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ABSTRACT 
 
The purpose of this article is to show the performance of different approaches of quantum-inspired algorithms as 
optimization tool of Diagnosis System of Brazilian Nuclear Power Plant operating at 100% of full power, The 
algorithms implemented in this study were Quantum Delta-Potential-Well-based Particle Swarm Optimization 
(QDPSO), Quantum Swarm Evolutionary (QSE) and Quantum Evolutionary Algorithm (QEA). Both QDPSO 
and QSE are inspired on the philosophy of ‘collective learning’ of Particle Swarm Optimization (PSO) but use 
different theories of quantum mechanics to govern the motion of the particles. On the other hand QEA is 
inspired on the philosophy of ‘population evolution’ of Genetic Algorithm and uses the main concepts of 
Quantum Computation. The results found shown that only QDPSO and QEA achieve the best result of the 
problem. Besides QDPSO in terms of convergence speed is faster than QEA. 
 

1. INTRODUCTION 
 
In the last few years, quantum-inspired algorithms have been developed and gained attention 
both in Physics, Mathematics, Computer Science and others fields. These algorithms are 
based on different theory of quantum mechanics and are created in order to increase the 
performance and velocity of traditional optimizations algorithms of the literature. Besides, 
these algorithms are designed for working in classical computers, different from traditional 
quantum algorithms. 
 
The purpose of this article is to show the performance of different approaches of quantum-
inspired algorithms as optimization tool of Diagnosis System of Brazilian Nuclear Power 
Plant operating at 100% of full power. The algorithms implemented in this study was 
Quantum Delta-Potential-Well-based Particle Swarm Optimization Algorithm (QDPSO), 
Quantum Swarm Evolutionary (QSE) and Quantum Evolutionary Algorithm (QEA). 
 
QDPSO and QSE uses the philosophy of “collective learning” of Particle Swarm 
optimization (PSO) [4] and are inspired on different theory of quantum mechanics [5]. 
QDPSO was proposed by Sun Jun et al (2004) and uses the quantum theory of mechanics to 
govern the movement of swarm particles, thus the quantum state of a particle is depicted by 
wave function instead of the velocity and position functions which are in PSO. According to 
the statistical significance of the wave function, the probability of a particle’s appearing in a 
certain position can be obtained from the probability density function. And the probability 
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distribution function of the particle’s position can be calculated through the probability 
density function. Inspired by analysis of convergence of the traditional PSO, assume that an 
individual particle moves in a Delta potential well in search space, of which the center is 
point p. On the other hand, QSE was proposed in 2006 by Yan Wang et al., and theirs 
individuals are represented by velocity and position functions like PSO, but different from 
PSO the chromosome of its individuals are formed by quantum bits (Q_bits). 
 
The QEA was proposed by Han and Kim, (2002) and is based on the most important concepts 
of Quantum computation [4]: Q_bits and interference of quantum states. Different to QDPSO 
and QSE it uses the philosophy of Evolutionary Computation, more specifically on Genetic 
Algorithm (GA) [5]. QEA uses a population characterized by a chromosome formed by 
Qbits, instead of a conventional binary representation as GA. Unlike GA which uses, for 
instance, the operator mutation and crossover, the population in QEA evolves based upon a 
variation operator known as Q-gate.  
 
This article is structured as follows: in the next section, we will present a brief summary of 
QDPSO, QSE and QEA algorithms. Section III describes the Nuclear Accident Identification 
Problem and Diagnosis System Implemented. Section IV presented the results and discussion 
and in Section V is presented the conclusion of this study. 
 
 
 

2. OPTIMIZATION ALGORITHMS 
 

2.1. Quantum-Delta Potential Well based Particle Swarm Optimization - QDPSO 
 
QDPSO was inspired by analysis of the convergence of the traditional PSO and quantum 
system. In the Quantum Mechanics, the state of particle’s with momentum and energy can be 
depicted by its wave function )t,x(ψ . For this, in QDPSO each particle is in a quantum state 
and is formulated by its wave function )t,x(ψ  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 2)t,x(ψ . And then the probability distribution function 
of the particle's position can be calculated through the probability density function.                       
 
According to [1], the wave function of the particle is defined as:  
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where, 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: 

L

 
                                                 )1,0(),/1ln(

2
randuuLPx =±=                                                    (3) 

 
where, u  is a randon number uniformly distributed in (0,1). 
 
 
In [1]  is defined as L px)g/1(L k −=  and g  is a parameter that is constrained by 2lng > . 
QDPSO procedure is described in Fig.1. 
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Figure 1:  Procedure of QDPSO 
 

2.3. Quantum Swarm Evolutionary - QSE 
 
The Quantum Swarm Evolutionary algorithm (QSE) was proposed in 2006 by Yan Wang et. 
al. Quantum individual’s of QSE is represented in two distinct phases: quantum phase and 
classical phase. And it presents different definitions for Q_bit and for the quantum angle. 
Moreover, the update of the quantum angle is performed by equations similar to the PSO 
algorithm. 

2.3.1. Definition of  Q_bit 
 
In QSE a Q_bit is presented as [θ], where [θ] is equivalent to the original Q_bit as:  
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and  
                                                           1)cos()sin( 22 =+ θθ                                                  (5) 

 

2.3.2. Quantum population 
 
The quantum individual ( ) in QSE is composed of Q_bits not observed yet, and each Q_bit 
has the same probability of being found either in state 0, or in state 1. 

iq

  
The population of solutions is represented by )}t(q),...,t(q),t(q{)t(Q n21= , where n is the size 
of the population, m is the number of Q_bits, and  is the quantum chromosome defined by 
equation (18): 

iq
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In this way, as the QEA any  can represent the linear superposition of all the possible 
states with the same probability.  
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2.3.3. Classic population 
 
Classic individual  in QSE is derived from the observation of quantum individual, as in 
QEA. In this way, the classical population is represented by 

)(tX n

)}t(X),...,t(X),t(X{)t(P n21= , 
and the candidate solutions  with m bits, which will be evaluated by the fitness 
function, are represented by , where  is the observed bit.  
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Every bit of the binary string is obtained observing the step for construction of the population 

. The pseudo-code for production of  compares the randon number with )t(P )t(P 2)cos(θ . 
 

2.3.4. Update of the population 

The update of the population in canonic algorithm of the QSE is done using equations similar 
to the PSO algorithm. In this way, the equations of the velocity and positions of QSE are 
written as: 
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where,  is the velocity, )t(v
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θ  is the global best angle of the i-th Q_bit of the j-th m_Q_bits. 
 
 

2.4. Quantum Evolutionary Algorithm - QEA 
 
In QEA, similarly to Genetic Algorithm – GA [6], where a genetic individual of the 
population is represented by a string of bit, a quantum individual ( ) is represented by a 
string of Q_bit. We can say that a Q_bit is a quantum representation of classical bit, where a 
generic Q-bit, 

iq

ψ , might be represented not by an exact representation, but by a linear 
combination of the vectors 0  and 1 , given by  
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in such a way that  

 
                                                                  10 βαψ +=                                                         (10) 
 
Where, α and β are complex numbers that satisfy 
 
                                                                    122 =+ βα                                                     (11) 
 
The physical interpretation of the Q-bit (Eq. 6) is that it assumes simultaneously the states 0  
and 1 . Thus, the information stored in ψ  is a combination of all the possible states of 0  
and 1 . And a set of N Q-bits may be put in a superposition of 2N. But, when ψ   is measured 
, it is possible to find a unique state, on the other words, it is possible to find the state 0   
with a probability 2α  or the state 1  with a probability 2β . 
 
Like QSE the individual of the population is represented in two distinct phases. In the first 
phase, it is fully quantum, represented by a individual  where his chromosome 
consisting of Q_bits, and assumes a superposition of states 

)t(qi

0  and 1 . After observation of 
quantum individual, creates a classical individual  represented by a classic chromosome, 
which will be evaluated. 

)(tX i

 
The population of solutions is represented by )}t(q),...,t(q),t(q{)t(Q n21= , where n is the size 
of the population, m is the number of Q_bits, and  is the quantum chromosome defined 
by equation (12): 
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In this way, any  can represent the linear superposition of all the possible states with the 
same probability. In addition, the linear superposition of the Q_bits provides good diversity 
in the evolution process. 

0
iq

 
Classic individual  is derived from the observation of quantum individual. This is a 
characteristic of the evolutionary algorithms of quantum computing adopting the theories of 
quantum mechanics. The classical population represented by : 

)(tX n
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and the candidate solutions  with m bits, which will be evaluated by the fitness 
function, are  represented by: 

)t(X i
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where  is the observed bit.  )(txij

 
The best candidate solution of  at each iteration  is stored in , that is, 

, where  represents the bits of the best solution.  
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Every bit of the binary string is obtained observing the step for construction of the population 

. When all the states of  are observed, the value )t(P )t(Q 0|)(| =txij  or , from  
is determined by the probability 
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²|)(| tijα . The pseudo-code for production of  and 
pseudo-code for update of the Q_bit, representing the QEA learning, is presented as figure 2. 
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Figure 2:  Procedure of P(t) 
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Each new observation of quantum individual will have a new classic individual. The goal is 
to find the one that represents the best model solution of the problem. For this, we must refer 
the individual to an evaluation process.  
Unlike GA, which uses for instance the operators mutation and crossover, the population 
evolves based upon a variation operator known as Q-gate.the quantum gate operator, defined 
by the rotation matrix )(U ijθΔ , which is applied to each one of the columns of each 
individual’s Q_bit. In practice, each pair of values ijα  and ijβ  is treated as a bi-dimensional 
vector and rotated using )(U ijθΔ in such a way that 
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with 
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Where the sign function ),(S ijij βα  represents the direction of rotation and the pass  
represents the magnitude of the angle of rotation. Both 

ijθΔ

ijθΔ  and ),(S ijij βα  are obtained in 
accordance with Table defined in [7] 
 
In order to avoid the premature convergence of the Q_bit, the quantum gate  defined in 
[7]. 

εH

 
 

3. NUCLEAR ACCIDENT IDENTIFICATION PROBLEM AND DIAGNOSIS 
SYSTEM IMPLEMENTED 

 
 
The identification of the type of the current accident in Nuclear Power Plants is considered a 
complex task, since it comprises the monitoring of several state variables such as pressure, 
temperature, flow etc. When a NPP is projected, accidents that might occur during its 
operation are postulated. Such accidents relative to the design-basis accidents present well 
defined curves which represent the temporal evolution of several state variables. Thus, a type 
of system for the diagnosis and identification of accident is supposed to classify an 
anomalous event occurring during the operation of the NPP, associating it to one of those 
design-basis accidents in order to support the operators’ decision.  
 
The diagnosis system used in the present work is based upon Euclidean Distance. Our system 
classifies an anomalous event in relation to the signatures of normal condition and more three 
design-basis accidents postulated by the FSAR [8] for Angra 2 NPP, located in the Southeast 
of Brazil. The system compares the distances between the set of variables of the anomalous 
event, in a given time t, and the centroids of the design-basis transient variables. 
 
The less distance indicates the class of the accidents which the anomalous event belong to. 
Thus, in this study the QDPSO, QSE and the QEA were used singly to find the best position 
of the centroids of each class of the selected accident, which maximize the number of the 
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correct classifications. In other words, the each one of these algorithms were used for finding 
the "pseudo" Voronoi Vectors [9] of each class of accident, that represent the best solution to 
the problem, with the highest number of correct classifications. 
 
In this study we implemented four types of operation condition of Brazilian Nuclear Power 
Plant Angra 2, three design-basis accidents: Main Feed Water Rupture (MFWBR), the Loss 
of Coolant Accident (LOCA) and the Steam Generator Tube Rupture (SGTR) more Normal 
condition. Each operation condition was represented by temporal evolution of the variables 
described in the Table 1. 
 
 

Table 1:  State Variables used in the Representation of the Signatures                              
of the design-basis accidents 

 
 Variable Description Unit 

V01 Reactor water flow % 
V02 Hot leg temperature ºC 
V03 Cold leg temperature ºC 
V04 Primary water flow kg/s 
V05 Steam generator water level – large range % 
V06 Steam generator water level – narrow range % 
V07 Steam generator pressure MPa 
V08 Feed water flow kg/s 
V9 Steam flow kg/s 
V10 Flow in the rupture kg/s 
V11 Primary system flow kg/s 
V12 Primary system pressure MPa 
V13 Thermal power % 
V14 Nuclear power % 
V15 Subcooling power ºC 
V16 Pressurizer water level % 
V17 Primary mean temperature ºC 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

4. RESULTS  
 
In the tests, the time axis was partitioned into 59 seconds after the beginning of the accident, 
which yields 59 time values. Therefore, the maximum number of correct classifications for 
the three postulated accidents is 236 (4*59). 
 
During the accident identification, the system needs to identify the most characteristic and 
representative set of values for the 17 process variables (Table 1) that correspond to the 
identification of each one of the three postulated accidents (MFWBR, LOCA, SGTR) more 
NORMAL condition. Using a 12 bits precision, each candidate solution of the classical 
population P(t) is a vector represented by 54×12 = 648 bits (since there exist 17 variables for 
each one of the three postulated accidents, we have the total number of 68 variables in each 
individual). In other words, inside a classical individual, each accident is represented by a 
group of 17×12 bits. The parameters used in each one of the algorithms are shown in table 2, 
where n is the size of population. 
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Table 2: Parameters 
 

Algorithms Parameters Value 
QDPSO n 100 

 g 0.96 
QSE n 250 

 w 0.729 
 c1 1.5 
 c2 2.1 

QEA n 100 
 ε 0.01 
 ∆ 0.005 

 
 
 
 
 
 
 
 
 
 
 
 
Table 3 shown the result found by QDPSO compared with the results found by QSE and 
QEA. 
 

Table 3: Comparison results  
 

Algorithms Best 
Result Evaluations 

QDPSO 236 3.0*102

QSE 216 3,7*106

QEA 236 1.9*104

 
 
 
 
 
 
The results presented in the table 3 shown that only QDPSO and QEA achieve the best result 
for the problem, and QDPSO is faster than QEA, in the other words found the result with last 
effort computational. The fact that QSE don’t achieve the best result of this problem shows 
that he has difficulty to working with a high numbers of bits it is confirmed in the results 
found by [10]. Besides it show that it algorithm requires a study more refined of their 
structure and it’s a new field to be explored. 
 
 

5. CONCLUSIONS  
 
In this study the performance of QDPSO, QSE and QEA was investigated as a optimization 
tool of Diagnosis System of Brazilian Nuclear Power Plant operating a 100% of full power. 
The results shown in table 3 shown that results found by QDPSO are compatible to QEA for 
the accident identification problem, allowing a solution that approximates the ideal solution, 
the Voronoi Vectors for the classes of accidents with robustness. Besides QDPSO found the 
best result with a less number of evaluations than QEA. This fact is very important because 
the number of evaluations is crucial in nuclear engineering problems due to the high 
computation cost of the evaluations.  
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