valve to the second high-pressure preheater: Closing 
of the main steam valve means that less steam will go through the preheater. If it closes 
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significantly it can be detected through the position of the drain valve, less open than it should 
be. The equipment involved is valve VA6 in Figure 2. 

The performance of the network on a transient of the new class 6 is presented in Figure 
4a. The trained neural network delivers an output which is close to class 2, but with an 
absolute deviation from this class label significantly larger than those obtained on the training 
patterns. 
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Figure 4: Neural network outputs (dashed line) and true classes (solid line) for the new 

test transients of class 6. 

A similar result for a different pattern belonging to class 6 is presented in Figure 4b. In 
this case, the neural network delivers a value close to 0, with a significantly large deviation 
from the closest integer (1). 

The latter two examples show an important feature of the network which fed by 
transients of a new class does not misassign them to one among the five training classes but 
rather detects the unknown situation by providing outputs which deviate significantly from 
any of the five class labels of training. This characteristics  is demanded to any empirical 
diagnostic tool in order to avoid unsafe, incorrect classifications. 

The reason for the large output error of the neural network when trained with transients 
of a class different from those of training is due to the fact that some of the inputs which are 
fed into the network fall outside the ranges of the input values of the training transients. 
Figure 5, for example, shows the values of one of the input signals, the temperature drain after 
VB2, for the first transient of class 6 considered (Figure 4a) and the minimum and maximum 
values of the same variable (dashed lines) in the transients of the training set. It is seen that 
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the values of this input signal fall outside the training limits. This also occurs for other input 
signals. 
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Figure 5: Input signal “Temperature drain after VB2” for the first transient of class 6 

considered (solid line) and upper and lower values of the signal during training (dashed lines). 

5 CONCLUSIONS 

In this work, a neural network has been constructed and trained to distinguish classes of 
malfunctions in the secondary system of a boiling water reactor. The network uses as input 
patterns the information provided by ten signals that are monitored in the plant and provides 
as output an estimate of the class assignment. This is done dynamically through a moving 
time-window. 

The trained neural network is shown to correctly classify new transients belonging to 
the five classes, but not used for training. Moreover, when a transient belonging to a class 
different from the five of training is fed to the network, it is capable of detecting that the 
pattern does not belong to any of the classes for which it was trained. 
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