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This paper presents a new hybrid algorithm called QDEPSO (Quantum inspired 

Differential Evolution with Particle Swarm Optimization) which combines differential 

evolution (DE), particle swarm optimization method (PSO) and quantum-inspired 

evolutionary algorithm (QEA) in order to solve the 0-1 optimization problems. In the 

initialization phase, the QDEPSO uses the concepts of quantum computing as the 

superposition state of qubits as well as the quantum measurement to represent and 

generate the diversity of the initial solutions. The second phase is an alternation between 

the DE operations (mutation, crossover and selection) and the adaptation of update 

formula of the velocity and the position of PSO algorithm. The effect of this step is to 

determine the rotation quantum angle to explore search space of solutions. To evaluate 

the performance of the proposed algorithm, we use the knapsack 0-1 problem as a class 

of combinatorial optimization NP-hard problems. The obtained results for 0-1 knapsack 

problem have proven the superior performance of QDEPSO compared to Quantum-

inspired Evolutionary algorithm (QEA), Adaptive Quantum-inspired Differential 

Evolution Algorithm (AQDE), Quantum Swarm Evolutionary algorithm (QSE) and 

Quantum Inspired Harmony Search Algorithm (QIHSA). 

 

Keywords: Differential Evolution, Quantum-inspired Evolutionary Algorithm, Particle 

Swarm Optimization, 0-1 Knapsack problem. 

 

1. INTRODUCTION 
 

Evolutionary algorithms represent a very efficient meta-heuristics that is widely 

used for global optimization problems. However, these meta-heuristics demand large 

memory to represent the population of solutions as well as large computational time in 

order to find the optimal solution. The emergence of quantum computing [1,2] offers 

treatment capacities and exponential storage thanks to  the principles of quantum theory 

such as superposition of quantum states, entanglement and quantum interference. Several 

researchers studied the effect of introducing inspired operations by quantum computing 

in evolutionary algorithms to maintain a good balance of exploration and exploitation 

[3,4,5,6,7]. Han and Kim were the first to propose a new quantum inspired evolutionary 

algorithm (QEA) combining classical evolutionary algorithm with the quantum 

computing’s concepts such as the quantum bit and the quantum rotation gate [3], 

while others modified QEA algorithm to enhance its performance. The addition of the 

mutation operation [8], the crossover operation [9], the new termination criterion and 
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the new rotation gate [10] were introduced in order to avoid the problem of 

premature convergence . 

 

Particle swarm optimization (PSO) algorithm proposed by Kennedy and Eberhart is 

a stochastic optimization method consisting of a candidate solutions’ population known 

as particles [11]. These particles are displaced in the search space to find optimal 

solution. The movement of each particle is guided by its best known position (pbest) and 

neighbor best position (gbest). Motivated by the success of QEA algorithm and the 

excellent ability of PSO in global optimization, many algorithms have introduced the 

quantum computing in PSO in order to guarantee the global convergence. Wang et al 

presented a novel quantum swarm evolutionary algorithm (QSE) which uses update 

formula of velocity and position to update quantum solutions [12]. Further, to increase 

the diversity of the population’s solutions and to improve the exploration of the search 

space by PSO, the mutation [13], the artificial immune [14], the crossover [15] operators 

and modified formulae of PSO [16] were introduced.   

 

The differential evolution (DE), introduced by Storn and Price [17], is based on 

vector solutions’ population for global optimization. The DE algorithm uses simple 

operations which include mutation, crossover and selection to explore the search space. 

As will follow closely, there are several algorithms which hybridize DE algorithm with 

quantum inspired to increase the global search ability of DE. Hota and Pat [18] proposed 

an adaptive quantum-inspired differential evolution algorithm for 0-1 Knapsack problem 

(AQDE) which uses the quantum representation, the measurement introduced by QEA 

algorithm for adapting operations of mutation, the crossover and the selection operators 

of DE to quantum individuals. Further, the quantum interference operator [19] and the 

mutation operation of genetic algorithm [20] were introduced in QDE too.   

This paper proposes a new hybrid algorithm combining the differential evolution 

algorithm (DE), the particle swarm optimization method (PSO) and quantum 

evolutionary algorithm (QEA) to solve the knapsack 0-1 problem. In this algorithm, we 

introduce the concepts of quantum representation, quantum measurement and rotation 

angle to update quantum individuals. We adapt the operations of DE (mutation, 

crossover, selection) to quantum individuals. Finally, we use PSO formula to determine 

the quantum angle rotation. 

The rest of the paper is organized as follows. A brief introduction to the 0-1 

knapsack problem is presented in section 2. The proposed QDEPSO algorithm is 

described in section 3. Section 4 summarizes extensive experimental evaluation. Finally, 

section 5 gives a conclusion and an outlook to future work. 

 

2. KNAPSACK PROBLEM 
The 0-1 knapsack problem is a classical combinatorial optimization problem.  It is 

studied in several fields like decision making, complexity theory, cryptography, budget 

controlling; etc. This problem was demonstrated to be NP-hard [21]. The Knapsack 0-1 

problem may be formulated as follows:  

 Given a set of m items: X=(x1, x2, x3,…,xm). 

 Each item xi has a weight wi and a profit pi. 

The problem is to select a subset from set of m items without exceeding a given weight 

http://en.wikipedia.org/wiki/Computational_complexity_theory
http://en.wikipedia.org/wiki/Cryptography
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capacity C where the overall profit is maximized.  

We can formulate mathematically the problem as follows: 

Maximize      
 
                                                                                                         (1) 

     Subject to          
    , xi {0,1},             , xi: can take either the value 1 

(selected) or the value 0 (not selected).   

 

3. THE PROPOSED ALGORITHM 
In the following, we present the proposed algorithm QDEPSO which hybrids 

differential evolution, particle swarm optimization and quantum evolutionary algorithm 

for the knapsack problem. The QDEPSO architecture contains three essential modules. 

The first module includes the generation of quantum individual, the observation operator 

and the objective function. The second module is composed of two main operations of 

DE (mutation, crossover) and quantum observation. Finally, the third module contains 

the selection operator of DE. The selection operator selects the better one between the 

current individual and the trial individual created by the mutation and crossover 

operations. In the case where the trial individual’s are worst performing compared to 

individual of the current population, the QDEPSO injects the formula of PSO and the 

interference of QEA to maintain the diversity of the population of solutions as well as to 

accelerate the search for the global optimal solution. Figure 1 summarizes the global 

architecture of the QDEPSO algorithm. 

 

3.1. Binary representation of items selection 

The choice of a representation for individuals is a very important and crucial issue 

in evolutionary algorithms. The QDEPSO which uses the binary coding is the most 

suitable for the items selection. Each individual X is represented as a vector of length m 

(m is the individual size):                , where m is the number of items.  

 
                                
                                   

  

The following example illustrates the binary representation of the items’ selection x1 

and x4 from the items set V: V={x1, x2, x3, x4} X=            . 

P(t)={  
    

      
 } is the individual population based on classical bit at the t

th
 

generation, where n is the size of population; m is the length of individual   
 . 

3.2. Quantum representation 

We adopt the representation of AQDE [18], where each quantum individual q 

corresponds to a vector   . 

   : is a string of variables θi (1 ≤ i ≤ m),                 
 

                                                                                                                        (2) 

 

Each quantum individual q is a string of quantum bits: 

 

     
        
        

          
        

   
        
        

                                                                                (3) 

 

The probability amplitude of one quantum bit is defined with a pair of numbers 

(        ,         ).           
  : represents the probability of rejecting item xi  and 
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   represents the probability of selecting item xi. Of course     θ   and       θ   

satisfy (4): 

 

          
           

                                                                                                   (4)  

 

Q(t) = {  
    

      
 }: is the quantum population at the t

th
 generation, where n is the size 

of the population, and  m  is the length of the qubit quantum individual. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
               Selection of DE 

  

 

 

 

 

 

 

 

 

 

 

 

                                                                 

 

 

Figure 1.  The global architecture of the QDEPSO algorithm. 

3.3. Initialization 

In the initialization step, a quantum individual population represents the linear 

superposition of all possible states with equal probability. In the case of knapsack 

problem, a quantum individual represents a superposition of all possible combinations of 

selected items. For this, each vector     is initialized by: 

   
      

 

 
         

 

 
                                                                                                (5) 

 

Stop 

Initialize quantum individuals 

Quantum observation  

Evaluate fitness  

 

Operations of DE  

 Make mutation quantum  individuals by mutation  operator  

 Make trial quantum individuals by crossover operator 

 Make trial individuals by  quantum observation operator 

Trial individuals 

better compared to 

current individuals 

Update formulas of PSO 

Applies update formulas of PSO 

to determine the quantum 

rotation angle  

Q-gate of QEA 

Applies Q-gate of QEA to 

update quantum  current 

individuals 

 

 
Store the best solutions 

 

 

No 

Yes 

 Selects  the trial individuals 

 Selects the trial quantum 

individuals 

No Yes 
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Where    = rand [1,7]: is an odd integer generated randomly in the set                

corresponding to       
 

 
 
  

 
 
  

 
 
  

 
  . The qubit qij corresponding to θ   is probably 

located in one of the four quadrants of the unit circle as described in figure 2. This 

initialization provides higher diversity in initial population of quantum individuals. 

 

  

 

 

  

 

 

 

 

 

 
 

 

Figure 2. Polar plot of the Qubit initialization. 

 

  
       

     θ  
  

     θ  
  

       θ  
  

     θ  
  

   
     θ  

  

     θ  
  

                                                                       (6) 

 

With:       θ  
   

 
 

 

 
  and          

   
 

 
 

 


 

3.4. Quantum observation 

In this operation, quantum individuals are transformed by the projection qubits into 

binary individuals. Each qubit transforms a binary bit. In the knapsack problem, we 

propose to make the observation and the reparation of individuals simultaneously. 

 

Observe and repair (X: binary individual) from (q: quantum individual) 

               /* Initializes the bits of individual X to zeros */ 

totalw0   /* the weights’  total of the individual X is  

                    initialized to zero */ 

while (totalw<=c) do 

jrand[1,m] /* generation of the random integer           */ 

   if (xj = 0) then 

   rrandom(0,1); 

     if(r >     θ    ) then 

        xj1 

        totalwtotalw+wj 

     end if 

   end if 

end while 

xj0       

totalwtotalw-wj 

 

/* add the weight wj of the selected item to the total weights 

totalw */ 

 

/* the end of the loop, the total weight exceeds capacity c. For 

this, we extract the item xj from the selected items list */ 
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3.5. Mutation operation  

The mutation operation is used to differentiate the population of solutions. There are 

two important factors in the mutation of solutions vectors. The first one is the random 

selection of parent’s vectors to explore the search space and the second factor is the 

coefficient F of controling differentiation. In the algorithm QDEPSO, we adapt the 

strategy of selecting parent vectors proposed by K. Price and R. Storn (Scheme 

DE/best/2) [7]. In this strategy, the mutation vector     is generated by making the 

difference between two target vectors               , randomly selected. Then, this 

difference is weighted by a factor of differentiation’s control F      . These differences 

are then added to a third vector        which corresponds to the current best individual 

Xbest. 

 

   
  =       + F.(     –     )                                                                                            (7) 

 

  
    is the mutation quantum individual which corresponds to the mutant vector    

   , it 

is given by: 

 

  
     

        
   

        
   

          
   

        
   

   
        

   

        
   

                                                                               (8) 

 

3.6. Crossover operation 

The trial vector     
    is generated by crossover between the target vector     

   and the 

mutant vector     
  . The formula of crossover operation is presented as follows:  

 

    
    

    
                                        

    
                                       

 



With CR       is randomly generated in each generation t. 

The trial quantum individual   
   which corresponds to the trial vector    

   is given by: 

 

  
     

        
   

        
   

          
   

        
   

   
        

   

        
   

                                                                       (10) 

 
3.7. Selection operation   

The result of the observation of the population of trial quantum individuals    gives 

a population of trial individuals         
     

       
    .  

The selection operation operates on the current individuals and the trial individuals 

respectively in the following manner: 

 

  
    

  
           

        
          

  
                                   

 

 

 θ 
     

 θ 
           

        
                                                         

        θ 
                                       

                                          (12) 
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3.8. Quantum rotation gate (Q-gate) 

A quantum rotation gate U(   ) is used to update the values of the Q-bits of each 

quantum individual as follows [2] :  

 

        
        
        

         
        

                                                                                    (13) 

Where, Δθi is a rotation angle of each qubit to the state 0 or 1 depending on its sign. 

 

1.1. Adaptation of the PSO formula 

       In order to determine the rotation angle of each qubit, we adapt the formulae of 

updating the velocity and position of PSO which are expressed as Eqs. (14) and (15), 

respectively : 

 

    
         

                 
                

 



    
        

     θ  
   





     
  : is the rotation angle of the previous generation t, with     

  initialized to 

0. 

            
 : is determined by the qubit j of quantum individual qi, the bit j of 

individual xi and the bit j of  the local optimal solution bi, as shown in Table 1. 

          
  : is determined by the qubit j of quantum individual qi, the bit j of 

individual xi and the bit j of global optimal solution bg, as illustrated in Table 1. 

 r1 and r2 are  random numbers in the interval [0, 1]. 

 c1 and  c2 are the learning factors. 

 
Table 1.  Lookup table of the rotation angle (x: binary individual, b: best local 

solution, bg: best global solution, f(.): fitness function ). 

xj bj bgj f(x)>f(b) f(x)>f(bg)                      

0 1 1 False false 0.01π 0.01 π 

1 0 0 False false -0.01π -0.01π 

0 1 1 False true 0.01π 0 

1 0 0 False true -0.01π 0 

0 1 1 True false 0 0.01π 

1 0 0 True false 0 -0.01π 

0 1 0 False true or false 0.01π 0 

1 0 1 False true or false -0.01π 0 

0 0 1 true or false false 0 0.01π 

1 1 0 true or false false 0 -0.01π 
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3.9. Outlines of QDEPSO algorithm  

The following outline summarizes how the Quantum-Inspired Differential Evolution 

Particle Swarm Optimization (QDEPSO) algorithm works: 

t0  

Initialize Q(0) by (5) and (6) 

Make and repair p(0) from Q(0)   

Evaluate fitness of p(0)  

while ( t<Max-generation) do 

         tt+1 

         Make and repair p(t) from Q(t-1)   

         Apply mutation on Q(t) by (7,8)  

         Obtain Q'(t) by crossover by (9,10) 

         Make and repair p’(t) from Q’(t)   

         Evaluate fitness of p’(t) 

  if selection criterion met then 

           Update P(t+1) and Q(t+1) by (11,12) 

        else 

            Update Q(t+1) using by formulae of PSO and QEA (13,14,15) 

  end if 

end while 

4. EXPERIMENTAL RESULTS 
In order to evaluate the performance of the proposed QDEPSO algorithm, we make 

two experiments. All computational experiments are conducted using Matlab7 and tested 

on a micro computer 1.5 GHz Dual Core and 2 GB of memory. In the first experiment of 

0-1 knapsack problem, weights wi and respective profits pi were calculated as follows 

[4]: 

 wi = rand[1,10] generates  an  integer  in {1,2,. . .,10} uniformly at  random. 

 pi = wi+5 and the knapsack capacity C used is :   C 
 

 
     

 
    

 We have used various size items of N ranging from 50 to 3000. And the 

maximum number of generations in all cases was chosen as 1000. 

The proposed algorithm QDEPSO is compared with the quantum inspired 

algorithms to solve the knapsack problem named: QEA [4], AQDE [18] and QSE [12] to 

present the hybridization utility of the three algorithms (DE, QEA and PSO) in the global 

optimization. The used parameters for the preceding algorithms are presented in the 

following table where the population size is 10. The average, the best and the worst 

profits, as well as, the respective standard in deviations of 30 independent runs are 

presented in table 3, figure 3 and figure 4.  

Table 2. The parameters of algorithm. 
 QEA QSE AQDE QDEPSO 

Quantum rotation 

angle  (  ) 
      ∕ ∕       

Parameters of PSO  
(w, c1, c2) 

∕ 
w=0.7298, c1= 
1.42, c2= 1.57 

∕ w=0.9, c1= c2= 1 

Differentiation 
Control (F) 

∕ ∕ 
random(0,1) random(0,1) 
0.1          

random(0,1) random(0,1)

 0.1  
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Crossover control 
(CR) 

∕ ∕ 

rand(‘norm’,0.5, 0.0375): 

generates a random number 

from the gaussian 

distribution         
      . 

rand(‘norm’,0.5, 0.0375): 

generates a random 

number from the gaussian 

distribution         
      . 

 
Table 3.   Experimental results of the 0-1 knapsack problem (experiment 1). 

Item size   QEA QSE AQDE QDEPSO 

50 

Best 302 297 292 302 

Average 300.63 294.26 287.2 302 

Worst 297 290 282 302 

Std 2.23 2.41 2.97 0 

250 

Best 1517 1446 1417 1552 

Average 1502.9 1427.7 1397.6 1548.5 

Worst 1496 1412 1382 1542 

Std 4.4562 8.2040 7.3178 2.6749 

500 

Best 2946 2799         2772 3078 

Average 2917.3 2783 2732 3068.2 

Worst 2907 2763 2717 3058 

Std 8.8198 9.2364 11.3304 4.8215 

1000 

Best 5695 5460 5382 6091 

Average 5662.5 5442.2 5364.4 6071.9 

Worst 5633 5422 5342 6048 

Std 12.7028 11.2975 10.1018 10.3636 

1500 

Best 8464 8128 8198 9079 

Average 8439.4 8082.8 8178.7 9032 

Worst 8414 8039 8149 8990 

Std 15.1535 20.6722 13.6188 20.5552 

2000 

Best 11217 10813 10951 12020 

Average 11191 10781 10900 11980 

Worst 11164 10747 10865 11931 

Std 14.7202 16.2827 24.6167 23.3480 

2500 

Best 13907 13466 13569 14910 

Average 13866 13394 13523 14837 

Worst 13839 13342 13482 14751 

Std 19.0504 24.5971 23.5438 34.7997 

3000 

Best 16604 16071 16221 17773 

Average 16550 16033 16176 17673 

Worst 16506 15995 16128 17583 

Std 20.2286 20.5269 22.0621 51.5802 

 

 
Figure 3(a). Average profits (250 items) 
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Figure 3(b). Average profits (500 items) 

 
Figure 3(c). Average profits (1000 items) 

 

Figure 4(a). Best profits (250 items) 

 
Figure 4(b). Best profits (500 items) 
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Figure 4(c). Best profits (1000 items) 

In order to present the utility of the injection of PSO formulae and Q-gate of QEA in 

the selection operation of DE, we have compared the QDEPSO algorithm in the three 

cases: with the DE selection, without the DE selection, and with the roulette wheel 
selection of genetic algorithm (GA). The results of the comparison are presented in table 

4 and figure 5.  

 

Table 4.  The results of QDEPSO algorithm with selection of DE, without selection of 

DE, and with selection of GA on the 0-1 knapsack problem (experiment 1). 

Item size   
QDEPSO with 

selection of DE 

QDEPSO 
without 

selection of 

DE 

QDEPSO with 

selection of GA 

100 

Best 625 600 595 

Average 624.5000 588.3333 590.9667 

Worst 620 580 585 

250 

Best 1544 1439 1444 

Average 1536 1422.3 1422 

Worst 1529 1409 1414 

500 

Best 3046 2716 2736 

Average 3038.8 2691.5 2696.2 

Worst 3031 2671 2671 

1000 

Best 6126 5426 5446 

Average 6111 5394.3 5405.7 

Worst 6096 5361 5381 

1500 

Best 9142 8072 8067 

Average 9109.3 8028 8044.8 

Worst 9087 7982 8012 

2000 

Best 12080 10725 10705 

Average 12035 10658 10669 

Worst 11990 10610 10645 

 

 
Figure 5(a). Average profits of QDEPSO algorithm with selection of DE, without selection of DE 

and with selection of GA (100 items). 
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Figure 5(b). Average profits of QDEPSO algorithm with selection of DE, without selection of DE 

and with selection of GA (2000 items). 

 

       In order to show the importance of the crossover operation of the DE in exploring 

the search space, we have performed a comparison between the QDEPSO algorithm with 

the crossover operation (where the crossover control parameter CR = 0,5) and without 

the crossover operation (CR = 0). Moreover, we have compared the DE crossover with 

other types of crossover, namely the one point and the two points crossover commonly 

used in genetic algorithms.  The average, the best and the worst profits, the average time 

as well as the respective standard in deviations of 30 independent runs are presented in 

table 5. 

 
Table 5.  The QDEPSO algorithm without crossover of DE, with DE crossover, with one 

point crossover of  GA and  with two point crossover of  GA (experiment 1). 

 
In experiment 2, we have used: 

 The weights wi, respective profits pi and the knapsack capacity C 
 

 
     

 
    

defined by [22]. 

  Different size items of N varying from 50 to 3000.  

  The maximum number of generations in all cases was chosen as 1000.  
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QDEPSO without selction of DE

QDEPSO with selection  of DE

QDEPSO with selection of GA

Item size  With   DE 
crossover  

(Cr=0) 

With   DE 
crossover  

(Cr=0.5) 

With  one- point  
crossover of GA 

With  two-point  
crossover of  GA 

500 Average 2990.3 3039.5 3038.8 3038.3 

Best 3001 3046 3046 3046 

Worst 2981 3031 3031 3031 

Std 6.1752 3.5111 3.6397 3.1506 

Average time (s) 10.0748 11.4595 11.1594 11.5139 

1000 Average 5893.8 6110.9 6102.5 6091.6 

Best 5926 6126 6121 6111 

Worst 5851 6096 6081 6076 

Std 18.0843 7.0091 9.0429 9.1142 

Average time (s) 19.9584 20.7725 21.3223 19.7728 

1500 Average 8707.7 9112.8 9090.9 9063.2 

Best 8752 9137 9126 9112 

Worst 8647 9077 9042 9027 

Std 23.2206 15.7467 18.4390 22.9071 

Average time (s) 29.8826 32.0788 30.6023 29.2978 
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        In order to prove the performance of the proposed algorithm in the global 

optimization compared to another class of the quantum-inspired algorithm, we have 

compared the QDEPSO algorithm with the quantum inspired harmony search algorithm 

(QIHSA) to solve the knapsack problem. The optimization results including the success 

rate (SR %) and the best profit are presented in table 5 and figure 6. 
 

Table 5. The Results of QDEPSO and QIHSA on the 0-1 knapsack (experiment 2). 
Test  

 

Item size Optimal 

 solution 

QIHSA 

 

QDEPSO 

Knapinst50 50 1177 SR% 99.83 99.83 

best 1175 1175 

Knapinst100 100 2466 SR% 99.27 100 

best 2448 2466 

Knapinst200 

 

200 4860 SR% 97.83 99.97 

best 4755 4859 

Knapinst300 
 

300 7137 
 

SR% 96.88 99.91 

best 6915 7131 

Knapinst500 

 

500 11922 

 

SR% 93.72 99.62 

best 11174 11877 

Knapinst700 

 

700 17107 

 

SR% 90.02 98.79 

Best 15400 16901 

Knapinst900 
 

900 21269 
 

SR% 88.62 98.48 

best 18850 20947 

Knapinst1000 

 

1000 24356 SR% 87.97 97.93 

best 21427 23854 

Knapinst1200 

 

1200 28617 

 

SR% 87.91 98.2 

best 25160 28102 

Knapinst1500 
 

1500 35891 
 

SR% 86.31 96.92 

best 30978 34787 

Knapinst1700 

 

1700 40609 

 

SR% 86.18 96.09 

best 34998 39025 

Knapinst2000 

 

2000 49007 SR% 85.8 95.88 

best 42052 46990 

Knapinst2500 
 

2500 60613 SR% 83.43 94.72 

best 50 570 57418 

Knapinst3000 

 

3000 72371 SR% 83.28 94.27 

best 60273 68229 

 

Figure 6. Success rate versus items’ size 

The obtained results are discussed in the following points:  

 The algorithm QDEPSO is more efficient for the high-dimensional 0–1 

knapsack problems: compared with QEA [4], QSE [12], AQDE [18] and 

QIHSA [22], the QDEPSO is the most efficient in the case where the number of 
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items is too large. We illustrate, as an example, the cases where the size of items 

equals 2500 or 3000. 

 Rapid exploration of the search space solutions: the QDEPSO converges rapidly 

to global optimal. For example, the algorithm converges after the 400 iterations 

in the case of 250 items.  

 High exploitation of the search space solutions: the algorithm continues the 

search around the global optimum i.e. the exploitation. For instance in the case 

of the 250 items, the QDEPSO converges to the optimal solution after iterating 

400, but continues the research till the 600 iterations. 

 According to the results of the average profits presented in figure 5, the 

tendency of the global convergence of QDEPSO algorithm including the DE 

selection is clearly increased. But, QDEPSO algorithm without the DE selection 

or with the roulette wheel selection of GA maintains a nearly constant profit due 

to its premature convergence. 

 According to the comparison results presented in table 5, we conclude that the 

crossover operation plays an important role in exploring efficiently the search 

space. However, it is worth noticing that despite this importance, the QDEPSO 

algorithm is not very sensitive to the kind of the used crossover. Indeed, in all 

cases, DE crossover gives slightly better results than the two other crossover 

operations in terms of best solution. This is interpreted by the fact that, in 

exploring the search space, the role of PSO remains the most decisive one even 

if it needs crossover to improve its outcome. Finally, the obtained results show 

the efficiency of the collaboration between the operations of mutation, DE 

crossover as well as the PSO update formulae in exploring the search space. 

 

5. CONCLUSION 
We have proposed a new algorithm called QDEPSO to solve the global optimization 

problems. The proposed algorithm is a hybrid of three meta- heuristic methods that are 

Differential Evolution Algorithm, Particle Swarm Optimization and Quantum-Inspired 

Evolutionary Algorithm. The QDEPSO uses the concepts of quantum computing such as 

the superposition state of the qubit and the quantum gate. Moreover, it uses the 

differentiation operations of the differential evolution algorithm such as mutation, 

crossover and selection. To better balance between the exploration and exploitation of 

the space of solutions’ search, the algorithm adapts update formulas of the PSO in 

updating the population of solutions.  

In order to validate the performance of our algorithm, we tested it for resolving the 

knapsack problem. The obtained results are better comparing with QEA [4], AQDE [18], 

QSE [12] and QIHSA [22] especially in the cases high dimensional instances of the 0-1 

knapsack problem. The quality of the obtained results encourages us to implement the 

QDEPSO for other more complicated global optimization problems in the future. 
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