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ABSTRACT 
 

Dating from 1943, the earliest work on artificial neural networks (ANN), when Warren Mc Cullock and Walter 
Pitts developed a study on the behavior of the biological neuron, with the goal of creating a mathematical 
model. Some other work was done until after the 80 witnessed an explosion of interest in ANNs, mainly due to 
advances in technology, especially microelectronics. 
Because ANNs are able to solve many problems such as approximation, classification, categorization, 
prediction and others, they have numerous applications in various areas, including nuclear. 
Nodal method is adopted as a tool for analyzing core parameters such as boron concentration and pin power 
peaks for pressurized water reactors. However, this method is extremely slow when it is necessary to perform 
various core evaluations, for example core reloading optimization. To overcome this difficulty, in this paper a 
model of Multi-layer Perceptron (MLP) artificial neural network type backpropagation will be trained to predict 
these values. 
The main objective of this work is the development of  Multi-layer Perceptron (MLP) artificial neural network 
capable to predict, in very short time, with good accuracy, two important parameters used in the core reloading 
problem - Boron Concentration and Power Peaking Factor. For the training of the neural networks are provided 
loading patterns and nuclear data used in cycle 19 of Angra 1 nuclear power plant. Three models of networks 
are constructed using the same input data and providing the following outputs: 1- Boron Concentration and 
Power Peaking Factor,  2 - Boron Concentration and 3 - Power Peaking Factor.  
 
 

1. INTRODUCTION 
 
Pressurized Water Reactors (PWRs) are the most common type of nuclear reactor accounting 
for largely of current installed nuclear generating capacity worldwide. A PWR core uses 
normal water as both moderator and coolant. Nuclear reactors are powered by fuel containing 
fissile material. The fission process releases large amounts of useful energy and for this 
reason the fissionable material (U-235) must be held in a robust physical form capable of 
enduring high operating temperatures and an intense radiation environment. Fuel structures 
need to maintain their shape and integrity over a period of several years within the reactor 
core, thereby preventing the leakage of fission products into the reactor coolant. Angra 1 
nuclear power plant (used in this work) is an example of Pressurized Water Reactor. 
  
In most reactors the fuel is ceramic uranium oxide (UO2) and most is enriched. The fuel 
pellets are typically arranged in a long zirconium alloy (zircaloy) tube to form a fuel rod. A 
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number of fuel rods (235 in the case of Angra 1) are fixed into the framework structures to 
form the fuel assemblies that compose the core, for Angra 1 are 121 fuel assemblies in the 
core [1]. 
 
An important characteristic of Angra 1 is the existence of two axis of symmetry in the core: 
main symmetry axis and secondary symmetry axis. The main symmetry axis divided the core 
into four parts, forming a symmetry of 1/4 core. Using the main symmetry axis is possible to 
work with a smaller number of fuel assemblies (37 to Angra 1), which reduces the 
computational time employed in the neutronic calculations. 
 
During the nuclear reaction inside a reactor, the fissile isotope in nuclear fuel is consumed 
and is no possible to keep the reactor producing energy at nominal power. This period of time 
that the reactor operates with a given set of fuel assemblies is called cycle. 
 
At the end of cycle the pressurized water reactors need to be shut down for refueling, when 
about a third of the fuel assemblies are replaced with fresh ones. It is not a good policy, for 
efficiency reasons, to put the new assemblies exactly at the location of the removed ones. 
Thus the available fuel assemblies must be arranged in such a way that the yield is 
maximized, while safety limitations and operational constraints are satisfied. Consequently 
core designer are faced with the so-called core reloading problem, which consists in 
optimizing the rearrangement of all the assemblies, the old and fresh ones, while still 
maximizing the reactivity of the reactor core so as to maximize fuel burn-up and cycle length 
[2]. 
 
Even fuel assemblies of the same age may have different neutronic characteristics (in this 
work represented by K-infinity), which depends on their previous positions in the core. The 
positioning of fuel assemblies in the reactor core is calling for loading pattern. The definition 
and evaluation of such loading patterns are conducted by experts in reloading with the aid of 
reactor physics codes, a process slow and computationally costly. Being the first evaluation 
performed by the core designer for the loading patterns generated is the boron concentration 
and peak factor. 
 
The development of mathematical models that can accelerate the evaluation process of 
loading pattern is of great importance for core designers. Some authors have demonstrated 
the feasibility of using artificial neural network to calculate the Boron Concentration [3].  
 
The main objective was the development of  Multi-layer Perceptron (MLP) artificial neural 
network capable to predict, in very short time, with good accuracy, two important parameters 
used in the problem reloading - Boron Concentration and Power Peaking Factor. However, 
these two parameters have distinct orders of magnitude (Boron Concentration values in the 
order 1000 and Power Peaking Factor with values of around 1.5), then two new networks are 
modeled, only once to set the value of the Boron Concentration and other only with the value 
of Power Peaking Factor for performed a comparison between the results obtained by the 
three models. 
 
  



INAC 2013, Recife, PE, Brazil. 
 

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. Synapsis 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 
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, emphasis to the Multi-layer Percpetrons (MLPs) Neural Networks[6], which was 
used in this work. 
 
The Multi-layer Percpetrons is a neural network model for supervised learning, which 
presents data input and output. This architecture provides a layer of input units, connected to 
one or more intermediate units called hidden layers and output layer units. 
 
This network usually uses as learning algorithm the backpropagation algorithm[7] that is a 
supervised learning technique. The network is first initialized by setting up all its weights to 
be small random numbers – say between –1 and +1. During training with the 
backpropagation algorithm (Figure 1), the network operates in a two step sequence. First, a 
pattern is presented to the input layer of the network. The resulting activity flowing through 
the network, layer by layer, until the answer is produced by the output layer (this is called the 
forward pass). In the second step, the output obtained is compared to the desired output for 
that particular pattern. We then calculate the Error of each neuron, which is essentially: Target 
– Actual Output. This error is then used mathematically to change the weights in such a way 
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that the error will get smaller. In other words, the Output of each neuron will get closer to its 
Target (this part is called the reverse pass). The process is repeated again and again until the 
error is minimal [5]. 
 
 
 
 
 
 
 
 
 

 
 
 
 
 

Figure 1: Representation of the backpropagation algorithm 

 
 

3. MODELING AND RESULTS 
 
For the development of a tool for predicting nuclear parameters (Boron Concentration and 
Power Peaking Factor) in order to assist core designers in the evaluation process of loading 
patterns to nuclear reactors were developed three models of Multi-layer Perceptron artificial 
neural networks. 
 
The inputs provided to neural network models represent loading patterns formed by 37 fuel 
assemblies (Figure 2), since it is considered ¼ core symmetry. The fuel assemblies forming 
the loading patterns are presented to the 37 neurons of the input layer of the network in the 
form of their K-infinity values (Figure 3). 
 

 
 

Figure 2: Loading patterns 
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Using the same input data, three models of artificial neural networks have been defined to 
obtain the following outputs: 

 
First network             Two output neurons:  C1  - Boron Concentration 
                                                                      C2  - Power Peaking Factor 
 
Second network         One output neurons:  C1 - Boron Concentration 
 
Third network            One output neurons:  C1 - Power Peaking Factor 

 
 
 
 

 
 

 
Figure 3 – Input data 

 
 



INAC 2013, Recife, PE, Brazil. 

 

The learning algorithm used in the MLPs neural network models was the backpropagation. A 
single intermediate layer and term momentum were used. For training the neural networks 
were provided 4500 loading patterns and nuclear data (K-infinity) of fuel assemblies used in 
Cycle 19 of Angra 1.Table 1 shows the performance in training the networks with the 
outputs: Boron Concentration and Power Peaking Factor, Boron Concentration and Power 
Peaking Factor, respectively. 
 
 

Table 1: Performance Training Networks 
 

 
 
Table 1 show that the results of the networks training were very good and similar, proving the 
ability of artificial neural networks in learning the mathematical models used by reactor 
physics codes. These results also showed that the responses were not affected by the 
combination of variables with different orders of magnitude. 
 
In all three cases, measures such as mean squared error, percentage of accuracy in learning 
and correlation coefficient between inputs and outputs were very high, defining a good tool to 
aid core designers. 
 
As the last stage of the evaluation of trained networks was performed a validation of the 
results provided by the networks using 10 new loading patterns that were not used in the 
training. These 10 loading patterns were generated by core designer of Eletronuclear and 
evaluated in reactor physics code used in the simulations of Angra 1. The results are showed 
in the tables and figures below (Table 2 and Figures 4 and 5 -Network output: Boron 
Concentration and Power Peaking Factor; Table 3 and Figure 6 - Network output: Boron 
Concentration; Table 4 and Figure 7 - Network output Power Peaking Factor). 
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Table 2: Comparison of results: Reactor Physics code - Neural network 
(Boron Concentration and Power Peaking Factor). 

 

 

REACTOR 
PHYSIC CODE 

NEURAL 
NETWORK ERROR 

Loading Pattern 1 
BC*  1373 1353 20 

PPF** 1.427 1.450 -0.023 

Loading Pattern 2 
BC  1376 1358 18 
PPF 1.448 1.466 -0.018 

Loading Pattern 3 
BC  1382 1359 23 
PPF 1.472 1.485 -0.013 

Loading Pattern 4 
BC  1374 1355 19 
PPF 1.531 1.490 0.041 

Loading Pattern 5 
BC  1519 1505 14 
PPF 1.835 1.867 -0.032 

Loading Pattern 6 
BC  1396 1398 -2 
PPF 1.759 1.899 -0.140 

Loading Pattern 7 
BC  1498 1486 12 
PPF 1.65 1.716 -0.066 

Loading Pattern 8 
BC  1492 1479 13 
PPF 1.578 1.643 -0.065 

Loading Pattern 9 
BC  1765 1748 17 
PPF 2.379 2.508 -0.129 

Loading Pattern 10 
BC  1538 1529 9 
PPF 1.942 1.952 -0.010 

           *Boron Concentration; ** Power Peaking Factor 
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Figure 4 - Network output: Boron Concentration and Power Peaking Factor – 

Comparison of Boron Concentration 
 

 
Figure 5 - Network output: Boron Concentration and Power Peaking Factor – 

Comparison of Power Peaking Factor 
 
  

Comparison of results: Reactor Physics code - Neural network 
(Boron Concentration).
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Table 3: Comparison of results: Reactor Physics code - Neural network 

(Boron Concentration). 
 

 

REACTOR 
PHYSIC CODE 

NEURAL 
NETWORK ERROR 

Loading Pattern 1 BC* 1373 1359.770 13.230 
Loading Pattern 2 BC 1376 1363.648 12.352 
Loading Pattern 3 BC 1382 1367.589 14.411 
Loading Pattern 4 BC 1374 1361.022 12.978 
Loading Pattern 5 BC 1519 1495.062 23.938 
Loading Pattern 6 BC 1396 1356.390 39.610 
Loading Pattern 7 BC 1498 1437.095 60.905 
Loading Pattern 8 BC 1492 1441.160 50.840 
Loading Pattern 9 BC 1765 1743.459 21.541 
Loading Pattern 10 BC 1538 1523.509 14.491 

           *Boron Concentration 

 
 
 
 

 

 
Figure 6 - Network output: Boron Concentration 
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Table 4: Comparison of results: Reactor Physics code - Neural network 

(Power Peaking Factor). 
 

 
 
 
 
 
 
 
 
 
 
 
 
 

           *Power Peaking Factor 

 
 

 
Figure 7 - Network output: Power Peaking Factor 

 
 
In all three cases, it is observed that the comparison between the responses of nuclear 
parameters (boron concentration and energy Peak Factor) provided by the Code of reactor 
physics and networks have very small errors. This fact demonstrates that the neural network 
models used were successful and that is possible yours application for this kind of problem, 
generating a powerful tool to help core designers in the definition and evaluation of loading 
patterns for nuclear reactors. 
 
 

Comparison of results: Reactor Physics code - Neural network 
(Power Peaking Factor).
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REACTOR 
PHYSIC CODE 

NEURAL 
NETWORK ERROR 

Loading Pattern 1 PPF*  1.427 1.451 -0.024 
Loading Pattern 2 PPF 1.448 1.468 -0.020 
Loading Pattern 3 PPF 1.472 1.527 -0.055 
Loading Pattern 4 PPF 1.531 1.453 0.078 
Loading Pattern 5 PPF 1.835 1.641 0.194 
Loading Pattern 6 PPF 1.759 1.869 -0.110 
Loading Pattern 7 PPF 1.65 1.825 -0.175 
Loading Pattern 8 PPF 1.578 1.737 -0.159 
Loading Pattern 9 PPF 2.379 2.390 -0.011 
Loading Pattern 10 PPF 1.942 1.798 0.144 
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4. CONCLUSIONS 
 
This paper develops three models of neural networks as a tool to help the core designers to 
evaluate loading patterns for nuclear reactors. These networks are built with 37 inputs (K-
infinity of fuel assemblies) and outputs with Boron Concentration and Power Peaking Factor, 
Boron Concentration and Power Peaking Factor. 
 
In all three cases, the networks had excellent performance in the training phase, generating 
similar responses, showing that the combination of outputs with different orders of magnitude 
did not affect the learning process. The good results generated by the networks can be 
confirmed in the validation phase where the errors obtained were minimal demonstrating the 
feasibility of developing a tool for this type of application. 
 
As the results of networks were very nearby the use of the network with the two outputs 
together is the best option to be used as it reduces the training time and simplifies the output 
generation. This tool reduces the evaluation time of approximately 30 seconds for the reactor 
physics code to one second in the neural network. 
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