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ABSTRACT 
 
Safety performance indicators have been developed to provide a quantitative indication of the performance and 
safety in various industry sectors. These indexes can provide assess to aspects ranging from production, design, 
and human performance up to management issues in accordance with policy, objectives and goals of the 
company. 

The use of safety performance indicators in nuclear power plants around the world is a reality. However, it is 
necessary to periodically set goal values. Such goals are targets relating to each of the indicators to be achieved 
by the plant over a predetermined period of operation. 

The current process of defining these goals is carried out by experts in a subjective way, based on actual data 
from the plant, and comparison with global indices. 

Artificial neural networks are computational techniques that present a mathematical model inspired by the 
neural structure of intelligent organisms that acquire knowledge through experience. This paper proposes an 
artificial neural network model aimed at predicting values of goals to be used in the evaluation of safety 
performance indicators for nuclear power plants. 

 
 

1. INTRODUCTION 
 
The safety performance indicators used in nuclear plants serve as indices to monitor, measure 
and evaluate a set of attributes that a plant must have to operate safely. Today the challenge is 
to measure these parameters 
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Thus, various institutes in the last two decades have been developing work-related to safety 
performance indicators. Among which, there is the World Association of Nuclear Operators 
(WANO) [1].  
 
The WANO has developed a program of worldwide standardization of safety performance 
indicators for nuclear power plants, represented by a set of six indicators [2][3]. With this set, 
the WANO conducts a quarterly collection of data about these indicators for each nuclear 
power plant. These data are then checked and their results published in the WANO Web-site. 
These results serve as: 

• baseline for monitoring progress and performance; 
• to create new “challenging” targets; 
• gain additional perspectives on performance relative to other plants; 
• provide an indication of possible needs for adjustment of priorities for resources to 

achieve better overall performance. 
 
The use of safety performance indicators by nuclear plants requires the setting of goals, 
which are targets to be achieved by each plant over a predetermined period of operation. 
 
In Angra 2 nuclear power plant the setting these goals is carried out by experts in a subjective 
way, based on real data and compared to global indices, especially with values provided by 
WANO. 
 
In this work was developed an intelligent computational model based on artificial neural 
networks able to set goals for some safety performance indicators used by the Angra 2 
nuclear power plant. This model, was developed based on real data from Angra 2, cataloged 
over nearly a decade of monitoring, and based on global indices published by WANO. 
 
The main objective of the proposed model is to assist the experts of Angra 2 nuclear power 
plant in the annual process of setting goals for safety performance indicators. 
 
 
 

2. THEORICAL EMBASEMENT 

2.1. Artificial Neural Networks 
 
Artificial Neural Networks (ANN) are computational techniques that present a mathematical 
model inspired by the neural structure of intelligent organisms that acquire knowledge 
through experience. [4] 
 
ANNs were developed originally in the 40’s, by the neurophysiologist McCulloch and the 
mathematician Walter Pitts of the University of Illinois, which have made an analogy 
between nerve cells alive and the electronic process in a paper about the formal neurons. [5] 
 
The human brain, especially the nervous system consists of an extremely complex set of 
neurons. Neurons communicate through synapses. Synapses is the region where two neurons 
come in contact through which nerve impulses are transmitted between them [4]. When a 
pulse is received, the neuron processes it, and passing a threshold of action triggers the nerve 
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impulse to another neuron. This impulse relayed may decrease or increase the polarity of the 
postsynaptic membrane, inhibit or stimulate the generation of this impulse.  
 
Overall, the operation of a neuron consists of : 

• signs are displayed at the entrance; 
• each signal is multiplied by a weight indicating its influence on the output of the unit; 
• is made to the weighted sum of the signals that produces a level of activity; 
• If this level exceeds a threshold (tested by a limited mathematical function, called 

activation function) the unit produces an output. 
 
The most important property of ANNs is the ability to learn from their environment and 
thereby improve their performance. This is done through an iterative process of adjustments 
to the weights, called training. The learning occurs when the neural network reaches a 
generalized solution to a class of problems. The type of training most commonly used in 
applications of neural networks is the supervised training. 
 
The research on ANNs continued over the years, having been developed several neural 
models, including the General Regression Neural Networks, which was used in this work. 
 
2.1.1. General Regression Neural Networks 
 
General Regression Neural Networks (GRNN) are known for the ability to train quickly on 
sparse data sets. GRNN applications are able to produce continuous valued outputs. GRNN 
can have multidimensional input, and it will fit multidimensional surfaces through data. 
 
A GRN network is a three-layer network that contains one hidden neuron for each training 
pattern. There are no training parameters such as learning rate and momentum as there are in 
backpropagation networks, but there is a smoothing factor that is used when the network is 
applied to new data. The smoothing factor determines how tightly the network matches its 
predictions to the data in the training patterns. 
 
GRNN networks were invented by Dr. Donald Specht. 
 
GRNN networks should generally not be used if there are more than 1000 training patterns 
unless you have a very fast machine. 
 
 

2.2. Safety Performance Indicators - WANO 
 
Regarding the work on indicators developed by WANO, the Association formed by the 
international nuclear community after the Chernobyl accident, there is a program of 
worldwide standardization of performance indicators for nuclear power plants, established in 
1990 [2]. 
 
One of the basic principles of WANO is that it is better to learn from someone else’s 
mistakes than from your own. It is also better to benefit from someone else’s good ideas 
rather than work in isolation. We call this operating experience.  
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The WANO Performance Indicator Program supports the exchange of operating experience 
information by collecting, trending and disseminating nuclear plant performance data in key 
areas. The data is gathered for a set of quantitative indicators of plant performance. These 
indicators are intended principally for use as a management tool by nuclear operating 
organizations to monitor their own performance and progress, to set their own challenging 
goals for improvement, and to gain additional perspective on performance relative to that of 
other plants. It is now widely recognized that a good set of overall performance indicators can 
provide a partial, but important and useful, measure of how well a nuclear plant is managed 
overall.  
 
It is expected that the use of WANO performance indicators will encourage emulation of the 
best industry performance. It should also further motivate the identification and exchange of 
good practices in nuclear plant operations. 
 
WANO performance indicators are established by one or more criteria listed below: 

• the indicator provides a quantitative indication of nuclear safety, reliability and 
efficiency of the plant or security personnel; 

• the program is limited to a few key indicators that monitor outcomes rather than 
intermediate processes or individual elements of performance; 

• the indicator has broad applicability; 
• the approach provides meaningful without detailed knowledge of practices and 

programs of the plant; 
• the indicator is clear and objective; 
• the indicator permits setting goals; 
• the data are available and reliable;  
• emphasis on improving the value of the indicator does not cause undesirable actions 

to the plant 
• the indicators that monitor the reliability of the plant primarily should reflect 

performance only in areas that can be controlled or influenced by management of the 
plant; 

• safety indicators or staff should reflect overall plant performance, including in some 
cases, elements of control and management of same. 

 
Based on these criteria, the WANO provides a set of indicators to be mapped by nuclear 
power plants and whose junction of results reflects the level of performance and safety of 
operating nuclear units worldwide. 
 
The WANO’s indicators are [1]:  
 
Unit Capability Factor: Is the percentage of maximum energy generation that a plant is 
capable of supplying to the electrical grid, limited only by factors within control of plants 
management. A high unit capability factor indicates effective plant programmers and 
practices to minimize unplanned energy losses and to optimize planned outages. 
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Unplanned Capability Loss Factor: Is the percentage of maximum energy generation that a 
plant is not capable of supplying to the electrical grid because of unplanned energy losses, 
such as unplanned shutdowns or outage extensions. A low value indicates important plant 
equipment is well maintained and reliably operated and there are few outage extensions. 
 
Forced Loss Rate: Is the percentage of energy generation during non-outage periods that a 
plant is not capable of supplying to the electrical grid because of unplanned energy losses, 
such as unplanned shutdown or load reductions. A low value indicates important plant 
equipment is well maintained and reliably operated. 
 
Collective Radiation Exposure: The collective radiation exposure indicator monitors the 
effectiveness of personnel radiation exposure controls for Pressurized Water Reactors 
(PWRs). Low exposure indicates strong management attention to radiological protection. 
 
Unplanned Automatic Scrams per 7000 Hours Critical: The unplanned automatic scrams 
per 7000 hours critical indicator tracks the mean scram (automatic shutdown) rate for 
approximately one year (7000 hours) of operation. Unplanned automatic scrams result in 
thermal and hydraulic transients that affect plant systems. 
 
Industrial Safety Accident Rate: The industrial safety accident rate tracks the number of 
accidents among employees that result in lost work time, restricted work, or fatalities per 
200000 work-hours. The nuclear industry continues to provide one of safest industrial work 
environments. 
 
 

3. MODELING AND RESULTS  
 
The first step in developing the computational model able to set goals for some of the safety 
performance indicators used by the Angra 2 nuclear power plant was to establish which 
indicators to use in the work. 
 
It was chosen the set of six indicators proposed by WANO, because for these indicators are 
available actual data of Angra 2, cataloged over nearly 10 years of operation, besides the data 
reported by WANO. 
 
Six neural networks were trained, one for each indicator, using the Neuro Shell software. The 
network model chosen was the General Regression Neural Networks (GRNN), because this 
model show good results when the data sets is small as well as ease in the process of training. 
 
The network architecture is composed of three layers (Figure 1), with one neuron in the input 
layer, eight neurons in the middle layer for the indicators Unit Capability Factor, Unplanned 
Capability Loss Factor, Collective Radiation Exposure and Unplanned Automatic Scrams per 
7.000 Hours Critical, five neurons in the middle layer for the indicators Forced Loss Rate 
and Industrial Safety Accident Rate and one neuron for output layer. 
 
The data used to train the neural networks were the goals values provided by WANO, for 
each indicator, for the period 2002 to 2009 and the weighing of the accumulated data (in one 
year) of the Angra 2 indicator's and values of WANO, referring also to the period from 2002 
to 2009. The only exceptions were the indicators Forced Loss Rate and Industrial Safety 
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Accident Rate which had their networks trained with data for the period 2005 to 2009, by 
reason of not having the previous register of such indicators for Angra 2. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1 - Representation of the network model 
 
 
 
Training is supervised and the type of activation function used was linear [0, 1] in all cases.  
 
Table 1 presents the results obtained by training the neural network for each indicator. 
 
When applying GRNN Networks, you need to supply a smoothing factor required by the 
algorithm that affects the value of the output. For GRNN networks, the smoothing factor 
must be greater that 0 and can usually range from 0.01 to 1 with good results. Fortunately, no 
retraining is required to change smoothing factors, because the value is specified when the 
network is applied. Having been used in all cases, the smoothing factor determined by the 
Neuro Shell, as shown in Table 1. 
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Table 1: Results obtained with the training of neural networks. 

 
Indicator Smoothing 

Factor 
Mean 

Absolute 
Error 

Min 
Absolute 

Error 

Max 
Absolute 

Error 

Correlation 
Coefficient r 

Unit 
Capability 

Factor 

 
0.149 

 
2.036 

 
0 

 
5.954 

 
0.781 

Unplanned 
Capability 

Loss Factor 

 
0.985 

 
3.121 

 
0 

 
8.995 

 
0.649 

Forced Loss 
Rate 

0.655 0.394 0 1.048 0.816 

Collective 
Radiation 
Exposure 

 
0.018 

 
0.116 

 
0 

 
0.418 

 
0.612 

Unplanned 
Automatic 
Scrams per 
7000 Hours 

Critical 

 
 

0.519 

 
 

0.356 

 
 

0.139 

 
 

1.043 

 
 
0 

Industrial 
Safety 

Accident Rate 

 
0.251 

 
0.076 

 
0 

 
0.230 

 
0.920 

 
 
Mean absolute error is the mean over all patterns of the absolute value of the actual minus 
predicted, i.e., the mean of (actual – predicted).  
 
In all cases the mean absolute error values were low, positive factor in the training process of 
neural networks. The Indicators Unit Capability Factor and Unplanned Capability Loss 
Factor were those with the highest values for this measure, because in these two cases there 
is a point whose value is in disagreement with the other points, but correspond to real values 
observed during plant operation. These points also influence the value of max error absolute 
and represent a test point to the network training, to aid the generalization ability of the 
network. 
 
Min absolute error is the minimum of (actual – predicted) of all patterns. Zero in most cases, 
a desirable result in neural networks, as shown in Table 1. 
 
Correlation Coefficient r – (Pearsons Linear Correlation Coefficient) is a statistical measure 
of the strength of the relationship between the actual vs predicted outputs. The r coefficient 
can range from -1 to +1. The closer r is to 1, the stronger the positive linear relationship, and 
the closer r is to -1, the stronger the negative linear relationship. When r is near 0, there is no 
linear relationship. Note from Table 1 that in all cases the correlation coefficient r were closer 
to 1, indicating a reasonable linear correlation, except the indicator Unplanned Automatic 
Scrams per 7000 Critical Hours, where zero represents a non-linear correlation between the 
points. 
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Table 2 presents the results obtained by the trained neural networks, having as input the 
values of WANO's goals for the year 2010 (production data). Using this data, which were not 
used in training the networks demonstrate the applicability of the developed model. 
 
 
 

Table 2: Results of neural networks to production data (2010). 
 

Indicator Calculated value Network output 
Unit Capability Factor 88.9 88.5 
Unplanned Capability Loss Factor 1.83 4.19 
Forced Loss Rate 0.57 0.56 
Collective Radiation Exposure 0.46 0.48 
Unplanned Automatic Scrams per 
7.000 Hours Critical 

0.65 0.93 

Industrial Safety Accident Rate 0.18 0.23 
 
 
Table 2 shows that the indicators related to unplanned values show the calculated values with 
the largest deviations from the output values of the networks. This is because the specialist 
always seek set most challenging goals for these indicators, but that sometimes does not 
match the reality of nuclear power plant. The other values show very small deviations. 
 
 
 

4. CONCLUSIONS  
 
This study demonstrated the feasibility of using artificial neural networks in the 
determination of targets for performance indicators for nuclear power plants. However, it was 
observed that for some indicators the generalization ability of trained neural networks was 
low. This is due to two factors: 

• the small amount of points of the indicators of Angra 2, since for the training of 
networks are used annual data; 

• large fluctuations in the data presented networks. These fluctuations occur due to 
plant's shutdown and load variations imposed by the regulator ONS. 

 
Two ways to continue this work are: the use of these data in new models of neural networks 
and the development of a model that incorporates the stops and the plant load factor 
variations. 
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