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ABSTRACT 

 
Nuclear Reactor Reload Problem (NRRP) is a classical problem in Nuclear Engineering that has been studied 

for more than 40 years, which focuses on the economics and safety of the Nuclear Power Plant (NPP). This 

problem consists in searching for the best loading pattern of fuel assemblies (FA) in the core, aiming to 

determine the permutation of fuel assemblies that optimizes the uranium utilization, with fitness function 

evaluated according to specific criteria and methods of nuclear reactor physics, such as the maximum mean 

power peak and the boron concentration. In this article will be presented different methodologies to obtain a 

representative fitness function for NRRP, where Quantum particle Swarm optimization (QPSO) was used to 

determine which one gives the best array of fuel assemblies that will make the maximum EFPD (Effective Full 

Power Days) with the least computational effort. In this approach, as well as others in literature, was not used 

Burnable Poison in the simulations and the results will be compared in relation of the maximization of the cycle 

length considering the boron concentration yield by the reactor physics code, to make sure that the configuration 

is valid from a safety point of view. This paper was based on Angra 1’s seventh reload cycle. 

 

 

1. INTRODUCTION 

 

The energy demand growth worldwide, which will grow by one third in 2030 (based on 

today’s numbers) makes that each time more and more the energy sources have to be 

diversified. Other fundamental aspect to keep up with this demand is the improvement and 

optimization of the current processes of energy production. 

 

The electrical energy generated by the Nuclear Power Plants (NPP) Angra 1 and Angra 2 

corresponds to approximately 26% of the electricity consumed by the state of Rio de Janeiro. 

One way to improve the performance of the power plants is the fuel assemblies (FA) 

utilization optimization, aiming to improve the Effective Full-Power Days (EFPD). This 

improvement affects directly on the company’s profit, once each extra day the power plant 

gets with the same load represents directly more income for the operating company. Another 

important factor on this optimization is the search for the reduction on the amount of fuel 
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assemblies to be traded on the reload process, which reduces the cost of the FA and the 

amount of FA to be discarded (radioactive waste). 

 

During the reloading process of a Pressurized Water Reactor (PWR) – which are Angra 1, 

Angra 2 and later on Angra3 – a part of the FA (usually one third, with the most burned ones), 

are replaced with new ones. However, the new FA do not assume the positions of the old 

ones, and it is necessary to rearrange all the reactor core, so it can be optimized. Taking 

Angra 1 as an example, there are 121 FA, with approximately 10
200

 possible configurations, 

without taking into consideration the core symmetries, making it impossible to test all the 

possible options and decide the best one, especially with the time limit being one year (as the 

reactor is reloaded at each 12 month, approximately). Nowadays specialists use their 

knowledge to solve this problem, and the question asked is: is a specialist really able to find 

the best configuration in an universe of possibilities so big? The answer so far has been that 

the specialists give an answer which the operator companies find satisfactory. But this answer 

could be improved using artificial intelligence techniques, especially evolutionary algorithms. 

Over the years, researches have proven effective the utilization of evolutionary algorithms to 

get a solution on the reload problem. However, a very important part of these algorithms – 

the fitness functions – have never been discussed or compared with a standard model. 

 

These algorithms work with a group of possible solutions (called population), which must 

evolve during the optimization process, and at each stage of the process all the solutions 

(each individual of the population) must be evaluated with the fitness function to determine 

how good it is to solve the problem. 

 

During the last years, a lot of papers have been published showing forms of associations 

between the concepts of the evolutionary algorithms used in artificial intelligence and the one 

used in quantum computing – such as the QPSO, which is a quantum association between the 

classical PSO with quantum computing. At the center of this association resides the fact that 

evolutionary algorithms, as for example the genetic algorithms, operate with binary structures 

(0 or 1), and quantum computing is based on the processing of n states, where the quantic 

entity (qbit) has a probability of having the value of either 0 or 1. From this concept, the 

coding of a, for example, gene of n bits could be represented on the combination of quantum 

states (spin up or spin down), and each individual would be represented by a possible 

combination of these states.  

 

The aim of this paper is to compare a few fitness functions, to study the importance of using 

the appropriate function to the reload problem on PWR reactors. To do so, we will use the 

Quantum Particle Swarm Optimization (QPSO), an evolutionary quantum algorithm. 

RECNOD, a reactor physics code which does not make reconstruction pin by pin and 

therefore does not give the power peak factor and neither have a thermal hydraulic feedback, 

will be used. The output of RECNOD is the FA mean power and the Boron concentration. 

With these two information we will be able to measure the quality of each fitness function 

tested, once the Boron concentration is proportional to the EFPD. 

 

2. THE NUCLEAR REACTOR RELOAD PROBLEM 

 

The reload of a PWR reactor occurs when, due to the FA burn, it does not became possible to 

maintain the core’s full power. The reload operation consists on the removal of the most 

burned ones (usually the ones that are in the core for 3 or 4 cycles), being the remaining ones 
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rearranged and the black spaces filled with new FA. The ones replaced are stored inside the 

NPP. The primary objective of the rearrange is to optimize the positions in order to give as 

much EFPD as possible at the same reload cycle. It is a multi-objectives problem, because we 

have to keep some values inside the safety margins while maximizing or minimizing others. 

This problem has a major importance, because an optimal solution would give much more 

EFPD with the same load, and therefore maximizing the managing company’s income 

without compromising the safety of the power plant. 

 

The reload problem is highly complex, because at every n elements there are n! possibilities. 

If you add the rotation of the FA (4
n
 possibilities), we end up with n!.4

n
 possible 

combinations. Taking into consideration all the core’s restrictions and symmetries, we get to 

approximately 10
25

 different combinations for a reactor with 20 FA in 1/8 symmetry (as it is 

in Angra 1’s core), and for that it would be necessary about 5,8.10
19

 years to try all of them, 

which makes it impossible. 

 

Therefore the reload problem can be defined as a highly complex combinatory problem, 

fitting in to the NP-Complex (non-deterministic polynomial problems). The reload universe 

of search is multimodal. GALPERIN (1995) [1] showed that this universe presents a lot of 

irregularities, having many optimal arranges (one in every 100), which means 10
23

 in our case 

(with discontinuities aside). 

 

Even though its concept is simple, the reload problem has a very high computational 

complexity, and it consumes a high computational effort to all possible candidates can be 

evaluated. The fact that it is not possible to test all the possibilities has driven many 

researches to use artificial intelligence techniques to solve this problem. Also, the more 

optimized the technique the better it is, and so it is with the fitness function. 

 

3. QUANTUM COMPUTING 

Ever since 1990, when it was shown that computer methods based on quantum mechanics 

could offer bigger processing power, many researches and development have been made on 

this area. Thanks to the superposition principle, on which a particle can be at two states 

simultaneously, quantum computers can offer a high parallelism rate on its processing. 

Quantum computing can be defined as the king of computing that uses the quantum systems 

capability of being on multiple states at the same time. Theoretically, theses superpositions 

allow multiple evaluations to be made at the same time. 

2.1 QPSO 

 

Particle Swarm Optimization (PSO) in an evolutionary algorithm whose global search 

strategy can be effectively applied to optimization problems. In 1995, Kennedy and Eberhart 

[2] came up with the PSO, and after that is has received a lot of attention and proved to be 

capable of solving the most difficult optimization problems.  

 

The PSO bases its evolutionary system on a group of animals, such as shoals of fishes when 

hunting for food. In each generation, the position of the individuals is updated according to a 

formula and its fitness is tested with a function. As each generation passes, the best position 

of each particle is saved in a list called pbest, and the best of all positions is saved as gbest.  
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A quantum version of PSO (Quantum Particle Swarm Optimization – QPSO) was proposed 

by SUN, FENG and XU, 2004 [3] and MIKKI [4], 2005. In QPSO, each particle has a 

quantum behavior, opposing to the classical mechanic behavior that they had on PSO, and 

instead of having a Newtonian random path, we have a quantum search process. As QPSO 

works with quantum mechanics, the formula used to update the values of the population are 

not based on the velocity and do not have the inertia component (as in the classical PSO). 

Instead, this formula is used: 

         
Where: 

                            

  
(  (

 
 
)          |    | )

 
 

                                   
F1 = pbesti 

F2 = gbesti 

g = function parameter 

 

The pseudo-code for QPSO is as shown on figure 1 [3]: 

 

 
Figure 1: Pseudo code for the QPSO 

 

4. EXPERIMENTAL PROCEDURES AND RESULTS 

 

The objective of this work was to access different fitness functions to find which one was the 

best. The methods used on this process will be discussed below. 

 

The tested function fitness were: 

 

1: 

if PM > 1.395: 

 fitness = PM 

if PM < 1.395: 

 fitness = 1/B 

 

2: 

fitness = PM/B 
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3: 

fitness = (1/B) + PM 

 

4: 

if PM > 1.395: 

 fitness = PM
13

 / B 

if PM < 1.395: 

 fitness = 1/B 

 

Where PM (Mean Power Peak) and B (Boron concentration) are the outputs of the 

RECNODE code.  

 

Theses fitness functions were chosen because as the QPSO minimalizes the result and we 

want the highest number of Boron concentration, it was put in the dividend, so the higher the 

boron, the lower the fitness. On the first one, once the PM is below the limit, it only focuses 

on finding the highest Boron concentration. On the last two, we gave PM a weight, so that we 

could find not only a value that suffices the safety margins, but also find the lower value for 

it. 

 

The parameter g is the only parameter we can choose in the process (the other ones are 

random), and it has a great influence on the algorithm’s behavior. Before we begin to change 

the fitness functions, various values of g were tested, between 1 and 4, and the value that 

showed the best results was 1.45, which was used in all simulations. Also with this test we 

determined the number of individuals of a population to be 60. 

 

The Delta Potential Well has other formulas as well, and beforehand this experiment 

benchmark functions were used to test which one made the algorithm converge faster, based 

on the work of MIKKI and KISHK
4
, and this one was chosen. 

 

Once all setting was done, the experiment could begin. The same seed for the random 

numbers was used on the three fitness functions (meaning that the initial population and the 

numbers for the QPSO operations were the same), and then the seed was changed three times 

so we could get three different results for each, but comparable with each other. 

 

5. RESULTS 

Two of the three simulations we ran the results were discarded because the PM of one of 

them did not lowered 1.395 (which is the safety limit), and therefore the results could not be 

compared with the others. The one that did produced the results, they are shown on the table 

below: 

Function PM B 

1 <1.395 1404 

2 <1.395 1289 

3 <1.395 1292 

4 <1.395 1287 

 

The first thing that comes out is that the first function’s PM was much bigger than the other 

ones. This happened because at the first function, PM was just a limiting factor, and once it 

has been fulfilled, the algorithm stops working on him and starts focusing only on the Boron 
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concentration, as it is the only factor used to evaluate the fitness. The other ones, PM is a part 

of the fitness formula, so the algorithm is working to improve it as well as the boron 

concentration.  

 

As our only interest from the fitness functions is to find the one that gives us the highest 

Boron concentration, having a higher or lower PM does not affect the results of that function.  

 

6. CONCLUSIONS  

 

The objective of this experiment was to find the highest Boron peak (which produces the 

biggest number of EFPD) with PM below the safety margin (1.395). Regarding that, we can 

conclude that the first fitness function is the best, given that the initial population was the 

same and so were the numbers used on the evaluations. 
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