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Abstract 
 

The multidimensional knapsack problem is a NP-hard, binary integer optimization 

problem of  finding a  way of  loading a set of knapsacks with items  from a given 

set of items in a way to have maximum profit, assuming  each item has a profit  

and  a weight  that may vary from one knapsack to another. The problem is 

important as it occurs in the industries in various forms including capital 

budgeting, processors allocation.  

In this  paper the cheapest shop algorithm primarily  devised for continuous 

optimization is adapted to handle binary integer programming problems in 

particular  0-1 multidimensional knapsack problem. The algorithm is run on some 

standard benchmark problem instances from OR library and the results obtained 

compared with those obtained from other algorithms. The computational result 

confirms the algorithm to be effective for handling binary combinatorial 

optimization problems (BCOPs) and in particular the knapsack problem on which 

the method is applied. 
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1. Introduction 
 

The 0-1 Multidimensional knapsack problem (MDKP) is a binary integer 

optimization problem of selecting items from a given set of items to fill a number 

of knapsacks of different capacities (with aim) to maximize profit. It is assumed 

that each item has a profit and a weight that may vary from one knapsack to 

another. Many important management problems belong to this kind of problem. 

Examples of such management problems include capital budgeting problem, 

processors allocation and databases distribution in a distributed computer system, 

cutting stock problem, project selection and cargo loading problems Chu & 

Beasly (1998) [6].      

Mathematically, the 0-1 MDKP can be stated as follows, 

           

Maximize  ∑ 𝑝𝑗𝑥𝑗
𝑁
𝑗=1                    𝑥𝑗 ∈ { 0 , 1}   {i.e maximize total profit} 

  

         Subject to    ∑ 𝑤𝑖𝑗𝑥𝑗
𝑚
𝑗=1  ≤   𝐶𝑖,     for i=1,…,M    {capacity constraint} 

 

where 𝑤𝑖𝑗 is the weight  of item j  in  knapsack i,   𝑝𝑗 is the profit of the item  and  

𝑥𝑗  a binary variable taking 1  or 0 bit value  depending on  whether  the item is in 

the knapsack or not.  𝐶𝑖 is the capacity  of knapsack i.    N is the number of items 

and M is the number of knapsacks.   

The problem above reduces to the classical 0-1 knapsack problem when M=1 (i.e 

when only one knapsack is involved).  This classical 0-1 knapsack problem may 

be defined alternatively in a recurrence equations   

𝑔(0) = 0  𝑎𝑛𝑑        𝑔(𝑐) = max
𝑗

{𝑝𝑗 + 𝑔(𝑐 − 𝑤𝑗)} 

 

where 𝑔(𝑐) is the  maximum profit  obtainable  by   packing a subset  of items I1. 

I2,…., IN  of  weight  w1 , w2, …., wN  and profits p1 , p2, …., pN   respectively  into  

a  Knapsack of capacity c. The dynamic programming technique might be used to 

solve this to obtain  𝑔(𝑐) for small number N. The large space requirement and 

the large number of function evaluations makes it impracticable to solve the 

equation exactly even for moderate M.  Turnpike theorem Winston (1987) [22] 

however provides an effective way of obtaining a high quality-solutin in 

polynomial time to the classical knapsack problem.  Turnpike theorem  states  that  

the optimal solution to the classical 0-1 knapsack problem  must use at least an  

item  having weight  w1 and  profit  p1   (i.e item  with largest   profit/weight  

ratio) if  the  conditions,             
𝑝1

𝑤1
 >

𝑝2

𝑤2
      ,           𝑐 >

𝑝1𝑤1

𝑝1−𝑤1
𝑝2
𝑤2

    

are satisfied.  Turnpike theorem reduces computation of obtaining optimum 

considerably where applicable. 

Knapsack problems are NP-hard in general and so can be solved approximately.  

Approximate methods could only produce high quality or near optimum solutions 

to NP hard problems but in relatively good (i.e realistic) computing time. The 

most effective of these methods are the heuristics and metaheuristics. Heuristic  
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method such as the the popular, Greedy method, (a general purpose heuristic), has 

been applied in various forms (based on the parameter on which the greedy 

feature is focused i.e profit, profit per unit weight e.t,c) to obtain approximate  

solutions to KPs Akcay Y, Li H, Xu SH (2007) [1].  George Dantzig (1957,1975) 

[9]‘greedy  approach for an unbounded knapsack problem   inserts  the items into 

the knapsack with respect to the decreasing order of their profit per unit weight 

with as many copies of  each  item inserted before proceeding to the next.  A local 

search-based heuristic was applied to demand-constrained multidimensional 

knapsack problem in Khuri, S., T. Back, and J. Heitkotter (1994) [11]. Some other 

heuristics applied on MDKP include those in  Boyer V, Elkihel M, Baz DE.(2009) 

[5], Veni KK, Balachandar SR.(2009) [20]. Metaheuristics are the most effective 

method for tackling NP-hard problems due to its ability to avoid local optimum 

traps and many of them have been developed and applied on MDKPs. Many of 

these metaheuristics model optimization problem by using a metaphor such as 

natural evolution (genetic/evolutionary algorithms), cooling of a crystalline solid 

(simulated annealing) or the behavior of animals (e.g. ant colony optimization).  

These have been applied on the MDKP. The Ant Colony optimization (a 

constructive metaheuristic) constructs solutions by mimicking the foraging 

behavior of ants. It is for discrete optimization and has been applied on MDKP 

Krzysztof Schiff (2013) [12]. Genetic algorithm the most popular metaheuristics 

technique for NP-hard problems have also been used to solve MDKP Chu P.C and 

Beasly (1998) [6], Khuri et al. (1994) [11], Cotta, C. and Troya, J. (1998) [7].  

Many metaheuristic for continous optimization have also been adapted to solve 

discrete optimization and in particular MDKPs. Among these are adaptation of 

Particle swarm optimizer Bansal J.C. and Deep K (2012) [4], Sangwook Lee, et 

al. (2008) [17], Mohammad Reza Bonyadi, Zbigniew Michalewicz (2012) [13], 

cuckoo search, Amira Gherboudj  Abdessiem Layeb  and Salim Chikhi (2012) [2], 

pigeon-inspired algorithm Asaju L Bolaji et al. (2016) [3], bat algorithm, Rizk M. 

Rizk-Allah, Aboul Ella Hassanian (2018) [16]. 

Most metaheuristics employs randomness which makes them non-deterministics 

and so produces different result on the same input at different times.  However 

some deterministic metaheuristic have been devised.  Scatter search and path 

linking are two such examples Glover (2000) [10] and has been applied on MDKP 

Vincent C.i and Yuh-Chia Liang (2012) [21], GRASP is another effective 

deterministic metaheuristic for NP-hard. At each iteration, in GRASP, a restricted 

candidate list is updated, that contains the α-best elements that can be added to the 

partial solution.  A random element is selected from this list for addition after 

which the list is updated to reflect the new solution. The parameter α determines 

the “greediness” of the search: if α equals1 the search is completely greedy 

whereas if α equals to the number of elements that can be added the search is 

completely random. GRASP algorithms are often combined with a path relinking 

strategy. GRASP was applied on MDKP in Dalessandro Soares Vianna, Jose Elias 

Claudio Arroyo (2004) [8]. Hybrid algorithm have also been applied on MKP 

Plateau, G.; Elkihel, M. (1985 [14]), Poirriez, Vincent; Yanev, Nicola; Andonov, 

Rumen (2009) [15], Thibaut Lust and Jacques Teghem (2008) [18], Vasquez J-K, 
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et al. (2001) [19]. In this article, the cheapest shop seeker algorithm for continous 

optimization is  adapted to handle  binary  integer optimization, in particular  the 

0-1 multidimensional knapsack problem. The detail of the algorithm is presented 

in section two. Section 3 presents the test results obtained from the algorithm on 

its application on some knapsack benchmark instances from the OR library. The 

last section presents the conclusion. 

 

2. Material and Method 
 

This section presents the cheapest shop seeker algorithm and its adaptation to 

binary discrete optimization.   

  

2.1 The cheapest shop seeker for continuous optimization 

 

The  cheapest shop algorithm proposed in Shola (2016) [3]  for solving  

continuous optimization problems  determines the ith particle position, 𝑥𝑖
𝑘+1 = 

(𝑥𝑖,,1
𝑘+!, 𝑥𝑖,,2

𝑘+!, … . . , 𝑥𝑖,,𝐷
𝑘+!),   on the (k+1)th  iteration (of the N iterations), by  

computing two positions u  and v , 

 

        𝑣 = (𝑣1, 𝑣2, … . , 𝑣𝑑  ) = 𝑥𝑖
𝑘    +    𝑟𝑎𝑛𝑑() ∗  𝑐0 ∗ ( 𝐺𝐵𝑘   −   𝑥𝑖

𝑘  )             (2.1) 

 

        𝑢 = (𝑢1, 𝑢2, … . , 𝑢𝑑  ) = 𝐷 ∗  𝑥𝑖
𝑘   +    𝑐1 ∗ (𝐿𝐵𝑖

𝑘   −    𝑥𝑖
𝑘  )                       (2.2) 

 

and selecting the better  of the two ( in terms of their fitness values) for 𝑥𝑖
𝑘+1.   

Here 𝐿𝐵𝑖
𝑘 = (𝐿𝐵𝑖,,1

𝑘 , 𝐿𝐵𝑖,,2
𝑘 , … . . , 𝐿𝐵𝑖,,𝐷

𝑘 ), and  𝐺𝐵𝑘= (𝐺𝐵1
𝑘, 𝐺𝐵2

𝑘, … . . , 𝐺𝐵𝐷
𝑘)  denote 

the local best position of particle i. and global best position on the kth iteration. In 

the algorithm,     minx =( minx1, minx2, ….., minxD ),  maxx =( maxx1, maxx2, 

….., maxxD ) specify the bound on the values of coordinates  of the solution, 

precisely the  ith coordinate of the solution should lie in the interval [ minxj ,  

maxxi]. The rand()  denotes a function that generates a random number in the 

range [0,1]  and  𝜖, 𝑐0, 𝑐1 , 𝑐2  are positive  parameters  to be supplied by the user 

and used  as shown in the algorithm. 

 

The cheapest shop seeker procedure is as follows, 

 

Initialization step: 

 

(a) INITIALIZE  randomly  the positions  𝑥𝑖
(0)  of all the  P  particles in the 

population: 

for  i=1,2…,N   set         𝑥𝑖
(0) = 𝑚𝑖𝑛𝑥  + 𝑟𝑎𝑛𝑑() ∗ (𝑚𝑎𝑥𝑥  − 𝑚𝑖𝑛𝑥 )  
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(b) for  i=1,2…,N  COMPUTE  the  fitness value, fi =fitValue(𝑥𝑖
0),  of each  

particle’s position 𝑥𝑖
0 . 

(c) Set the global best position 𝐺𝐵0   to  the  particle  position   with   the best 

fitness value 

 

Iterative step:  

for k=1,2,……….N  do   the following looping 

   for ( i=1  ,…..,P  do the following 

    {(i) UPDATE   xi
k  to  obtain xi

k+1 : 

            (a)  𝑣 = 𝑥𝑖
𝑘    +    𝑟𝑎𝑛𝑑() ∗  𝑐0 ∗ ( 𝐺𝐵𝑘   −    𝑥𝑖

𝑘  )                                     

            (b)  𝑢 = 𝐷 ∗  𝑥𝑖
𝑘   +    𝑐1 ∗ (𝐿𝐵𝑖

𝑘   −   𝑥𝑖
𝑘 )                                                     

               (with any component  of  𝑢   or  𝑣   out  of  interval bound  generated   

                Randomly as in step (a) of   initialization step) 

           (c) If fitness value of v is greater than that of u then set  𝑥𝑖
𝑘+1 = 𝑣      

                else set    𝑥𝑖
𝑘+1 =  𝑢 ;                                                                          (2.3) 

(d)  if (distance(𝑥𝑖
𝑘+1, 𝐺𝐵𝑘) < 𝜖) then  

                            𝑥𝑖
(𝑘+1) = 𝑚𝑖𝑛𝑥 + 𝑟𝑎𝑛𝑑() ∗ (𝑚𝑎𝑥𝑥 − 𝑚𝑖𝑛𝑥 )         

       (ii) UPDATE the local best position 𝐿𝐵𝑖
𝑘 of particle i to obtain 𝐿𝐵𝑖

𝑘+1.  

       (iii) UPDATE global best position  𝐺𝐵𝑘,  to obtain  𝐺𝐵𝑘+1,  and fitness  

              value of 𝐺𝐵𝑘+1 : 

                        if (fitValue(𝐺𝐵𝑘) < fitValue(𝑥𝑖
𝑘+1))   then set  𝐺𝐵𝑘+1 = 𝑥𝑖

𝑘+1 

                        else 𝐺𝐵𝑘+1=  𝐺𝐵𝑘 

     } 

Output the current global best position, 𝐺𝐵𝑁, and its fitness value, fitValue(𝐺𝐵𝑁). 

 

2.2 The Binary version of the algorithm 

 

Using a bit representation (where a solution is represented as an array of bits 

indexed by the item identification numbers) for the solution,the position 𝑥𝑖
𝑘+1  of 

particle p  at k+1  is obtained from the particle’s position 𝑥𝑖
𝑘,  local position 𝐿𝐵𝑖

𝑘  

at time k  and the global current best position. By discetizing the positions, 𝑣, 𝑢  

of   equations.2.1 and 2.2  above  using  the  sigmoid function  

                                               𝑠𝑖𝑔(𝑦) =
1

1+𝑒−𝑦
                                   

to obtain 

           𝑣 ′ = (𝑣1
′ , 𝑣2

′ , … . . , 𝑣𝑑
′ ),            𝑢′ = (𝑢1

′ , 𝑢2
′ , … , 𝑢𝑑

′ )                               2.4(a) 

where 

  𝑢𝑗
′ = {

1     𝑖𝑓   𝑟𝑎𝑛𝑑() > 𝑠𝑖𝑔( 𝑢𝑗)

0                            𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
  , 𝑣𝑗

′ = {
1     𝑖𝑓   𝑟𝑎𝑛𝑑() > 𝑠𝑖𝑔( 𝑣𝑗)

0                            𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
     2.4(b) 

 

The position 𝑥𝑖
𝑘+1  of particle p is then taken as                

                        𝑥𝑖
𝑘+1 = 𝑣 ′  ⊗ 𝑢′                                                                         (2.5) 
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where ⊗ denote the uniform cross over operator with the result repaired by  

removing items  repeatedly from the knapsack  based on how small their 𝑃𝑅𝑖 

values are, until the solution becomes feasible. The  𝑃𝑅𝑖   of item i is defined as  

                      𝑃𝑅𝑖 =
𝑝𝑖

∑ 𝑤𝑘𝑗
𝑀
𝑘=1

                                                                               (2.6) 

for i=1,… N,   

 

The step (d) of the algorithm meant to enhance the exploratory component of the 

algorithm as well as to enable particle to escape from local optimum is 

implemented in the discrete version as follows: The procedure is undertaken 

whenever a particle’s position equals   the current global best position. 

  IF a particle’s position equals the current global best position THEN 

    (a) Select an item number randomly from the list of item. Let this number be i. 

    (b) IF the item having this number is not in the knapsack put the item in the    

         knapsack OTHERWISE 

           (b1)  remove the item from the knapsack. (i.e set  𝑥𝑝𝑖 = 0) 

           (b2) add items ( as possible) to the knapsack to replace the one   removed.    

           (c) Repair    𝑥𝑝 . 

The particles ‘positions need be initialized to get the iterative steps of the 

algorithm started. With the items ordered in descending order with respect to the 

𝑃𝑅𝑖  values  the initial position 𝑥𝑝
0  of particle p (p=1,..d)  is defined  as 

 

            𝑥𝑝𝑗
0 = {

1     𝑖𝑓   𝑟𝑎𝑛𝑑() > 0.2
0                            𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                                       (2.7) 

 

This ensures that many items with high  𝑃𝑅𝑖   are first picked for the knapsack. 

 

Initialization  step: 

 

(a) Load the problem instance and Compute the  𝑃𝑅𝑖  (as in 2.6) for each item 

(b) For    i=1,2,...,N,  perform the following three steps 

 INITIALIZE randomly particle position 𝑥𝑖
(0) according to eq.2.7 

 Set the local best position , 𝐿𝐵𝑖
0 , of  particle i to   𝑥𝑖

(0); 

 Compute the fitness value,  fitValue(𝑥𝑖
0),  of   particle i .  

(c) Set the global best position 𝐺𝐵0   to  the  particle  position   with   the best 

fitness value 

 

Iterative step:  

 (i) for k=1,2,……….N  do   the following looping 

       for i=1  ,…..,P  Perform steps (a) to (f)  to obtain    xi
k+1 : 

         (a) Compute 𝑣 = 𝑥𝑖
𝑘    +    𝑟𝑎𝑛𝑑() ∗  𝑐0 ∗ ( 𝐺𝐵𝑘   −    𝑥𝑖

𝑘 ).  

                                  𝑢 = 𝐷 ∗ 𝑥𝑖
𝑘   +    𝑐1 ∗ (𝐿𝐵𝑖

𝑘   −    𝑥𝑖
𝑘  )                                                      

         (b) Compute  𝑣 ′,  𝑢′  from  𝑣, 𝑢  using sigmoid function  as  in eq 2.4 a,b. 
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         (c) Perform uniform cross over on 𝑣 ′,  𝑢′ and set the result equal 𝑥𝑖
𝑘+1   

                     (i.e 𝑥𝑖
𝑘+1 = 𝑣 ′  ⊗  𝑢′) 

        (d) Repair 𝑥𝑖
𝑘+1  as discussed above (i.e remove items  from the knapsack,       

         based on  their   𝑃𝑅𝑖  values,  until 𝑥𝑖
𝑘+1   satisfies the knapsack constraints) 

       (e)  if  𝑥𝑖
𝑘+1  equals 𝐺𝐵𝑘   then     perform the step specified above 

       (f) UPDATE the local best position 𝐿𝐵𝑖
𝑘  of  particle i to obtain  𝐿𝐵𝑖

𝑘+1  

                    (i.e set  𝐿𝐵𝑖
𝑘+1 = 𝑥𝑖

𝑘+1  if  fitValue(𝐿𝐵𝑖
𝑘) < fitValue(𝑥𝑖

𝑘+1))  

                          otherwise set  𝐿𝐵𝑖
𝑘+1 = 𝐿𝐵𝑖

𝑘) 

      (g) UPDATE global best position 𝐺𝐵𝑘, to obtain  𝐺𝐵𝑘+1, and the fitness value  

            of 𝐺𝐵𝑘+1 :  (i.e  set  𝐺𝐵𝑘+1 = 𝑥𝑖
𝑘+1   if  fitValue(𝐺𝐵𝑘) < fitValue(𝑥𝑖

𝑘+1)  

                                  otherwise set   𝐺𝐵𝑘+1=  𝐺𝐵𝑘) 

(ii)  Output  the  current  global best  position,   𝐺𝐵𝑁 ,  and its  fitness value,  

       fitValue(𝐺𝐵𝑁). 

 

3. Experimental results & Discussion 
 

The algorithm is tested on benchmark instances with the parameters set as 

follows, 𝑐0 = 1,   𝑐1 = 0.8 ,   𝑐2 = 0.8  , cRate=0.1 .The iteration number  set  at  

30000   (except specified otherwise) and population P=20.   

The table below presents the result of the experimental test of the algorithm on the 

benchmark instances in OR library. Table 1 contains test result from the algorithm 

on the mknap1 instances.  The second column of the table specifies the number of 

items and the knapsacks for each instance numbered in column 1. Column 3 

contains the best known result (which were all attained by our algorithm). The last 

column indicates the numbers of iterations undertaken to reach the best result.  

 

Table 1:  Computational results   for the ORLibrary mknap1 

for some algorithms ci=cg=0.8 population=20 

  
S/No Number of 

Items : Number 

 of knapsacks 

Best known 

results (also 

attained by the 

algorithm above) 

Number of iterations 

supplied for the 

algorithm to attain the 

best known result 

1 6 :10 3800 1 

2 10 : 10 8706.1 3 

3 15 : 10 4015 2 

4 20 : 10 6120 2 

5 28 : 10 12400 50 

 

The table 2 contains test result of our algorithm (column 8) and those   from other 

algorithms (column 4 to, 7) on some mknapcb1, mknapcb4 instances. These 

algorithms include Binary Cuckoo search algorithm (BCS), Particle swarm 
optimizer with penalty function (PSO-P), quantum inspired Cuckoo search (QICSA) 
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[24) and the binary pigeon-inspired algorithm(BPIO)[25]. The best known results 

for these instances are placed in column 3 of the table.  

As specified in column 2, each instance contains 100 items with 5 knapsacks for 

mknapcb1 and 10 for mknapcb4.  

 

Table 2: Computational results   for the ORLibrary mknapcb1 and mknapcb4 

instances for some algorithms for 30000 iterations and 20 particles. 

 

 

Table 3 presents result for mknapcb7, and mknapcb9 instances 

from ORLibrary  with 30 knapsacks  for 100, and 500 items. 

 

 

 

 

 

 

 

 

 

 

 

 

4. Conclusion 
 

In this paper a binary discrete version of the cheapest shop seeker algorithm is 

here presented for solving binary DOPs and its performance on  MDKP is 

investigated on benchmark instances  in the OR library.. The sigmoid function is 

used in the discretization of the method to obtain the discrete version. The results 

of the test are presented. This discrete version is found to perform well on those 

data and can be adopted as alternative to solving binary discrete DOPs and in 

particular binary MDKPs. The following are some of the areas in which the algo- 

Instance 

name 

Dataset 

size 

Best 

known 

solution 

BCS PSO-

P 

QICSA BPIO Adapted 

CheapestShop 

Seeker 

time 

mknapcb1 5.100.01 24381 23510 22525 23416 23494 24062 13m 57s 

5.100.02 24274 22938 22244 22880 23227 24274 13m 45s 

5.100.03 23551 22518 21822 22525 22942 23494 13m 29s 

5.100.04 23534 22677 22057 22167 22895 23143 14m 0s 

5.100.05 23991 23232 22167 22854 23502 23939 13m 26s 

mknapcb4 10.100.01 23064 21841 20895 21796 22237 22622 14m 18s 

10.100.02 22801 21708 20663 21348 22203  22408 14m 27s 

10.100.03 22131 20945 20058 20961 21614 21804 14m 41s 

10.100.04 22772 21395 20908 21377 22236 22333 14m 50s 

10.100.05 22751 21453 20488 21251 22157 22373 14m 38s 

 

Instance 

name 

Dataset 

size 

Best 

known 

solution 

Adapted 

CheapestShop 

Seeker 

Time 

Mknapcb7 

 

 

30.100.00 21946 21676 17m 10s 

30.100.01 21716 21505 17m 34s 

30.100.02 20754 20184 17m 10s 

30.100.03 21464 21088 17m 13s 

Mknapcb9 30.500.00 116056 110920 187m 6s 

 30.500.01 114810 110505 186m 29s 

 30.500.02 116712 111775 187m 50s 

 30.500.03 115329 110317 184m 56s 

 30.500.04 116525 111425 185m 55s 
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rithm may still be subjected to investigation. 

 The effect of variation of values for the parameters 𝑐0 = 1,   𝑐1 =
0.8 ,   𝑐2 = 0.8  on the performance of the algorithm. 

 The impact of the repair() and initialization() procedure  on the algorithm 

 The algorithm’s performance for larger population and number of 

iterations 

 

 

 

References 
 

[1] Y. Akcay, H. Li, S.H. Xu, Greedy algorithm for the general 

multidimensional knapsack problem, Annals of Operations Research, 150 

(2007), 17–29. https://doi.org/10.1007/s10479-006-0150-4  

 

[2] Amira Gherboudj  Abdessiem Layeb  and Salim Chikhi, Solving 0-1 

knapsack problems  by a discrete binary version of cuckoo search algorithm,  

Int J. Bio-Inspired Computation, 4 (2012), no. 4, 229. 

https://doi.org/10.1504/ijbic.2012.048063  

 

[3] L. B. Asaju, B. Babatunde, P. Shola, Adaptation of  binary pigeon-inspired 

algorithm for solving multi-dimensional knapsack problem, Advances in 

Intelligent System and Computing, (2017), 743-751.  

https://doi.org/10.1007/978-981-10-5687-1_66  

 

[4] J.C. Bansal and K. Deep, A modified binary particle swarm optimization for 

knapsack problems, Applied Mathematics and Computation, 218 (2012),    

no. 22, 11042-11061. https://doi.org/10.1016/j.amc.2012.05.001  

 

[5] V. Boyer, M. Elkihel, D.E. Baz, Heuristics for the 0–1 multidimensional 

knapsack problem, European Journal of Operational Research, 199 (2009), 

658–664. https://doi.org/10.1016/j.ejor.2007.06.068  

 

[6] P.C. Chu, J.E. Beasly, A genetic algorithm for the multidimensional 

knapsack problem, Journal of Heuristics, 4 (1998), 63-86. 

https://doi.org/10.1023/a:1009642405419  

 

[7] C. Cotta, J. Troya, A hybrid genetic algorithm for the 0-1 multiple knapsack 

problem, Chapter in Articial Neural Nets and Genetic Algorithms, Wien 

New York, Springer-Verlag, 1998, 250-254. 

https://doi.org/10.1007/978-3-7091-6492-1_55  

 

[8] Dalessandro Soares Vianna, José Elias Claudio Arroyo, A GRASP 

Algorithm for the Multi-Objective Knapsack Problem, Proceedings of the  

 

https://doi.org/10.1007/s10479-006-0150-4
https://doi.org/10.1504/ijbic.2012.048063
https://doi.org/10.1007/978-981-10-5687-1_66
https://doi.org/10.1016/j.amc.2012.05.001
https://doi.org/10.1016/j.ejor.2007.06.068
https://doi.org/10.1023/a:1009642405419
https://doi.org/10.1007/978-3-7091-6492-1_55


30                                                     Peter Bamidele Shola and Asaju La’aro Bolaji  
 

 

XXIV International Conference of the Chilean Computer Science Society 

(SCCC’04), IEEE, 2004. https://doi.org/10.1109/qest.2004.2  

 

[9] George B. Dantzig, Discrete-Variable Extremum Problems, Operations 

Research, 5 (1957), no. 2, 266–288. https://doi.org/10.1287/opre.5.2.266  

 

[10] Fred Glover, Manuel Laguna, Rafael Martí, Fundamentals of Scatter Search 

and Path Relinking, Control and Cybernetics, 29 (2000), no. 3, 653-684.  

 

[11] S. Khuri, T. Back and J. Heitkotter, The Zero/One Multiple Knapsack 

Problem and Genetic Algorithms, Proceedings of the 1994 ACM Symposium 

on Applied Computing (SAC’94), 1994, 188- 193. 

https://doi.org/10.1145/326619.326694  

 

[12] Krzysztof Schiff, Ant colony optimization algorithm for the 0-1 knapsack 

problem, Technical transaction Control 3-AC/(2013). 

 

[13] Mohammad Reza Bonyadi, Zbigniew Michalewicz, A fast particle swarm 

optimization algorithm for the Multidimensional knapsack problem,  WCCI  

2012 IEEE World Congress on Computational Intelligence, Brisbane 

Australia, (2012). https://doi.org/10.1109/cec.2012.6256113  

 

[14] G. Plateau, M. Elkihel, A hybrid algorithm for the 0-1 knapsack problem, 

Methods of Oper. Res., 49 (1985), 277–293.  

 

[15] Vincent Poirriez, Nicola Yanev, Rumen Andonov, A hybrid algorithm for 

the unbounded knapsack problem, Discrete Optimization, 6 (2009), no. 1, 

110–124. https://doi.org/10.1016/j.disopt.2008.09.004   

 

[16] M. Rizk, Rizk-Allah, Aboul Ella Hassanian, New binary bat algorithm for 

solving 0-1 Knapsack problem, Complex. Intell. Syst., 4 (2018), 31-53. 

https://doi.org/10.1007/s40747-017-0050-z  

 

[17] Sangwook Lee, Sangmoon Soak, Sanghoun Oh, Withold Peddrycz, Moongu 

Jeon, Modified binary particle swarm optimization, Progress in Natural 

Science, 18 (2008), 1161-1166. https://doi.org/10.1016/j.pnsc.2008.03.018  

 

[18] Thibaut Lust and Jacques Teghem, MEMOTS: A memetic algorithm 

integrating Tabu search for Combinatorial multiobjective optimization, 

RAIRO operations Research, 42 (2008), 3-33. 

https://doi.org/10.1051/ro:2008003  

 

[19] Michel Vasquez and Jin-Kao Hao, A hybrid approach for the 0-1 

multidimensional knapsack problem, IJCAI, (2001), 328-333. 

 

https://doi.org/10.1109/qest.2004.2
https://doi.org/10.1287/opre.5.2.266
https://doi.org/10.1145/326619.326694
https://doi.org/10.1109/cec.2012.6256113
https://doi.org/10.1016/j.disopt.2008.09.004
https://doi.org/10.1007/s40747-017-0050-z
https://doi.org/10.1016/j.pnsc.2008.03.018
https://doi.org/10.1051/ro:2008003


Adaptation of cheapest shop seeker algorithm                                                      31 

 

 

[20] K.K. Veni, S.R. Balachandar, A new heuristic approach for large size zero–

one multi knapsack problem using intercept matrix, International Journal of 

Computational and Mathematical Sciences, 4 (2010), no. 5, 259–263. 

 

[21] C.I. Vincent and Yuh-Chia Liang, A scatter search method for the 

multidimensional knapsack problem with generalized upper bound 

constraints, Journal of Chinese institute of Industrial Engineers, 29 (2012),  

no 8, 559-571. https://doi.org/10.1080/10170669.2012.743643  

 

[22] Wayne Winston, Operations Research: Applications and Algorithms, PWS 

Publishers, 1987.  

 

 

Received: June 1, 2018; Published: July 31, 2018 

 

https://doi.org/10.1080/10170669.2012.743643

