
2015 International Nuclear Atlantic Conference - INAC 2015 

São Paulo, SP, Brazil, October 4-9, 2015 
ASSOCIAÇÃO BRASILEIRA DE ENERGIA NUCLEAR - ABEN 

ISBN: 978-85-99141-06-9 

 

NEW APPROACHES OF THE POTENTIAL FIELD FOR                     

QPSO ALGORITHM APPLIED TO NUCLEAR                               

REACTOR RELOAD PROBLEM 

 

Andressa dos Santos Nicolau1, and Roberto Schirru1 

 
1 Programa de Engenharia Nuclear – PEN/ COPPE 

Universidade Federal do Rio de Janeiro - UFRJ 

Ilha do Fundão, s/n 

21.945-970 Rio de Janeiro, RJ 

andressa@lmp.ufrj.br 

 

 

 

 

ABSTRACT 

 
Recently quantum-inspired version of the Particle Swarm Optimization (PSO) algorithm, Quantum Particle 

Swarm Optimization (QPSO) was proposed. The QPSO algorithm permits all particles to have a quantum 

behavior, where some sort of ‘quantum motion’ is imposed in the search process. When the QPSO is tested 

against a set of benchmarking functions, it showed superior performances as compared to the classical PSO. 

The QPSO outperforms the classical one most of the time in convergence speed and achieves better levels for 

the fitness functions. The great advantage of QPSO algorithm is that it uses only one parameter control. The 

critical step of QPSO algorithm is the choice of suitable attractive potential field that can guarantee bound states 

for the particles moving in the quantum environment. In this article, one version of QPSO algorithm was tested 

with two types of potential well: delta-potential well and harmonic oscillator. The main goal of this study is to 

show which of the potential field is the most suitable for use in QPSO in a solution of the Nuclear Reactor 

Reload Optimization Problem, especially in the cycle 7 of a Brazilian Nuclear Power Plant. All result were 

compared with the performance of its classical counterpart of the literature and shows that QPSO algorithm are 

well situated among the best alternatives for dealing with hard optimization problems, such as NRROP.  

 

 

1. INTRODUCTION 

 

Nuclear Reactor Reload Optimization Problem (NRROP)[1] is a classical problem in Nuclear 

Engineering that consists in replacing part of the nuclear fuel of a Nuclear Power Plant 

(NPP). Generally, the remaining elements of previous cycles that can still be used are 

rearranged in the reactor’s core and the remaining positions are filled up with new fuel 

elements in order to provide nominal power operation. However, this is not a simple process. 

In the reactor core of Angra 1 NPP, for example, 1025 arrangements are possible, making it 

impossible to verify all the arrangements to determine the best one. Moreover, NRROP 

presents high-dimensionality, large number of feasible solutions, disconnected feasible 

regions in the search space as well as high computational cost of the evaluation function and 

lack of derivative information.  

 

For decades, specialists has used their knowledge and experience to build configurations of 

the reactor core respecting the requirements of the security. In the beginning of the 1990s was 

demonstrated the possibility of an automated the core fuel process by computation methods 

[2]. Since then, several artificial intelligence metaheuristics have been tested in order to solve 

NRROP and has been shown good results [3, 4, 5, 6, 7]. Over the last years, quantum-
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inspired optimization techniques are used to solve NRROP and demonstrated better results 

than his classical counterpart [8, 9, 10, 11]. 

 

The purpose of this article is to present the performance of QPSO [12] when applied to 

NRROP.  QPSO is one type of  Particle Swarm Optimization (PSO) [13] based on the 

principles of quantum mechanics, making use of the properties the potential field and the 

quantum motion of particle swarm. The particles meet the state of aggregation quite 

differently in the quantum space than in normal space and can prevail the whole feasible 

solution space. In this study was presented one version of QPSO algorithm with two types of 

potential well: delta-potential-well and QPSO with harmonic oscillator, both applied to 7 

cycle of Angra1 NPP. All results were compared to the PSO of the literature.   

 

The paper is structured as follows: Section 2 presents a brief summary of NRROP. Section 3 

describes the characteristics of QPSO algorithm as well as the physical interpretation and 

discussion about the different possible potential well: delta-potential-well and harmonic 

oscillator. Section 4 presents the characteristics of QPSO model for cycle 7 of Angra1 NPP. 

Section 5 presents the computational results. Finally, conclusion is presented in Section 6. 

 

 

2. METHODOLOGY 

2.1. NRROP 

 

Started after the operation of the plant, the concentration of fissile material (U235) fuel 

elements begins to decrease. After a time period, called operation cycle, it is not possible to 

maintain the NPP operating at the nominal power. The Fuel Assemblies (FA’s) with low 

concentrations of U235 are replaced by new fuel elements and along with other FA’s of the 

previous cycle compose the core of the subsequent cycle [1]. In this way, the NRROP 

consists in searching for the best pattern reload of the FA’s in the core, in order to make the 

power plant able to produce energy at the nominal power respecting the security restrictions 

and geometry of the core. Besides, minimize the cost benefit relationship of FA’s cost per 

maximum burn up of FA’s respecting the safety restrictions. 

 

Although presenting a simple formulation the NRROP is a NP-Complete problem, whose 

difficulty grows exponentially with the number of FA’s in the reactor core. The Nuclear 

Power Plant of Angra 1, for instance, contains 121 FA’s and gives rise to approximately 8.09 

x 10200 (121!) loading patterns. However, due to 1/4 and 1/8 core symmetries and also to 

rules of placement of the FA’s in the nucleus, this number falls to approximately 1025 loading 

patterns. This number is extremely high to solve this problem by enumeration. It would take 

approximately 5.8 x 1019 years to test all these combinations with the Reactor Physics codes 

and today's computers, making it infeasible to check all these combinations to find the best. 

Besides these difficulties, this problem has nonlinear characteristics with discontinuities and 

multiple optima in the solutions search space. 

 

For safe operation of a nuclear plant is necessary a loading pattern thoroughly being 

examined. For such, Reactor Physics codes are used, with implementations of the numerical 

resolution of Neutrons Transport or Diffusion models. The direct use of these codes in an 

optimization process of reloading makes the process very slow. In this paper was used the 

Reactor Physics code RECNOD [1].  
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Combination of these attributes: high-level combinations; nonlinear objectives and 

constraints, multimodality and high computational cost describe NRRP, which is challenging 

the traditional optimization methods and encouraging researchers to develop and implement 

more "intelligent" methods  optimization in order to solve this problem. 

 

2.2.  QPSO  

 

The QPSO belongs to the class of Quantum-inspired algorithms that uses the philosophy of 

“collective learning” of PSO. It is based on the quantum theory of mechanics to govern the 

movement of swarm particles. Thus, the quantum state of a particle is depicted by 

wavefunction ),( tx [14] instead of the velocity ( v ) and position ( x ), which are in PSO. 

Consequently, the dynamic behavior of the particle is widely divergent from those particles in 

PSO, in that the exact values of x  and v  cannot be determined simultaneously. So, we can 

only learn the probability density function 
2

),( tx , the form of which depends on the 

potential field the particle lies in. 

 

 

According to [12], in 3-dimensional space, the wavefunction for the particle ),( tx  , is such 

as in equation (1),  

 

Qdxdydzdxdydz 
2

  (1) 

 

where Qdxdydz  is the probability that measurement of the particle’s position at the time t 

finds it in the volume element about the point ),,( zyx . 
2

  is the probability density 

function satisfying equation (2). 

 










 1
2

Qdxdydzdxdydz  (2) 

 

The state function ),( tx for a system, for a single particle, develops in time according to 

time-dependent Schrodinger equation, as equation (3). 

 

),(ˆ),( txHtx
t

i  



  (3) 

 

where, Ĥ is the Hamiltonian operator and   is the Plank constant. Considering a single 

particle of mass m in a potential field  )(xV  it is given by equation (4). 
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Assuming a particle in a one-dimensional space, let pxx  , where p  is the average best 

give by equation (5). 
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  (5) 

 

where, 1c  and 2c  are random variables uniformly distributed between 0 and 1, mnpb ,  is the 

local best of the mth particle and npgb  is the global best, both in the nth dimension. 

 

In QPSO x  should approach to zero, in order to ensure the convergence of the particles [15]. 

Therefore, is necessary to apply into the Schrodinger equation an attractive potential field that 

is centered at the zero, which means that the potential field will generated bound states as 

describes in quantum mechanics.   

 

According to [16], assuming a simple potential wells like the delta function )()( xxV   

and the harmonic oscillator 22/1)( kxxV  , one can arrive to simple analytical solutions for 

Schrodinger equation (3). For example, the probability density function of the position will 

be as equations (6) and (7), respectively. 
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where L  is the characteristic length of the potential well.  

 

Now we have assumed that all particle in QPSO behave under the influence of Schrodinger 

equation solved for (6) and (7) potential well distribution. According to quantum mechanics 

rules it is impossible to determine simultaneously both the position and velocity of a particle 

with arbitrary accurate precision. Thus, in QPSO we only have the “measurement” of the 

position equation for all particles, in contrast to classic PSO. The process of “measurement” 

in quantum mechanics, obey classic laws while the particle itself follows the quantum rules. 

To transport this different words, is necessary to “collapse” de wavefunction of a moving 

particle into the localized space of the measurement. This process can be done using Monte 

Carlo method, which we can obtain the position vector as equation (8). 

 

),( uLfPx   (8) 

 

where, f  is a simple function determined by a chosen specified potential and u  is a random 

number uniformly distributed on (0,1). The main condition of convergence in any QPSO 

algorithm is given by 0)(lim 


tL
t

, where )(tL  is the time-dependent characteristic length. 

Thus, using Monte Carlo method for delta potential well as equation (6) we get the position 
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equation (9). Moreover, using the harmonic oscillator as equation (7) we get the position 

equation (10). 

 

px
g

u
pX kk 

)/1ln(
1  (9) 
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ln
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1  (10) 

 

where, g  is the control parameter of the algorithm chosen to be 1g . The pseudocode of 

QPSO is described in figure 1, where, in this article, QPSO defined by equation (9) is called 

by QPSOI and QPSO defined by equation (10) is called QPSOII. 

 

 

 
 

Figure 1:  QPSO Pseudocode. 

 

 

3.  COMPUTATIONAL RESULTS 

   

In this article the performance of QPSO algorithm was tested in the solution of the cycle 7 of 

Angra1 NPP. The maximization of the cycle 7 of Angra1 NPP was a target of a large amount 

of different optimization algorithm, becoming a benchmark in Brazil. The optimization of 

this problem is closely related to the power plant cycle length as it maximizes the boron 

concentration yielded by the reactor physics code. At Angra 1 NPP, approximately 4ppm of 

soluble boron is consumed per Effective Full Power Day (EFPD). This relation indicates that 

increasing the boron concentration by an optimized core configuration will increase the NPP 

core operational days and consequently decrease the distributed cost of the fuel. 
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3.2.  QPSO for NRROP 

 

A candidate solution of QPSO can be seen as a vector that indicates a possible fuel rod 

configuration. In this vector, it is possible to appear repetition of values. However, the 

repetition of FA’s does not stand as a valid configuration, because the same FA cannot be in 

more than one position in the core. In this way, the Random Keys model [7] was used to 

solve this issue like in other articles in literature. 

 

For the implementation of the QPSO, we used the following objective function: 

 



 


otherwiseP

PifC
Fitness

rm

rmB

,
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(11) 

 

 

Where CB is the boron concentration and Prm is the Maximum Normalized Assembly Power.  

 

To do so, the vector from the QPSO must be translated into a vector that indicates a possible 

fuel rod configuration via Random Keys method. Here, was used the 1/8 core symmetry with 

21 fuel assemblies: 1 at the center of the core, 10 over the lines of symmetry and 10 between 

the lines of symmetry. In 1/8 core symmetry, the quartets can only occupy the positions 1-10 

and the octets must occupy only the positions 11-20. The central element is considered fixed 

and not part of the optimization process, as well as other approaches in literature. Here, all 

versions of QPSO was developed in MATLAB 6.5, communicating with the RECNOD code 

to calculate the fitness function. The QPSO was used to optimize the fitness function given 

by equation (11) and the population was composed by 60 particles with g = 1.45. 

3.3.  Results and discussion 

 

Table 1 shows the best result of QPSOI (QPSO with delta potential well), QPSOII (QPSO 

with harmonic oscillator) and PSORK (PSO with random key method [7]) performed in the 

same conditions. The acquired results are analyzed and compared according to the value of 

CB and number of evaluations of each method implemented.  

 

 

Table 1:  Comparison Results 

 

Technique Best(CB) Average(CB) Evaluations 

QPSOI 1441 1398 6500 
QPSOII 1353 1282 4800 
PSORK 1394 1168 40.000 

 

 

According to Table 1, the results (best and average for CB) using QPSOI was higher than 

PSORK of literature, with less computational effort. The difference between the best value of 

CB found by QPSOI (1441) and PSORK (1394) is equal to 30 ppm of boron. It’s corresponds 

to about 7 EFPD more. On the other hand, the results found by QPSOII are compatible to the 

PSORK but it is better about average, which shows robustness of the QPSOII. Besides the 

computational effort of QPSOII is less than PSORK. So, we can say that the tuning of the 
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QPSOI and QPSOII is more attractive compared to classic PSO (PSORK) for the NRROP, 

once found good results with less computation effort. 

 

Numerical results of CB shows that QPSOI works better than QPSOII in the solution of the 

NRROP.  It shows that the different choices of the potential field have led to different 

probability dynamics of the algorithm. It is shown that particles of QPSOI are able to escape 

trap of the sub-optima more frequently than of QPSOII. It can be prove looking at the curve 

diagram (figure 2) of the two probability density functions using in QPSOI and QPSOII. 

 

 

 
 

Figure 2:  Curve diagram of QPSOI and QPSOII . 

 

 

It is shown in figure 2 that the curve of (b) QPSOII is relatively narrower than that of QPSOI, 

which means that harmonic oscillator leads to the ‘tightest’ distribution around the origin, and 

thus more particles are likely to be close to the center of the potential (p), resulting in faster 

convergence. But such convergence speed is acquired in sacrifice of global search ability of 

the algorithm.  

 

 

4. CONCLUSIONS  

 

In this study we discuss about the performance of QPSO when applied to NRROP. In this 

case we implemented two types of potential well in QPSO, that were called here as QPSOI 

(QPSO with potential delta well) and QPSOII (QPSO with harmonic oscillator). The results 

found by QPSOI (best and average) were better than PSO of the literature (PSORK). Besides 

the result found by QPSOII was compatible to the PSORK, but higher in average. The results 

of this study shows that QPSOI works better than QPSOII, which indicates that delta 

potential well is more suitable to be used in the QPSO when applied to NRROP, specifically 

in the solution of the cycle 7 of Angra1 NPP. So we can say that quantum particle swarm 

optimization are well situated among the best alternatives for dealing with hard optimization 

problems that number of evaluations is crucial due to the high computational cost of the 

evaluations, such as NRROP.  
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