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ABSTRACT 

 
Quantum Particle Swarm Optimization (QPSO) is a global convergence algorithm that combines the classical 

PSO philosophy and quantum mechanics to improve performance of PSO. Different from PSO it only has the 

“measurement” of the position equation for all particles. The process of “measurement” in quantum mechanics, 

obey classic laws while the particle itself follows the quantum rules. QPSO works like PSO in search ability but 

has fewer parameters control. In order to improve the QPSO performance, some strategies have been proposed in 

the literature. Weighted QPSO (WQPSO) is a version of QPSO, where weight parameter is insert in the calculation 

of the balance between the global and local searching of the algorithm. It has been shown to perform well in 

finding the optimal solutions for many optimization problems. In this article random confinement was introduced 

in WQPSO. The WQPSO with random confinement was tested in two combinatorial problems. First, we execute 

the model on Travelling Salesman Problem (TSP) to find the parameters’ values resulting in good solutions in 

general. Finally, the model was tested on Nuclear Reactor Reload Problem, and the performance was compared 

with QPSO standard. 

 

 

 

1. INTRODUCTION 

 

In the last few years, research on merging the philosophy of  Particle Swarm Optimization 

(PSO) [1], Quantum Computing [2] and Quantum Mechanics [3] has been started and gained 

attention both in Physics, Mathematics, Computer Science and others fields. This research have 

originated some quantum inspired algorithms that are designed for working in classical 

computers [4, 5, 6]. These algorithms have been shown good performance in many 

optimization problems in the literature. 

 

Quantum Particle Swarm Optimization (QPSO) [5] was proposed by Sun Jun et al 2004. The 

inspiration of QPSO came from quantum mechanics and the trajectory analysis of PSO. The 

trajectory analysis showed that each particle in PSO oscillates around and converges to its local 

attractor, in other words, each particle is in a bound state. In QPSO, the particle is assumed to 

have a quantum behavior and to be in bound state, and is further assumed to be attracted by a 

quantum potential well centered on its local attractor, thus having a new stochastic update 

equation for its positions.  

Since 2004 many efficient strategies have been proposed to improve the performance of QPSO. 

For example, Jun Sun et al (2004)[7] introduces the Mainstream Thought of the population to 



INAC 2017, Belo Horizonte, MG, Brazil. 

 

evaluate the search scope of a particle in QPSO, called WQPSO version. Liu et al. (2005) [8] 

introduces the mutation operation into QPSO in order to improve the search ability. Local 

QPSO (LQPSO) as a generalized local search operator was proposed by Wang and Zhou (2007) 

[9]. Chaotic mutation operation was introduced by Coelho (2008)[10], in order to improve the 

population diversify in QPSO. A new variant of QPSO, which used an interpolation-based 

recombination operator for generating a new solution vector in the search space was proposed 

by Pant et al., 2008 [11]. Huang et al. (2009)[12] proposed an improved QPSO, employing a 

selection operation on the particles in order to filter the particle swarm and accelerate its 

convergence.  

 

In this work random confinement was introduced in WQPSO version. The performance of 

WQPSO with random confinement was tested in Travelling Salesman Problem (TSP) – Oliver 

30 and Rykel 48. The choice of TSP is due to the complexity similarity with the Nuclear Reactor 

Reload Problem (NRRP) that is the focus of this study, more specifically, the model of 1/8 core 

symmetry used for calculations of Reactor Physics modeling, which the order of magnitude of 

the total of possible solutions is comparable to the TSP. First, we execute the WQPSO with 

random confinement on TSP to find the parameters’ values resulting in good solutions in 

general. Finally, the WQPSO with random confinement was tested on NRRP, and the 

performance was compared with QPSO standard.  

 

This paper is organized as follows: section 2 contains some necessary knowledge about PSO, 

QPSO and WQPSO. WQPSO with random confinement is presented in section 3; section 4 

describes the experimental setting; section 5 the results and discussion; in section 6 is presented 

the conclusion of this study.  

 

 

 

2. STATE OF ART 

 

 

2.1. Particle Swarm Optimization - PSO 

 

PSO is a stochastic computing technique based on Swarm Intelligence. Developed by Kennedy 

and Eberhart in 1995 [1], that implements the metaphor of social behavior of the interaction 

between flock of birds or school of fish when searching for food in a given region.  

 

In PSO, each particle represents a point in the space of solutions of the problem, which is 

evaluated at each iteration according to an objective function. A particle is a representation of 

an object moving along the search space, driven by comparisons between its current position, 

the best position found so far and the best position found by swarm. These terms will provide 

the calculation of their new positions and velocities each iteration, directing the movement of 

particles. Each particle makes the balance between its best position and the best position found 

by the group.  

 

PSO is initialized by a random population of solutions looking for the optimal through the 

updating of the individuals. It does not require previous knowledge about the search space or 

about the existence of limits and derivatives of the objective function or constraint functions. 

For its application just an evaluation function for the individuals of the population (objective 
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function) is needed. PSO learning is accomplished by adjusting the equations of velocity (1) 

and position (2). 

 

A swarm with P particles performs the optimization in a n-dimensional search space. Each 

particle i has a position ]...[)( 21 iniii xxxtX   and a velocity ]...[)( 21 iniii vvvtV   at iteration t, 

through the dimension j , updated according to equation (1) and (2).  

 

Pitxtgbestrctxtpbestrctwvtv ijiijijijij ,...,2,1)),()(())()(()()1( 2211        (1) 

 

njtvtxtx ijijij ,...,2,1),1()()1(                . (2) 

 

where, )(tpbesti
is the best positions of particle i; gbest  is the global best position; 1c  and 2c  

are acceleration constants; 1r  and 2r  are uniformly distributed random numbers; w  is called    

the inertia factor. The positions )(txij
 are then evaluated by an objective function.  

 

2.2. Quantum-behaved Particle Swarm Optimization - QPSO 

 

QPSO [5] is inspired by analysis of the convergence of the traditional PSO and quantum 

system. In the quantum mechanics, the state of a particle with momentum and energy can be 

depicted by its wave function ψ (x,t). For this, in QPSO each particle is in a quantum state and 

is formulated by its wave function ψ (x,t) instead of the position and velocity which are in PSO. 

Thus, the probability of a particle's appearing in a certain position can be obtained from the 

probability density function |ψ (x,t)|2. And then the probability distribution function of the 

particle's position can be calculated through the probability density function.        

 

According to [5], the wave function of the particle is defined as (3).            

      

L
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                (3) 

 

and the probability density function is defined by (4). 
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where, L  is the most important variable, which determines search scope of each particle.Due 

of quantum nature of these equations the measurements using classical computers should 

utilized the Monte Carlo method. The position of the particle can be defined by (5). 

 

)1,0(),/1ln(*)2/( randuuLpx                 (5) 

 

Where u  is a random number uniformly distributed in (0,1). 
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According to jun sun..study, generalizing equation (5) to the case in the N-dimensional Hilbert 

space where each dimension of the particle’s position is bounded in a potential well and 

updated independently. Assume that, at iteration t , particle i  moves in D-dimensional space 

with  potential well centered at ;,, *)1(* jji

t

ji Gpp    on the jth dimension, where   is 

a random number. Correspondingly, the jth component position 
jix ,
 at iteration t+1 as: 
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where, 
j

niu 1,  is a random numbers uniformly distributed on (0,1). 
t

jiL ,  can be viewed as the 

strength of creativity because it characterizes the knowledge seeking scope of the particle. In 

[5] the value of 
t

jiL , is calculated as:  
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where, 2lng . So, according to equation (7) the component position (6) can be replaced 

by: 

)/1ln(*||* 1

,,,,

1

,

  t

ji

t

ji

t

ji

t

ji

t

ji upxpx                 (8) 

 

where,  is called contration-expansion coefficient, which can be tuned to control the 

convergence speed of the algorithm and must be set as 781.1  to guarantee convergence of 

the particle. In most of the papers in the literature on QPSO and in [6, 12], it recommended that 

linearly decreasing 0  from 1.0 to 0.5 can lead the QPSO algorithm to good performance in 

general. 

 

 

2.3. Weighted Quantum-behaved Particle Swarm Optimization – WQPSO 

 

In order to improve the balance of the global and local searching abilities in QPSO, Jun Sun 

2017 [7] introduces a weight parameter in calculating the mean best position in QPSO to render 

the importance of particles in population when they are evolving, and thus proposed a weighted 

quantum-behaved particle swarm optimization algorithm - WQPSO. In WQPSO, a Mainstream 

Thought Point or Mean Best Position (mbest) is employed to evaluate the parameter
t

jiL , . So, 

the mbest is defined as the center-of gravity gbest position of the particle swarm, as: 
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where, M is the population size and t

ip  is a personal best position of particle i . Hence, the value 

of 
t

jiL , is given by: 
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So, the position of the particles different from (8) is update according to: 
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where,  is called contration-expansion coefficient as used in QPSO.  

 

2.4. WQPSO with random confinements 

 

Confinement, in the context of PSO are the rules that prevent the particles from leaving the 

search space. In QPSO the space of search is unlimited and it may causes some problems in 

relation to the convergence and procedure speed of the algorithm. In these study we applied 

the random confinement in order to update the position in the WQPSO. WQPSO with random 

confinement procedure is describe in fig.1. 

 

 
 

Figure 1:  Procedure of WQPSO with random confinement. 

 

3. COMBINATORIAL PROBLEMS 

 

To further test the performance of the WQPSO with random confinement in combinatorial 

problems, we apply the algorithm to solve the Nuclear Reactor Reload [13] and Travelling 

Salesman Problem (TSP) – Oliver 30 and Rykel 48.  
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3.1. Nuclear Reactor Reload Problem – NRRP 

 

Nuclear Reactor Reload can be interpreted as a search of the optimal combinatorial of N 

different fuel elements in N nuclear core “holes”, where each combination, or load pattern, 

determines the neutron flux shape and the associated peak factor. The goal is to find out the 

load pattern that minimize the peak factor, and consequently maximize the useful life of the 

nuclear fuel. 

 

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. 

 

Here, was tested the cycle 7 of Angra 1 Nuclear power plant (NPP). 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. 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. 

For safe operation of a NPP 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. Here, all versions of QPSO was developed 

in MATLAB 6.5, communicating with the Reactor Physics RECNOD code [13]. The 

parameters evaluated by the RECNOD code are boron concentration (CB) and Maximum 

Normalized Assembly Power (Prm). In this case, the Prm substitutes the power-peaking factor 

as a safety parameter, since the RECNOD does not perform the Pin Power Reconstruction. 

However, the usage of the Prm implies in no violation of the safety constraints and the upper 

limit value 1.395 for the Prm assures the attendance to technical safety requirements for cycle 

7 of Angra 1. So, the fitness function calculated by RECNOD in this study is shown in equation 

(12) 
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3.2. Travelling Salesman Problem - TSP 

 

The TSP is a NP-hard combinatorial problem whose possible solutions are presented. Given a 

list of cities and the distance between each pair of cities, the objective is to find the shortest 

possible route that visit each city exactly once and returns to the origin city.  

 

There are two types of TSP: symmetric and asymmetric. TSP symmetric is that in which, given 

two cities i and j, the distance dij to go from the city i to the city j is the same for the inverse 

path, so ,,...,1, njidd ijij  with 2/)!1( n possible route, where n is the number of the 

cities. Already in an asymmetric TSP jidd ijij   with )!1( n  different route. Oliver 30 

is a symmetric TSP with 30 cities, with the minimum distance to the TSP is 423.740 and 

4.4*1030 possible route, and Rykel 48 is an asymmetric TSP with 48 cities, with the minimum 

distance to the TSP is 14.422 and 2.5*1059 cyclic permutations. 

 

In other words, the TSP corresponding to an arrangement between the elements of the problem.  

In this sense, this problem is equal to the NRR, where each fuel element corresponds to one 

city and the order of the cities to be visited corresponds to the N nuclear fuel assembly, so the 

solution to the TSP can be applied almost directly to the reload problem. 

 

Combination of these attributes: high-level combinations; nonlinear objectives and constraints, 

multimodality and high computational cost describe TSP and NRRP, which is challenging the 

traditional optimization methods and encouraging researchers to develop and implement more 

"intelligent"  optimization methods in order to solve these problems. 

 

 

4. TEST RESULTS  

 

A candidate solution of WQPSO with random confinement can be seen as a vector that 

indicates a possible route in TSP Oliver 30 and Rykel 48 and a possible fuel rod configuration 

in the Nuclear Reactor Reload Problem. In these vectors, it is possible to appear repetition of 

values. However, the repetition of cities or FA’s does not stand as a valid configuration. In this 

way, the Random Keys model was used to solve this issue like in other article in literature [14]. 

 

4.1.  TSP Results 

Different values for the WQPSO and QPSO parameters was used, in order to teste the 

algorithms performance. Every teste was repeated 10 times with different random seeds. The 

best result (423.740) for Oliver 30 was find by WQPSO with the following parameters: 

population size= 100, maximum generation 3000, 45.1g  and  value decreasing (1.4 to 0.5).  

On the other hand, the best value (424.691) for Oliver 30 was find by QPSO with the following 

parameters: population size= 100, generation= 3000, 96.0g .  Table 1 shows the results of 

Oliver 30 found by WQPSO and QPSO. 

 

Table 1:  Results for Oliver 30 
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Test QPSO WQPSO 
1 443.0884 423.9490 

2 424.6918 424.6918 
3 453.5958 423.7406 

4 512.3400 424.6918 
5 464.3895 578.6341 
6 425.2667 424.6918 
7 443.0884 452.1936 
8 493.2115 423.7406 

9 507.2668 423.7406 

10 501.0738 423.7406 

Average 466.8013 442.3814 

Std 33.971 48.682 

 

In the table 1 we can observe that WQPSO found the best value (423.7406) for Oliver 30 while 

QPSO just found 425.2667 value. Besides WQPSO has better results in average (442.3814) 

than QPSO (466.8013). But QPSO has less standard deviation value 33.971 than WQPSO 

48.682, in relation this fact we can say that QPSO is more robust than WQPSO. 

Table 2 shows the results for Rykel 48 found by WQPSO with the following parameters: 

population size= 100, maximum generation 5000, 45.1g  and  value decreasing (1.4 to 0.5) 

and by QPSO with population size= 100, generation= 5000 and 96.0g parameters. 

 

Table 2:  Results for Rykel 48 

Test QPSO WQPSO 
1 19.771 16.149 
2 17.065 16.717 
3 17.681 18.691 

4 19.134 16.848 
5 20.938 17.419 
6 17.510 15.502 

7 18.531 17.196 

8 19.898 18.691 

9 17.499 16.668 

10 18.436 16.594 

Average 18.502 17.047 

Std 1.265 1.014 

 

In the table 2 we can observe that WQPSO is litter better than QPSO because it finds a result 

(15.502) that is closer to the reference value (14.423) than QPSO (17.065). Besides,WQPSO 

has a little variation in results (average=17.047), presenting the majority of the results closer 

to the better (14.423), when compared to the QPSO. 

4.2.NRRP Results 
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In the NRRP the number of evaluations is crucial since it has high computational cost in the 

evaluations. For this, the results found by WQPSO and QPSO was compared in relation the 

cost of evaluations and the Boron concentration value.  

The best values parameters found for the WQPSO and QPSO in TSP problems was 

implemented in NRRP. The test was repeated 5 times with different random seeds, and the 

average function values of the best solutions found was recorded. Table 3 shows these results, 

and the average results. 

 

Table 3:  Results for NRRP 

 

Test QPSO WQPSO 
 CB Prm Evaluations CB Prm Evaluations 

1 1400 1.3940 96900 1323 1.3770 60400 

2 1497 1.3720 38000 1408 1.3088 76000 

3 1403 1.3910 81300 1403 1.3920 51500 

4 1400 1.3920 75300 1266 1.3910 85300 

5 1404 1.3880 43800 1273 1.3920 92300 

Average 1421 1.3874 33530 1335 1.3722 73100 

Std 44,230 0,008 19605 68,376 0.036 16983 

 

In table 3 we can observe that different from TSP results, QPSO was find better result (1497) 

for NRRP than WQPSO (1408). It can be the fact that NRRP is more complex than TSP 

problems and because in QPSO each particles converges to the global best position 

independently, while in WQPSO each particles converges to global best position considering 

its colleagues subject to random confinements, which makes the search more slower. This fact 

can be confirmed through the comparison between the evaluation average value of QPSO 

(33530) and WQPSO (73100).  

 

Besides, we can observe in table 3 that QPSO is more robust than WQPSO, because QPSO 

find best boron concentration average value (1421) with standard deviation value (44,230) less 

than the values find by WQPSO: 1335 for boron concentration average value and 44,230 for 

standard deviation value. 

 

Figures 2 and 3 show the algorithm convergence of the QPSO and WQPSO, respectively for 

the best value of boron concentration shown in table 3. 
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Figure 2:  QPSO Convergence for NRRP. 

 

 

 

 
Figure 3:  WQPSO with random confinement Converge for NRRP 

 

 

In figures 2 and 3 we can observe that QPSO converges faster than WQPSO, but WQPSO has 

less period of stagnation than QPSO. Besides, we can say that WQPSO has more chance to 

scape of the local optimum than QPSO, due to great ability to explore the search space.   
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5. CONCLUSIONS  

 

In this paper WQPSO with confinements was proposed to solve combinatorial problems. The 

WQPSO with confinement is a modified version of the QPSO algorithm for this, we used 

QPSO for comparison purposes. The performance of the WQPSO with confinements was 

tested in the NRRP of Angra 1 NPP and TSP (Oliver 30 and Rykel 48). All the results for TSP 

problems demonstrated that the WQPSO with confinements is better than QPSO. But in NRRP 

QPSO is better than WQPSO in robustness, this fact does not disregard the performance of the 

WQPSO for the NRRP, because it’s find better results with less number of evaluations and has 

more search ability to scape of the local optimum than QPSO. Our further work will focus on 

applying other probability distributions in the QPSO and WQPSO algorithms, besides to test 

other parameters values for WQPSO for the NRRP. 
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