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ABSTRACT 
 
 
This work presents the results of a performance evaluation study of the quantum based algorithms, QEA 
(Quantum Inspired Evolutionary Algorithm) and QSE (Quantum Swarm Evolutionary), when applied to the 
transient identification optimization problem of a nuclear power station operating at 100% of full power. For the 
sake of evaluation of the algorithms 3 benchmark functions were used. When compared to other similar 
optimization methods QEA showed that it can be an efficient optimization tool, not only for combinatorial 
problems but also for numerical problems, particularly for complex problems as the identification of transients 
in a nuclear power station. 
 
 

1. INTRODUCTION 
 
Quantum computing [1] is a new research area that incorporates elements of three knowledge 
areas: mathematics, physics and computing. The utilization of quantum phenomena concepts 
for representing and processing of information shows be an efficient tool and has attracted 
growing interest of the scientific, technological and industrial areas. 

The memory of a classic computer is comprised of information bits that can hold a "1" or "0" 
information. On the other hand, in a quantum computer calculations are done making direct 
use of quantum mechanic properties such as superposition and interference between states. In 
this way, a quantum computer maintains a set of Q-bits that can hold a "1", a "0" or a 
superposition of these values, or in other words, it may contain a "1" or a "0" at the same 
instant. 

Using quantum concepts and swarm intelligence [2,3] the evolutionary optimization quantum 
algorithms was created for classic computers. Han (2002) [4] proposed the QEA (Quantum 
Inspired Evolutionary Algorithm), based on the principal concepts of the quantum 
computing: the quantum bit (Q-bit) and superposition of quantum states. In the QEA, the Q-
bit is used to represent probabilities, and is the smallest information unit defined by [α, β]. 
Yan Wang et al (2006) [5], proposed the QSE (Quantum Swarm Evolutionary) based  on the 
QEA.  
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The present work shows the performance of the QSE and QEA when applied to discrete and 
continuous functions. For the optimization of continuous functions, we used the Sphere [6] 
function. For discrete optimization we used the “4 picks problem” [7]. Furthermore, we 
present the performance of the QEA when applied to the problem of transient identification 
in a PWR nuclear power plant. [8], operating at 100% of full power. Three types of transients 
were simulated for evaluation of the QEA as optimization tool when finding the best position 
of the centroids (the Voronoy Vectors [9]) that maximize the number of correct 
classifications. 
 
The article is organized as follows: section 2 contains a description of the QEA algorithm; 
section 3 describes the PSO and the QSE algorithms; section 4 presents the results of the 
validation tests of the QEA and of the QSE with benchmark functions, as well as an 
application of the QEA to the problem de identification of nuclear transients; The conclusion 
of this work is presented in section 5.  
 
 

2. QUANTUM EVOLUTIONARY ALGORITHM (QEA) 
 

2.1 Physical Foundations 
 
Quantum computing is based on the superposition and of quantum states interference 
principles of quantum theory [10], what enables its use on a parallel implementations. 
 
In quantum computing the one that carries information is the Q-bit, a system with two 
quantum states, instead of the classic bit. The Q-bit, with two polarization directions, is 
defined by the pair of complex numbers α and β that indicates the amplitude of the 
probability of the two quantum states, and is represented by equation (1) : 
 

        10 βα +=Ψ     . (1)
 
Where: |α|² represents probability of the Q-bit be in state “0” and |β|² is the probability that 

the Q-bit is in state “1”.  The restriction 122 =+ βα  guarantees the normalization of the 
state. In the case of a system with m-Q-bits, it will be possible to represent 2m states at the 
same instant. However, at the moment the quantum state is observed it will collapse to a 
unique state. 

2.2. The Canonic Algorithm 
 
In QEA algorithm the population of solutions is represented by { })(),...,(),()(

21
tqtqtqtQ

n
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where n is the size of the population and is the quantum chromosome defines by 
equation (2): 
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)( =+ tjtj βα  
 
The pseudo-code for the canonic algorithm is presented below:  
     
    Initialize Q(0) at t=0 
    Make P(0) by observing the state of Q(0) 
    Evalute f(xj(t)) 
    Store the best solutions among P(0) into B(0) and f(B(0)) 
    While (not termination condition) do 
            Begin 
                     1+= tt
         Make P(t) by observing the state of Q(t) 
                    Evaluate f(xj(t)) 
         Update Q(t) using Q-gate U(t) 
                    Store the best solutions among P(t) into B(t) and f(B(0)) 
 End 

Where,  and , { },)(),...,(2),(1)( tmXtXtXtP = )(tB jX { })(),...,(),()(
21

txtxtxtjX
jnjj

=   and   

each represents the bit)(tX j j observed in a given instant t. When t = 0, Q(0) = [
2

1 ,
2

1 ]  for 

all qj(t), with the same probability for α e β. 
 
Every bit of the binary string is obtained observing the step for construction of the population 
P(t). When all the states of Q(t) are observed, the value 0)( =tjiX  or 1)( =tjiX , from P(t) is 

determined by the probability 
2

)(tjiα or  
2

)(tjiβ .  
 
The pseudo-code for production of P(t) and pseudo-code for update of the Q-bit, representing 
the QEA learning, is presented in as follows. 
 
Begin Procedure make P(t )      Begin Procedure update Q(t) 
          While (j < n) do     While (j < n) do 

  While (i < m) do          While (i < m) do 
                                  ;1+= ii ;1+= ii  
       If random [0,1] > |αji(t) |²              Determine Δθ with the lookup table 1 

       Then 0)( =tjiX                  Obtain )(
)(

tji

tji
β
α

as: 

       Else 1)( =tjiX           )1(
)1()()(
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                 End            End 
        End End     
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 2.3. Quantum Gate 
 
The quantum gate (Q-gate) U(t) is the operator selected to represent a rotation in the 
direction of a “0” or of the  “1”. The rotation operator used in the QEA is as follows: 
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Where, , and  represent the direction and angle of 
rotation respectively. The size of the step  shall be conceived according to the problem 
and, up to the moment, there is no theoretical base for it. 

iiSi i
θβαθξ Δ⋅=Δ ).()( ).(

iiS βα iθΔ

iθΔ

 
 

S(αi,βi) 
xi bi f(x)>f(B) Δθ αiβi>0 αiβi<0 αi=0 βi=0 
0 0 False 0 0 0 0 0 
0 0 True 0 0 0 0 0 
0 1 False δ 1 -1 0 ±1 
0 1 True δ -1 1 ±1 0 
1 0 False δ -1 1 ±1 0 
1 0 True δ 1 -1 0 ±1 
1 1 False 0 0 0 0 0 
1 1 True 0 0 0 0 0 

 
Table 1.  A modified rotation gate  

 
 
In table 1, bi and xi the i-th bit of the best solution up to the moment and the binary solution 
x,  f(x) is the fitness of x , Δθ is the rotation angle, that controls the speed  of convergence, 
and S(αi,βi) is the signal function that controls the rotation direction. For instance, when xi=0, 
bi=1, f(x)>f(B), where f(B) is the fitness of the best solution up to the moment for a 
maximization problem, the probability of the solution xi = 0 shall be incremented such that a 
better chromosome should be obtained, that is, 2

iα should be greater. Therefore, if (αi,βi) is 
in the first quadrant, it should be rotated in clock-wise direction, that is, in the zero direction, 
and if (αi,βi) is in the third quadrant, it should be rotated in the counter clock-wise directions. 

 
 

 
 

Figure 1.  Rotation of the quantum gate. 
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3. QUANTUM SWARM EVOLUTIONARY ALGORITHM (QSE) 
 

3.1. About Particle Swarm Optimization (PSO) 
 
Particle Swarm optimization (PSO) is an evolutionary optimization algorithm base on swarm 
intelligence concepts. Created by Kennedy and Eberhart [3] in 1995, as an population based 
optimization  technique was inspired in the observation of the behavior of flocks of birds and 
schools of fishes when looking for food in a given region.  

Consider  and , respectively, the position and speed of the i-

th, particle in a d-dimensional search space. Every particle carries out the information of  its 

best position  ( ), already found and the swarm updates, at each step 

and holds, the information of best particle position ( ) ever found by the whole swarm 
until time t. 
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Equations (4) and (5) describe the updating equations of the speed and position of the 
particles. In equation (4) the new speed of an individual is evaluated as a function of the 
difference between the best individual position ( ) and its actual position, and also of the 
difference between the position o the best particle of the group ( ) and its actual position. 

bestP

bestG

 

                      (4) djtxtbestGrctxtbestPrctwvtv
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                                                                                    (5) djtvtxtx
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The moment coefficient establishes a compromise between diversity and refinement of the 
search: greater values favor more diverse search and lower values favor the refinement of the 
search. The attracting forces of the algorithm are influenced by the selection of constants 

and , that if inadequately tuned can produce a rapid convergence augmenting the 
chance of premature convergence. The random factors  and , with uniform distribution 
in the interval [0,1], allow maintenance of diversity in the population and reduce the effect of 
premature convergence to non-optimal solutions. 
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3.2. About Quantum Swarm Evolutionary Algorithm (QSE) 
 
The Quantum Swarm Evolutionary algorithm (QSE), was proposed in 2006 by Yan Wang et 
al [5], based on the QEA. This algorithm presents a new definition for the Q-bit and the 
quantum angle is updated in a similar way to the learning of the PSO. 

3.2.1. Quantum Angle 
 
The quantum angle is defined by an arbitrary angle θ  that carries out ),( βα  simultaneously. 
In this way, the Q-bit is represented by ][θ , representing implicitly the column vector 
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                                                                                                         (6) [ ] [ .)()()1( ititi θξθθ Δ+=+ ]

3.2.2. Procedure of QSE 
 
First, we find the local best quantum angle and the global best value from the local ones. 
Then according to these values, we update quantum angles by Q-gate.  The QSE production 
pseudo code, based on the QEA production is: 

 
1. Use quantum angle to encode Q-bit, 

{ },)(),...,(2),(1)( tnqtqtqtQ = .)(...)(2)(1)( ⎥⎦
⎤

⎢⎣
⎡= tjmtjtjtjq θθθ  

2. Make each 0)( =tjiX  or 1)( =tjiX  of  P(t) by observing the state of Q(t) through
2

)cos( jiθ . 
 

3. Modify update procedure to update Q(t) with the following improved PSO 
 formulae instead of using traditional Q-gate U(t): 
 

))())((())())((()(()(
2211

tbestgtrctbestptrctwvtv
jiijijijiji

θθθθχ −∗+−∗+∗=                    (7) 
 
                                                                                                 (8) )1()()1( ++=+ tvtt
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Where, , , and , are the velocity, current position, individual 
best and global best of the i-th Q-bit of the j-th m-Q-bits ,respectively. 
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4. EXPERIMENTAL SETTING 
 
After implementation of the QEA and QSE algorithms using the MATLAB environment, 
verification and validation tests were performed with the aim to compare the obtained results 
with other results cited by other works [4, 5, 7]. 
 
The inertia factor and updating equations (7) and (8) of the original QSE were altered. In this 
work, the inertia factor changes from its initial value along the iterations [5].  
In equation (7) it was introduced the factor χ known as constriction factor [12] that ensures 
the convergence of the algorithm, calculated as follows: 
 

 ϕϕϕϕ
χ

4*2

2

−−−
= , with , 21

cc +=ϕ 4>ϕ  where  , 21
cc +=ϕ 4>ϕ ,are the same 

constants used by the PSO. 
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Also a restriction that limits the angle in the interval [ ]π2,o  was introduced in both equations 
(7) and  (8). 
 

4.1. Test Functions 
 
In order to verify the performance of the QSE and QEA algorithms as optimization tools, two 
functions with well-known optima were used (Table 2).  
 
 

Name  Expression 

4 Picks 

 
                 )())(),((()( PpremiumxZxOMaxxF +=                              (9) 
                   O(x) = number of contiguous  zero and, 
                   Z(x) = number of contiguous ones. 

Sphere 
 

                    0 ≤ x∑
=

=

n

i
ixxF

1

2)( i ≤ 1, i = 1, 2, . . .                                 (10) 

 
Table 2.  Test Functions 

 
 

4.2. Experiment Results and Discussions 
 
To evaluate the robustness of the QSE and QEA algorithms, we performed 10 tests with 
different seeds for 2000 generations with populations of 100 individuals. The number of bits 
used for real code was 12, and for the 4 Picks function problem we used 100 bits string.  

4.2.1 Results for the 4 Picks Function 
 
The 4 Picks function, eq. (9), is a maximization problem with maximum at x = 189. The tests 
performed with the quantum QSE and QEA algorithms, with different values for P were 
performed to compare their evolution and robustness. It is expected that with P=11 and P=21 
the function wins the premium, and that with P=101, although not wining the premium its 
fitness would approximate to a value of 100.  
 
Tables 3 and 4 present the results obtained by QSE (with =0.729, =2.0, =2.1) and 
QEA algorithms when optimizing the 4 Picks function. It can be observed that the QEA got 
the premium with P=21 and with P=11. The QSE, on the other hand, only got the premium 
with P=11. The results presented by the QEA were 0,33% superior to the QSE results for 
P=11 and 0,31% for P=21. 

w 1
c

2
c

 
Best          Average  δ Best Average 

P=21 P=11 P=101 P=21 P=11 P=101   P=21 P=11 P=101 P=21 P=11 P=101
55.0 141.1 55.0 40.9 128.1 40.9  0.729 152 189 100 101.6 171.3 67.0 
52.0 144.0 52.0 44.8 130.5 44.8  0.9 100 188 100 99.5 166.7 99.5 

         
                Table 3.  QSE results                                               Table 4. QEA results  

INAC 2009, Rio de Janeiro, RJ, Brazil. 
 

7



4.2.2 Results for the Sphere Function 
 
To evaluate the behavior of the QEA and QSE algorithms in an ambient with greater 
dimensional complexity, we used the Sphere function, eq (10) with a minimum at the origin. 
It was observed from tables 5 and 6, that the QEA showed a superior behavior than the QSE, 
since it finds smaller results with two orders of magnitude smaller, for n = 30 and with 100 
individuals. 
 

Population n Generation Average  Population n Generation Average 
10 1000 0.2329  10 1000 0,1819E-5 
20 1500 1.1381  20 1500 1.1358E-3 40 

30 2000 2.9414  

40 

30 2000 4.2400E-2 
10 1000 0.2228  10 1000 9.5188E-6 
20 1500 0.8512  20 1500   7.9962E-5 100 

30 2000 2.0691  

100 

30 2000 2.0260E-2 
             
                      Table 5. QSE results                                      Table 6.QEA results  
 

4.3. Application to a Nuclear Transient Identification Problem 
 
The identification of a nuclear transient is a complex task since it involves the monitoring of 
several state variables (such as pressure, temperature, flow rate, etc). Due to such complexity, 
several works using transient classification systems [8] have been proposed. The objective of 
those systems is to help the operator in the diagnosis of the system malfunctioning for the 
decision making within a short time interval. 
 
A transient diagnosis system shall, as minimum, to classify an anomalous event of a nuclear 
power plant among a set of 17 anomalous transients postulates in the Final Safety Analysis 
Report (FSAR). In the FSAR these transients are known as design basis transients list. By 
simulation of these transients it is possible to obtain the signatures of the behavior of the 
variables involved on each process.  

4.3.1. Problem description 
 
This work uses Euclidean distance [7] for transient identification, and classifies an 
anomalous event as among the transients whose signatures are part of the design basis. The 
system compares, for each instant t, the distance between of the set of variables in the 
anomalous event to the centroids of the variables in the design basis transients. The smaller 
distance will indicate the class (transient) that best represents the event. 
 
Due to the best performance of the QEA in relation to the performance of the QSE, during 
the testing phase with benchmark functions, section 4.2, it was selected to find the best 
position of the centroids,  for each class of the design basis transients, that maximize the 
number of correct classifications.  
 
With the aim to test the performance of this algorithm on the optimization of complex 
systems in the nuclear area, 3 transients from the 17 postulated by the FSAR were used for 
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the ANGRAII nuclear power station, operating at 100% of ful-power: Blackout 
(BLACKOUT), Loss Of Coolant Accident (LOCA) and the Steam Generator Tube Rupture 
(SGTR) transients generated by means of computational simulation.  
 
Each transient was represented by the temporal evolution of the following variables: reactor 
water flow, hot leg temperature, cold leg temperature, primary water flow, steam generator 
water level – large range, steam generator water level – narrow range, steam generator 
pressure, feed water flow, steam flow, flow in the rupture, primary system pressure, thermal 
power, nuclear power, sub-cooling margin, pressurized water level, primary mean 
temperature, considered as necessary and sufficient for the identification of every transient. 

4.3.2 Test results 
 
This section has the objective to evaluate the performance of the QEA when applied to the 
transient identification problem of a PWR nuclear power plant operating at 100% of full 
power. The time axis was partitioned in 60 intervals after the beginning of a transient, giving 
a total of 61 instants of time and as consequence a maximum number of 183 correct 
classifications. 
 
Table 9 shows the results of tests realized with a population of 100 individuals, with different 
values for the parameter δ of QEA, as well as the number of correct classifications of the set 
of transients selected. It can be seen that the greater the value of the step δ, the fastest the 
convergence of the algorithm for a local optima. The smaller the step δ, slower is the 
convergence of the algorithm, for a global optimum. 
 
The results for identification of three of the postulated transients obtained by the proposed 
method were superior to those obtained by similar methods [8, 9]. The solution obtained by 
the QEA comes near the ideal solution, the Voronoy vectors, for the classification of 
transients. The QEA showed to be robust and effective in the classification of the selected 
transients with potential to be an optimization technique for complex nuclear engineering 
problems. 
 

 
δ Generation

Correct 
Classifications 

0.05*π 1000 177 
0.005*π 1000 177 
0.0005*π 1000 159 

QEA  

0.0005*π 5000 183 

 
 
 

 
 
 

Tabela 7. QEA Results 
 
 

The graphic in Figure 3 presents the evolution of the convergence of the QEA algorithm with 
100 individuals, δ = 0.0005* π and 5000 generations. It was observed that the algorithm 
presents several stationary states, that is, it remains stucked several generations without 
significant learning.  Most of these states appear between generations 1500 and 2500, the 
algorithm converges to a local optimum returning to search the global optimum near 
generation 3000. 
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Figure 3.  Fitness Convergence 

 

4.3.3. Comparison of QEA, GA and PSO on the Identification of Nuclear Power Plant 
Transients 
 
The GA and the PSO algorithms were implemented on the MATLAB environment with the 
aim to compare the results obtained using QEA with results of previous works [8,9]. For both 
algorithms there were performed 10 tests with different seeds for 100 generations of 
populations with 500 individuals.  
 
Table 10 shows the number of correct classifications results for the test performed with the 
QEA, GA e PSO algorithms for the set of selected transients.  
 
 
 

Correct 
Classifications QEA GA PSO 

Maximum      183 183 177 
Minimum 159 003 015 
Average 154   160 160 

 
Table 8.  Comparison of QEA, GA and PSO results 

 
 
 
The evolution of the GA and PSO for this problem is illustrated in figures 3 - (a) and (b) that 
present the graphic of the fitness convergence for both algorithms. 
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Figure 3– (a) GA fitness convergence , (b) PSO fitness convergence 

 
 

5. CONCLUSIONS 
 
This work presented the performance of the quantum QEA and QSE optimization algorithms 
when applied to the optimization of benchmark functions and to the Transients Identification 
Problem of a PWR nuclear power station operating at 100% of full power. 
 
During the testing phase with benchmark functions the QEA showed to be more robust and 
efficient than the QSE. For the 4 picks function it showed results 0,33 % superior to the ones 
of the QSE, for P=11 and 0,31% for P=21. For the bench mark function Sphere it showed 
results of two orders of magnitude closer to the solution than the QSE, for n = 30 and 100 
individuals. 
 
In the real transient identification problem of a nuclear power plant the QEA algorithm 
presented results superior to those obtained by similar methods, like the classic GA and the 
PSO, allowing solutions that approach the ideal solution (Voronoy Vectors) for transient 
classification (183 correct classifications). 
 
Compared to other optimization methods, the QEA showed to be a robust and efficient 
optimization tool not only for the solution of numeric problems (as shown for the benchmark  
functions) but also for complex engineering problems as the identification of transients in a 
nuclear power plant. 
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