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Abstract 0-1 knapsack problem (KP01) is one of the classic variants of knapsack problems in 

which the aim is to select the items with the total profit to be in the knapsack. In contrast, the 

constraint of the maximum capacity of the knapsack is satisfied. KP01 has many applications in 

real-world complex problems such as resource distribution, portfolio optimization, etc. This study 

reviews the basic theory and main algorithms of 0-1 knapsack, proposes many different types of 

nature-inspired meta-heuristic algorithms, and divides existing 0-1 knapsack problems into 6 types 

according to the different coding methods of the algorithms, for a comprehensive overview of it. 

In this paper, a comprehensive survey on the recent advances in 0-1 knapsack problem is 

presented. Literature survey reveals some interesting challenges and future research directions. 
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1.  Introduction 

Problems that cannot be optimally solved by accurate methods in a reasonable time can be defined 

as hard optimization problems. Meta-heuristics can be used to capture appropriate solutions to 

solve these complex problems. A wide range of hard optimization challenges are approximately 

solved without each problem deeply adapted by a meta-heuristic algorithm. In the absence of 

known techniques for solving specific problems, meta-heuristics are often applied to solve these 

problems. They are widely used to solve complicated problems in a variety of areas, such as 

finance and engineering. All meta-heuristics are nature inspired depend on several foundations in 

biology, physics, and ethology. They utilize independent variables and have several control 
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parameters to suitable to the problem [1],]2]. 

Meta-heuristics consists of two phases: exploration and exploitation. For a given optimization 

problem, successful meta-heuristic algorithm can provide stability between the exploration and 

exploitation. Exploration identifies high quality solutions through fragments of the search space 

while exploitation intensifies the search in various areas of the increased search expertise. A 

particular way to achieve this balance is the main difference between the existing meta-heuristics. 

In the latest twenty years, a high attention has been affectionate to meta-heuristics [3],[4]. 

Historically, the proposed simulated annealing was contributed by Suman et al. in 1982 [5]. 

Glover proposed the tabu search and Farmer et al. introduced the system of the artificial immune 

in 1986 [5],[6]. In 1992, Koza published his research on genetic programming, and Dorigo 

proposed creative research on ant colony optimization [7],[8]. The first algorithm based on bee 

colony was proposed by Walker et al. in 1993 [9],[10]. In 2008, Simon proposed an optimization 

algorithm based on biogeography [11], [12]. 

Meta-heuristic methods rely on different operators, such as particles in particle swarm 

optimization (PSO), fireflies in firefly algorithm (FA), ants in ant colony algorithms (ACO), and 

chromosomes in genetic algorithms (GA). The goal of these algorithms is to find a global optimal 

or near global optimum in an iterative search. All populations will travel repeatedly to global 

optimal and will save from slipping in the local optimal when many strategies are implemented 

such as information transition, evolutionary strategy, and social behavior [13-15]. 

Various combinatorial optimization problems are inherently NP-hard because their 

deterministic polynomial time algorithms are very unlikely to exist [16]. Heuristics approaches for 

these NP-hard problems have been the focus of the research community. The 0-1 knapsack 

problem (KP01) is a popular and widely studied example of an NP-hard combinatorial 

optimization problem [16], [17] where we find the optimal solution to a given problem such that it 

satisfies the given constraints. The KP01s appear in decision-making processes in various domains 

in the real world [18]. Some examples of KP01s real-world applications include capital budgeting 

allocation problem [19], real estate property maintenance problem [20], cargo loading problem 

[21], resource allocation problem [22], project selection problem [23], combinatorial auctions [24], 

available-to-promise problem [25], cutting stock problem [26], investment decision making [27]. 

In the KP01 problem, set of items are provided, each with a weight and a value. The idea is to 



determine the number of each item to include in a collection, so that the total weight is less than or 

equal to a maximum limit and the total value is as large as possible [28]-[30]. 

In this study, we use a variety of heuristic and meta-heuristic algorithms to solve the KP01 

problem where one has to maximize the benefit of objects in a knapsack without exceeding it is 

capacity. The main advantages of these nature-inspired algorithms are their broad applicability, 

flexibility, ease of implementation, and the potential to find near-optimal solutions [31]. Fig.1 

shows the number of past publications per a year for using meta-heuristic optimization algorithms 

for solving the 0-1 knapsack problem. 

 

Fig.1 Number of KP01 related publications by year 

The remainder of the paper is organized as follows. In Section 2, the meta-heuristic algorithm 

and its classification are introduced. In Section 3, the KP01 problem description is discussed. In 

Section 4, we review various algorithms for solving 0-1 knapsacks. Finally, conclusions are drawn 

in Section 5. 

 

2. Meta-heuristic algorithms 

Meta-heuristic algorithms are the optimization techniques, which apply to several problems 

for finding the near optimal solutions in a coherent computational cost. They are intelligent 

approaches to solve efficiently several hard problems. These methods depended on different 

agents and implemented to guarantee the populations will be in the global optimum and prevent 



them from being in the local optimum. The major key of designing meta-heuristics is its capability 

of performing exploration and exploitation broadly. According to the principle of the algorithm, 

meta-heuristics algorithms can be divided into four categories: evolution-based [32], 

physics/chemistry-based [33], and swarm intelligence-based [34], and human behavior-based. 

The first is to initialize a random population based on the evolutionary algorithm. Then use 

one or more operations, such as crossover, mutation and selection, to evaluate the initial 

population in the optimization process, without considering the previous population in the 

optimization process. Classical algorithms include Genetic Algorithm (GA) [35], Differential 

Evolution Algorithm (DE) [36], Biogeography-based Optimization (BBO) [37], Evolutionary 

Strategy (ES) [38], and Evolutionary Programming (EP) [39]. 

The second is based on physics/chemistry and inspired by the rules of cosmic physics. The 

search individuals in these algorithms explore the search space according to physical laws. The 

classical algorithms are: Simulated Annealing (SA) Algorithm [40], Big Bang-Big Crunch 

Algorithm (BBBC) [41], Gravity Search Algorithm (GSA) [42], Charged System Search (CSS) 

[43], Magnetic Optimization Algorithm (MOA) [44], Central Force Optimization (CFO) [45], 

Artificial Chemical Reaction Optimization Algorithm (ACROA) [46], Black Hole (BH) Algorithm 

[47], Small World Optimization Algorithm (SWOA) [48], Galaxy-Based Search Algorithm 

(GBSA) [49], and Space Gravitational Optimization (SGO) [50]. 

The third category is generally based on the behavior of animals in nature. The main basis of 

these algorithms is to simulate the collective behavior of a group of creatures. Representative 

algorithms include: Particle Swarm Optimization (PSO) [51], Artificial Bee Colony Algorithm 

(ABC) [52], Ant Colony Optimization Algorithm (ACO) [53], Firefly Algorithm [54], Bat 

Algorithm (BA) [55], Cuckoo Search Algorithm (CS) [56], Grey Wolf Optimizer (GWO) [57], 

Social Spider Algorithm (SSA) [58], Whale Optimization Algorithm (WOA) [59], Monarch 

Butterfly Optimization (MBO) [60], Marine predators algorithm (MPA) [61], monkey algorithm 

(MA) [62], flower pollination algorithm (FPA) [63], Dragonfly Algorithm (DA) [64], Shuffled 

Frog Leaping Algorithm (SFLA) [65], crow search algorithm (CSA) [66] and so on. 

The last category is generally based on the human behavior. Representative algorithms 

include: Tabu search (TS) [67][68], Harmony search (HS)[69], Firework algorithm(FA) [70], 

Imperial competitive algorithm (ICA) [71], Teaching–learning-based optimization (TLBO) [72] 



and so on. 

The principal characteristics and features of meta-heuristic optimization algorithms are fast 

search of large solution spaces, capability to discover global solutions, and avoid trapping in local 

optimum. Thus, these major advantages have led to the significant use of the meta-heuristic 

techniques compared to other methodologies for optimization in many and various engineering 

optimization areas. 

 

3. 0-1 knapsack problem 

The KP01 is a classical combinatorial optimization problem. The goal of this problem is to 

maximize the total value of the items in the knapsack, while constraints ensure that the sum of the 

weights is less than or equal to the knapsack's capacity. There is only one item of each type and 

only two options for each item, whether to be included in the backpack or not. Each item cannot 

be put into the knapsack more than once or partially contained in the backpack. The mathematical 

model of the 0-1 knapsack problem is as follows: (See Equations 1 and 2) [101]: 

𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒 ∑ 𝑣𝑖𝑥𝑖

𝑛

𝑖=1

                                               (1) 

𝑆𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 {
∑ 𝑤𝑖𝑥𝑖

𝑛

𝑖=1

≤ 𝐶

𝑥𝑖 ∈ {0,1}, 1 ≤ 𝑖 ≤ 𝑛

                   (2) 

where 𝑥𝑖 is a binary decision variable. If item 𝑖 is included in the knapsack, then 𝑥𝑖= 1; 

otherwise, 𝑥𝑖= 0. 𝑣𝑖 is the value of item 𝑖; 𝑤𝑖 is the weight of item 𝑖; C is the maximum 

capacity item 𝑖. 

3.1 Example of 0-1 knapsack problem 

Suppose we have a knapsack that has a capacity of 6 cubic inches and 5 items of different 

weight and different values [73]. We want to include in the knapsack only these items that will 

have the greatest total value within the constraint of the knapsack’s capacity. The weight and value 

data of these 5 items are as shown in Table 1. 

Table 1 The weight and value data of these 5 items 

Item serial number Weight Value 

1 5 12 



2 2 8 

3 1 4 

4 4 15 

5 3 6 

Maximize the total value: 

∑ 𝑣𝑖𝑥𝑖

5

𝑖=1

= 12𝑥1 + 8𝑥2 + 4𝑥3 + 15𝑥4 + 6𝑥5 

Subject to the following constraints: 

∑ 𝑤𝑖𝑥𝑖

5

𝑖=1

= 5𝑥1 + 2𝑥2 + 𝑥3 + 4𝑥4 + 3𝑥5 ≤ 6  and 𝑥𝑖 ∈ {0,1}, 𝑓𝑜𝑟 𝑖 = 1,2, … 𝑛 

To find the best solution, we have to identify a subset that meets the constraint and has the 

maximum total benefit. For this problem, we enumerate all feasible solutions, as shown in Table 2. 

 

Table 2. Solution for KP01 Problem. 

Collection of item numbers solution Volume of set Value of set 

1 10000 5 12 

2 01000 2 8 

3 00100 1 4 

4 00010 4 15 

5 00001 3 6 

1、3 10100 6 16 

2、3 01100 3 12 

2、4 01010 6 23 

2、5 01001 5 14 

2、3、5 01101 6 18 

3、4 00110 5 19 

3、5 00101 4 10 

The bold numbers are the optimal solutions that satisfy the constraints. Hence, the optimal 

value for the given constraint (V = 6) can only be obtained with third item, and forth item, and it 

has a resulting value of 23.  

 

4. Meta-heuristic algorithms 0-1 knapsack problem 

The meta-heuristic algorithm is used to solve the 0-1 knapsack problem. This paper is divided 

into six types according to different coding methods: real encoding, binary encoding, 



Complex-valued encoding, quantum encoding, discrete encoding, and other encoding. Summary 

information about 0-1 KP is shown in Table 3. Details of each type are given below. 

4.1 Real encoding 

Chen (2016) [74], based on the bat algorithm (BA), combined with the idea of genetic 

variation, the paper introduces the processing rules of the active evolutionary operator, invalid bat 

and the current optimal position. The simulation results show that the algorithm is superior to the 

basic bat algorithm in convergence speed and accuracy, and it can effectively solve the 0-1 

knapsack problem. 

Zhang et al. (2013) [75] proposed a new bio-inspired to solve this problem. The proposed 

method has three main steps. First, the 0-1 knapsack problem is converted into a directed graph by 

the network converting algorithm. Then, for the purpose of using the amoeboid organism model, 

the longest path problem is transformed into the shortest path problem. Finally, the shortest path 

problem can be well handled by the amoeboid organism algorithm. Numerical examples are given 

to illustrate the efficiency of the proposed model. 

Table 3. Summary information about 0-1 KP 

Variant Algorithm Description Author (Ref) 

Real encoding BA Using the Bat Algorithm to Combine the Ideas of 

Genetic Variation 

Chen Y [74] 

AO the 0-1 knapsack problem is converted into a 

directed graph. Solve by the shortest path 

Zhang X et al. [75] 

ICS an improved hybrid encoding cuckoo search 

algorithm 

Feng Y et al. [76] 

Scatter 

search 

uses a modified scatter search as a meta-heuristic 

algorithm 

Rezazadeh H [77] 

OMBO a generalized opposition-based learning (OBL) 

monarch butterfly optimization with Gaussian 

perturba- tion (OMBO) is presented 

Feng Y et al. [78] 

CI Use Cohort Intelligence Algorithm to solve Kulkarni A J and Shabir 

H [79] 

MOA a novel heuristic algorithm named Multivariant 

Optimization Algorithm is presented to solve 

LIU L J et al. [80] 

MOEAs Multiobjective Evolutionary Algorithms is based on 

a restricted mating pool with a separate archive to 

store the remaining population 

Kumar R and Banerjee 

N [81] 

PSA it finds the neighbor solutions based on the greedy 

repair and improvement mechanism and uses both 

mutation and crossover operators to explore and 

Moradi N et al. [82] 



exploit the solution space. 

AGSO the question of sensitive parameter’s choice is 

avoided under the greed idea. 

Zhou Y et al. [83] 

SSO The algorithm considers two different search agents 

(spiders): males and females. Depending on gender, 

each individual is conducted by a set of different 

evolutionary operators. 

Zhou G et al. [84] 

GDEE an effective hybrid algorithm based on greedy 

degree and expectation efficiency is presented 

Lv J et al. [85] 

CS- ISFLA An effective hybrid cuckoo search algorithm with 

improved shuffled frog-leaping algorithm is put 

forward 

Feng Y et al. [86] 

MopGA The monogamous pair genetic algorithm 

incorporates two important operations borrowed 

from social monogamy: pair bonding and infidelity 

at a low probability. 

Al-Betar M A et al. [87] 

ACO groups of candidate values of the components are 

constructed, and an amount of pheromone is 

initialised randomly for each candidate value (a real 

random number between 0.1 and 0.9) in each 

candidate group. 

Changdar C et al. [88] 

HRO A dynamic step is introduced in the renewal stage 

to balance the exploration and exploitation phases. 

Shu Z et al. [89] 

NMs Two noising strategies, noising variation of 

objective function and noising data, are used to help 

NMs escape from local optima. 

Zhan S et al. [90] 

Binary encoding NBBA combines two important phases: binary bat 

algorithm (BBA) and local search scheme (LSS). 

Rizk-Allah R M and 

Hassanien A E [91] 

BCS propose a discrete binary cuckoo search (BCS) 

algorithm in order to deal with binary optimisation 

problems. 

Gherboudj A et al. [92] 

BMBO Two tuples, consisting of real-valued vectors and 

binary vectors, are used to represent the monarch 

butterfly individuals in BMBO. Real-valued vectors 

constitute the search space, whereas binary vectors 

form the solution space. 

Feng Y et al. [93] 

BMQHOA a binary multi-scale quantum harmonic oscillator 

algorithm (BMQHOA) with genetic operator is 

proposed. Repair operator with greedy strategy is 

adopted in BMQHOA to guarantee the knapsack 

capacity constraint. 

Huang Y et al. [94] 

SOS propose a new binary version of hybrid symbiotic 

organisms search algorithm based on harmony 

search with greedy strategy. A greedy strategy is 

Zhou Y et al. [95] 



employed to repair the infeasible solution and 

optimise the feasible solution. 

BMPA To develop the binary variant of MPA (BMPA), a 

wide range of V- Shaped and S-shaped transfer 

functions is investigated for mapping continuous 

values to binary. 

Abdel-Basset M et al. 

[96] 

SBHS The differences among harmonies stored in 

harmony memory rather than the pitch adjustment 

rate (PAR) and step bandwidth (bw) are employed 

to produce new solutions and this can greatly 

alleviate the burden of setting these important 

factors manually. 

Kong X et al. [97] 

MA the greedy algorithm is used to strengthen the local 

search ability, the somersault process is modified to 

avoid falling into local optimal solutions, and the 

cooperation process is adopted to speed up the 

convergence rate of the algorithm. 

Zhou Y et al. [98] 

BFPA a transformation function is used to convert the 

continuous values generated from FPA into binary 

ones. A penalty function is added to the evaluation 

function to give negative values for the infeasible 

solutions. 

Abdel-Basset M et al. 

[99] 

AIBWPA Based on BWPA, an improved binary wolf pack 

algorithm (AIBWPA) can be proposed by adopting 

adaptive step length and improved update strategy 

of wolf pack. 

Guo L and Liu S [100] 

BPSO a binary particle swarm optimization algorithm 

based on the Z-shaped probability transfer function 

was proposed. 

Sun W-Z et al. [101] 

SMA eight different transfer functions have been used 

and evaluated. 

Abdollahzadeh B et al. 

[102] 

BEO eight transfer functions including V-Shaped and 

S-Shaped are employed to convert continuous EO 

to Binary EO (BEO). 

Abdel-Basset M et al. 

[103] 

BABC-DE In BABC-DE, a new binary searching operator 

which comprehensively considers the memory and 

neighbour information is designed in the employed 

bee phase, and the mutation and crossover 

operations of differential evolution are adopted in 

the onlooker bee phase. 

Cao J et al. [104] 

Complex-valued 

encoding 

CPBA Based on the two-dimensional properties of the 

complex number, the real and imaginary parts of 

complex number are updated separately. 

Zhou Y et al. [105] 

CWDO introduce a complexvalue encoding method, which Zhou Y et al. [106] 



can be viewed as an effective global optimization 

strategy, and a greedy strategy, which can be 

viewed as an enhanced local search strategy into 

wind driven optimization. 

CCSA Introduce a greedy algorithm  Zhou Y et al. [107] 

Quantum 

encoding 

QSE a quantum inspired Social Evolution algorithm is 

proposed by hybridizing Social evolution algorithm 

with the emerging quantum inspired evolutionary 

algorithm. 

Pavithr R S and 

Gursaran [108] 

QWPA This paper proposes a Quantum-Inspired wolf pack 

algorithm based on quantum encoding to enhance 

the performance of the wolf pack algorithm 

Gao Y et al. [109] 

QDGWO proposes a quantuminspired differential evolution 

algorithm with grey wolf optimizer to enhance the 

diversity and convergence performance and 

improve the performance in high-dimensional cases 

for 0-1 knapsack problems. 

Wang Y and Wang W 

[110] 

AQDE extend the concept of differential operators with 

adaptive parameter control to the quantum 

paradigm and proposes the adaptive 

quantum-inspired differential evolution algorithm 

Hota A R and Pat A 

[111] 

Discrete 

encoding 

TDDE In TDDE, an enhanced selection operator inspired 

by the principle of the minimal free energy in 

thermodynamics is employed, trying to balance the 

conflict between the selective pressure and the 

diversity of population to some degree. 

Guo Z et al. [112] 

DiABC A random binary population was added in the 

initialization. The current optimal solution was then 

introduced into the search equations for worker and 

onlooker bees to effectively enhance the 

convergence accuracy of the algorithm. 

Zhang S and Liu S [113] 

MDSFL The proposed algorithm includes two important 

operations: the local search of the ‘particle swarm 

optimization’ technique; and the competitiveness 

mixing of information of the ‘shuffled complex 

evolution’ technique. 

Bhattacharjee K K and 

Sarmah S P [114] 

CDGSA The GSA has used a function of time to determine 

the number of the best particles for attracting others 

in each time, 

Razavi S F and Sajedi H 

[115] 

Other encoding DNA 

computing 

encoding 

The encoding method is described to generate 

superior DNA strands with fewer errors according 

to the characteristics of DNA sequences. 

Ye L and Zhang M 

[116] 

DNA 

molecular 

present a new algorithm for solving the 0-1 

knapsack problem with DNA molecular operations. 

Ji Z et al. [117] 



computation 

tissue P 

system with 

cell division 

a tissue P system named 𝛱𝐾𝑃 is proposed to solve 

the 0-1 knapsack problem, which is one of the 

classic NP-hard problems. 

Ye L et al. [118] 

IAMDA introduces an angle modulation mechanism on DA 

(called AMDA) to generate bit strings, that is, to 

give alternative solutions to binary problems, and 

uses DA to optimize the coefficients of the 

trigonometric function. 

Wang L et al. [119] 

Feng et al. (2014) [76] proposed an improved hybrid encoding cuckoo search algorithm (ICS) 

with greedy strategy for solving 0-1 knapsack problems. First of all, for solving binary 

optimization problem with ICS, based on the idea of individual hybrid encoding, the cuckoo 

search over a continuous space is transformed into the synchronous evolution search over discrete 

space. Subsequently, the concept of confidence interval (CI) is introduced; hence, the new position 

updating is designed and genetic mutation with a small probability is introduced. The former 

enables the population to move towards the global best solution rapidly in every generation, and 

the latter can effectively prevent the ICS from trapping into the local optimum. Furthermore, the 

greedy transform method is used to repair the infeasible solution and optimize the feasible solution. 

Experiments with a large number of KP instances show the effectiveness of the proposed 

algorithm and its ability to achieve good quality solutions. 

Rezazadeh (2015) [77] proposed a new search methodology for different sizes of 0-1 

Knapsack Problem (KP). The proposed methodology used a modified scatter search as a 

meta-heuristic algorithm. Moreover, rough set theory is implemented to improve the initial 

features of scatter search. Thereby, the preliminary results of applying the proposed approach on 

some benchmark dataset appear that the proposed method was capable of providing better results 

in terms of time and quality of solutions. 

Feng et al. (2017) [78] proposed a generalized opposition-based learning (OBL) monarch 

butterfly optimization with Gaussian perturbation (OMBO), in which OBL strategy is used on half 

individuals of the population in the late stage of evolution and Gaussian perturbation acts on part 

of the individuals with poor fitness in each evolution. OBL guarantees the higher convergence 

speed of OMBO and Gaussian perturbation avoids to be stuck at a local optimum. In order to test 

and verify the effectiveness of the proposed method, three groups of 15 large-scale 0-1 KP 

instances from 800 to 2000 dimensions are used in this study. The experimental results indicate 



that OMBO can find high-quality solutions. 

Kulkarni and Shabir (2016) [79] proposed an emerging technique inspired by the natural 

and social tendency of individuals to learn from each other, called Cohort Intelligence (CI). 

Learning here refers to a cohort candidate’s effort to self supervise its own behavior and further 

adapt to the behavior of the other candidate which it intends to follow. This makes every candidate 

improve/evolve its behavior and eventually the entire cohort behavior. This ability of the approach 

is tested by solving an NP-hard combinatorial problem such as Knapsack Problem (KP). Several 

cases of the 0–1 KP are solved. 

Liu et al. (2014) [80] proposed a new heuristic algorithm named Multivariate Optimization 

Algorithm (MOA) to solve the 0-1 knapsack problem (KP). In MOA, multivariant search groups 

(locate and global search groups) execute the global exploration and local exploitation iteratively 

to locate the optimal solution automatically. The presented algorithm has been compared with 

Genetic Algorithm (GA) and Particle swarm algorithm (PSO) based on five data sets, results show 

that the optimization of MOA is better than GA and PSO when the dimension of problem is high. 

Multi-objective Evolutionary Algorithms (MOEAs) are increasingly being used for 

effectively solving many real-world problems, and many empirical results are available. Kumar 

and Banerjee (2006) [81] selected the well-known knapsack problem for the analysis. The 

multi-objective knapsack problem in its general form is NP-complete. Moreover, the size of the 

set of Pareto-optimal solutions can grow exponentially with the number of items in the knapsack. 

Thus, authors formalize a (1 + )-approximate set of the knapsack problem and attempt to present 

a rigorous running time analysis of a MOEA to obtain the formalized set. The algorithm used in 

this paper is based on a restricted mating pool with a separate archive to store the remaining 

population; authors call the algorithm a Restricted Evolutionary Multiobjective Optimizer 

(REMO). 

Moradi et al. (2021) [82] proposed a new population-based simulated annealing (PSA) for 

KP01 and compares it with the existing methods. Computational results show that the proposed 

PSA is the most efficient optimization algorithm for KP01 among all SA-based solvers. Also, 

PSA’s exploration and exploitation are stronger than the other SA-based algorithms since it 

generates several initial solutions instead of one. Moreover, it finds the neighbor solutions based 

on the greedy repair and improvement mechanism and uses both mutation and crossover operators 



to explore and exploit the solution space. Suffice to say that the next version of SA algorithms for 

KP01 can be enhanced by designing a population-based version of them and choosing the 

greedy-based approaches for the initial solution phase and local search policy. 

Zhou et al. (2011) [83] proposed an artificial glowworm swarm optimization (AGSO) 

algorithm for solving 0-1 knapsack problem, and the detailed realization of the algorithm is 

illustrated. According to intelligent algorithm for knapsack problem, the question of sensitive 

parameter’s choice is avoided under the greed idea. Simulation results show that the artificial 

glowworm swarm optimization algorithm for solving 0-1 knapsack problems is feasible and 

effective. 

Zhou et al. (2018) [84] used the social-spider optimization (SSO) algorithm to solve 

large-scale 0-1 knapsack problems. The SSO algorithm is based on the simulation of cooperative 

behaviour of social-spiders. In SSO algorithm, individuals emulate a group of spiders which 

interact to each other based on the biological laws of the cooperative colony. The algorithm 

considers two different search agents (spiders): males and females. Depending on gender, each 

individual is conducted by a set of different evolutionary operators which mimic different 

cooperative behaviour which are typically found in the colony. The experiment results show that 

the social-spider optimization algorithm can be an efficient alternative for large-scale 0-1 

knapsack problems. 

Inspired by region partition of items, Lv et al. (2016) [85] proposed an effective hybrid 

algorithm based on greedy degree and expectation efficiency (GDEE). In the proposed algorithm, 

initially determinate items region, candidate items region and unknown items region are generated 

to direct the selection of items. A greedy degree model inspired by greedy strategy is devised to 

select some items as initially determinate region. Dynamic expectation efficiency strategy is 

designed and used to select some other items as candidate region, and the remaining items are 

regarded as unknown region. To obtain the final items to which the best profit corresponds, static 

expectation efficiency strategy is proposed whilst the parallel computing method is adopted to 

update the objective function value. Extensive numerical investigations based on a large number 

of instances are conducted. The proposed GDEE algorithm is evaluated against chemical reaction 

optimization algorithm and modified discrete shuffled frog leaping algorithm. The comparative 

results show that GDEE is much more effective in solving KP01 than other algorithms and that it 



is a promising tool for solving combinatorial optimization problems such as resource allocation 

and production scheduling. 

To solve the 0-1 knapsack problem, Feng et al. (2014) [86] proposed an effective hybrid 

cuckoo search algorithm (CS) and improved shuffled frog-leaping algorithm (ISFLA). First of all, 

with the framework of SFLA, an improved frog-leap operator is designed with the effect of the 

global optimal information on the frog leaping and information exchange between frog individuals 

combined with genetic mutation with a small probability. Subsequently, in order to improve the 

convergence speed and enhance the exploitation ability, a novel CS model is proposed with 

considering the specific advantages of Lévy flights and frog-leap operator. Furthermore, the 

greedy transform method is used to repair the infeasible solution and optimize the feasible solution. 

Finally, numerical simulations are carried out on six different types of 0-1 knapsack instances, and 

the comparative results have shown the effectiveness of the proposed algorithm and its ability to 

achieve good quality solutions, which outperforms the binary cuckoo search, the binary 

differential evolution, and the genetic algorithm. 

Al-Betar et al. (2016) [87] defined and explored a somewhat different subclass of genetic 

algorithm (GA)-a monogamous pairs genetic algorithm (MopGA) for solving the 0-1 knapsack 

problems (0/1-KP). The MopGA incorporates two important operations borrowed from social 

monogamy: pair bonding and infidelity at a low probability. Unlike conventional GAs, same pairs 

of parents (monogamous parents) are re-mated at each generation until their bonds expire. 

Nonetheless, this monogamy rule may be violated at the presence of infidelity. Technique 

emphasizes on the thorough exploitation of the current search region via pair bonding, while 

allowing sufficient exploration to other unknown regions via infidelity. Consequently, MopGA is 

able to preserve higher population diversity by shielding offspring under the monogamous parents 

from population-wide selection pressure and restrictive mating strategy. As a side benefit from 

economical use of selection mechanism, the MopGA is computationally more efficient, especially 

when dealing with high-dimensionality 0-1 KPs. The empirical results on 0/1-KPs also show 

considerable performance in favour of the proposed methodology in terms of solution quality. 

Changdar et al. (2013) [88] presented a continuous ant colony optimization (ACO) approach 

to solve 0-1 knapsack problem. In this method, groups of candidate values of the components are 

constructed, and an amount of pheromone is initialised randomly for each candidate value (a real 



random number between 0.1 and 0.9) in each candidate group. To solve binary knapsack problem 

for each object a candidate group is constructed where candidate value is either 0 or 1. Each ant 

selects a value from each group to construct a path or a solution. After certain number of 

generation, store the best solution in a temporary population. When temporary population size is 

equal to the number of ants, then temporary population will be considered as initial population by 

re-initialising fresh set of pheromone. This procedure will continue until the maximum generation 

(defined) is reached. In experimental section, we compare the results of standard test functions and 

0-1 knapsack problem with existing literature. 

Hybrid rice optimization (HRO) is a novel swarm intelligence algorithm inspired by the 

breeding process of Chinese three-line hybrid rice, its population is classified into three types such 

as the maintainer, restorer and sterile line and several stages including hybridization, selfing and 

renewal are implemented. Shu et al. (2022) [89] proposed a modified HRO algorithm for the 

complicated large-scale 0-1 KP. A dynamic step is introduced in the renewal stage to balance the 

exploration and exploitation phases. Moreover, HRO is combined with binary ant colony 

optimization (BACO) algorithm to compose the parallel model and serial model for enhancing the 

convergence speed and search efficiency. In the parallel model, HRO and BACO are 

independently implemented on two subpopulations and communicate during each iteration. In the 

serial model, BACO is embedded in HRO as an operator to update the maintainer line. The 

experimental results on 0-1 KPs of different scales and correlations demonstrate the 

outperformance of the parallel model and serial model. 

Noising methods (NMs) include a set of local search methods and can be considered as 

simulated annealing algorithm or threshold accepting (TA) method when its components are 

properly chosen. Zhan et al. (2020) [90] studied how to utilize NMs for solving the 0-1 knapsack 

problem (0-1 KP). Two noising strategies, noising variation of objective function and noising data, 

are used to help NMs escape from local optima. When noising variation of objective function is 

used, probabilistic acceptance or deterministic acceptance is used to decide whether to accept 

neighbor solutions. Two decreasing strategies, arithmetical decreasing and geometrical decreasing, 

are used to control the change of parameter noise-rate. In total, six variants of NMs including two 

TAs are designed to solve the 0-1 KP. In those variants, a hybrid greedy repair operator, which 

combines density-based and value-based greedy drop and add operators, is designed to get better 



balance between intensification and diversification. Extensive experiments were performed to 

compare the performances of the six variants of NMs. The performances of the six variants of 

NMs were also compared with some state-of-the-art meta-heuristics on a wide range of small size, 

medium size, and large size 0-1 KP instances. Simulation results show that NMs are better than or 

competitive with other state-of-the-art meta-heuristics. 

4.2 Binary encoding 

Rizk-Allah and Hassanien (2018) [91] presented a novel binary bat algorithm (NBBA) to 

solve 0-1 knapsack problems. The proposed algorithm combines two important phases: binary bat 

algorithm (BBA) and local search scheme (LSS). The bat algorithm enables the bats to enhance 

the exploration capability while LSS aims to boost the exploitation tendencies and, therefore, it 

can prevent the BBA–LSS from the entrapment in the local optima. Moreover, the LSS starts its 

search from BBA found so far. By this methodology, the BBA–LSS enhances the diversity of bats 

and improves the convergence performance. The proposed algorithm is tested on different size 

instances from the literature. Computational experiments show that the BBA–LSS can be promise 

alternative for solving large-scale 0-1 knapsack problems. 

Gherboudj et al. (2012) [92] proposed a discrete binary cuckoo search (BCS) algorithm in 

order to deal with binary optimization problems. To get binary solutions, this paper used a sigmoid 

function similar to that used in the binary particle swarm optimization algorithm. Computational 

results on some knapsack problem instances and multidimensional knapsack problem instances 

show the effectiveness of the proposed algorithm and its ability to achieve good quality solutions. 

Feng et al. (2017) [93] presented a novel binary monarch butterfly optimization (BMBO) 

method, intended for addressing the 0–1 knapsack problem (0–1 KP). Two tuples, consisting of 

real-valued vectors and binary vectors, are used to represent the monarch butterfly individuals in 

BMBO. Real-valued vectors constitute the search space, whereas binary vectors form the solution 

space. In other words, monarch butterfly optimization works directly on real-valued vectors, while 

solutions are represented by binary vectors. Three kinds of individual allocation schemes are 

tested in order to achieve better performance. Toward revising the infeasible solutions and 

optimizing the feasible ones, a novel repair operator, based on greedy strategy, is employed. 

Comprehensive numerical experimentations on three types of 0–1 KP instances are carried out. 

The comparative study of the BMBO with four state-of-the-art classical algorithms clearly points 



toward the superiority of the former in terms of search accuracy, convergent capability and 

stability in solving the 0–1 KP, especially for the high-dimensional instances. 

Huang et al. (2019) [94] proposed a binary multi-scale quantum harmonic oscillator 

algorithm (BMQHOA) with genetic operator for solving 0-1 knapsack problem. The framework of 

BMQHOA is consisted of three nested phases including energy level stablization, energy level 

decline and scale adjustment. In BMQHOA, the number of different bits between solutions is 

defined as the distance between solutions to map the continuous search space into the discrete 

search space. Repair operator with greedy strategy is adopted in BMQHOA to guarantee the 

knapsack capacity constraint. The current best solution is used to perform a random mutation with 

the origin solutions, making solutions evolve towards the current optimal solution. The 

performance of BMQHOA is evaluated on two low-dimensional and three high-dimensional KP01 

data sets, and computational results are compared with several state-of-art 0-1 knapsack 

algorithms. Experimental results demonstrate that the proposed BMQHOA can get the best 

solutions of most knapsack data sets, and performs well on convergence and stability. 

Zhou et al. (2018) [95] proposed a new binary version of hybrid symbiotic organisms search 

algorithm based on harmony search with greedy strategy for solving 0-1 knapsack problems. A 

greedy strategy is employed to repair the infeasible solution and optimization the feasible solution. 

The experiments are carried out in small-scale and large-scale knapsack problem instances. 

Authors report on computational experiments which are compared with the results achieved with 

other state-of-the-art approaches. The results demonstrate the performance of the proposed 

method. 

Abdel-Basset et al. (2020) [96] proposed a binary version of marine predators algorithm 

(MPA) for solving the 0–1 knapsack (KP01) problem. To develop the binary variant of MPA 

(BMPA), a wide range of V-Shaped and S-shaped transfer functions is investigated for mapping 

continuous values to binary. The performance of a binary algorithm is first shown to heavily rely 

on the selection of an appropriate transfer function on a specific dataset. The performance of the 

proposed BMPA algorithm is then tested on a set of KP01 problems and compared to a number of 

existing algorithms. The results demonstate the merits of the BMPAs proposed in this work. 

Kong et al. (2015) [97] provided a new simplified binary harmony search (SBHS) algorithm 

to tackle such NP-hard problems arising in diverse research fields. The key difference between 



SBHS and other HS methods is in the process of improvisation. The differences among harmonies 

stored in harmony memory rather than the pitch adjustment rate (PAR) and step bandwidth (bw) 

are employed to produce new solutions and this can greatly alleviate the burden of setting these 

important factors manually. Moreover, the harmony memory considering rate (HMCR) is 

dynamically adjusted in terms of the dimension size to improve convergence of the algorithm. 

Therefore, the proposed method does not require any tedious process of proper parameter setting. 

To further enhance the population diversity, a specific heuristic based local search around 

infeasible solutions is carried out to obtain better quality solutions. A set of 10 low dimensional 

knapsack problems as well as large scale instances with up to 10,000 items are used to test the 

effectiveness of the proposed algorithm. Extensive comparisons are made with the most 

well-known state-of-the-art HS methods including 9 continuous versions and 5 binary-coded 

variants. The results reveal that the proposed algorithm can obtain better solutions in almost all 

cases and outperforms the other considered HS methods with statistical significance, especially for 

the large-scale problems. 

Zhou et al. (2016) [98] proposed a binary version of the monkey algorithm (MA) where the 

greedy algorithm is used to strengthen the local search ability, the somersault process is modified 

to avoid falling into local optimal solutions, and the cooperation process is adopted to speed up the 

convergence rate of the algorithm. To validate the efficiency of the proposed algorithm, 

experiments are carried out with various data instances of 0-1 knapsack problems and the results 

are compared with those of five meta-heuristic algorithms. 

Abdel-Basset et al. (2018) [99] proposed a new binary version of the flower pollination 

algorithm (BFPA) for solving 0–1 knapsack problem. The standard flower pollination algorithm 

(FPA) is used for the continuous optimization problems. So, a transformation function is used to 

convert the continuous values generated from FPA into binary ones. A penalty function is added to 

the evaluation function to give negative values for the infeasible solutions. The infeasible 

solutions are treated by using a two-stage repair operator called flower repair. Experimental results 

have proved the superiority of BFPA over other algorithms. 

Binary wolf pack algorithm (BWPA) is a kind of intelligence algorithm which can solve 

combination optimization problems in discrete spaces. On the basis of BWPA, Guo and Liu (2017) 

[100] proposed an improved binary Wolf pack algorithm (AIBWPA) adopting adaptive step length 



and improved update strategy of wolf pack. AIBWPA is applied to 10 classic 0-1 knapsack 

problems and compared with BWPA, DPSO, which proves that AIBWPA has higher optimization 

accuracy and better computational robustness. AIBWPA makes the parameters simple, protects the 

population diversity and enhances the global convergence. 

Binary particle swarm optimization (BPSO) algorithm can map the original continuous 

searching space to the binary searching space by introducing a new velocity transfer function. Sun 

et al. (2021) [101] proposed a binary particle swarm optimization algorithm based on Z-shaped 

probability transfer function for the 0-1 knapsack problem. In order to solve the shortcomings of 

BPSO algorithm based on S-shaped and V-shaped probability functions that it is easy to fall into 

local optima and slow convergence speed, a new probability function (Z-shaped transfer function) 

was proposed. Then a penalty function strategy is adopted to deal with the violation of the 

constraint solutions. In order to verify the effectiveness of the proposed algorithm, the BPSO 

algorithm based on the Z-shaped transfer function with different parameters was used to solve the 

typical 0-1 knapsack problems, which is compared with the BPSO algorithm based on the S-shape 

and the V-shape transfer functions. Simulation experiment results show that the proposed 

Z-shaped probability transfer function improves the convergence speed and optimization accuracy 

of the BPSO algorithm. 

Abdollahzadeh et al. (2021) [102] presented an enhanced binary slime mould algorithm 

(SMA) for solving the 0–1 knapsack problem at different scales. In the presented binary SMA, 

eight different transfer functions have been used and evaluated. The transfer function, which has 

performed better than others, has been proposed for the subsequent experiments. The Bitwise and 

Gaussian mutation operators are used to enhance the performance of the proposed binary SMA. 

Furthermore, a penalty function and a repair algorithm are used to handle infeasible solutions. The 

proposed method’s performance was evaluated statistically on 63 standard datasets with different 

scales. The obtained results from the proposed method were compared with ten state-of-the-art 

methods. The results indicated the superiority of the proposed methods. 

Abdel-Basset et al. (2020) [103] proposed a binary version of equilibrium optimization 

(BEO) for the tackling 0-1 knapsack problem characterized as a discrete problem. Because the 

standard equilibrium optimizer (EO) has been proposed for solving continuous optimization 

problems, it must be converted into a discrete one to solve binary problems. Hence, eight transfer 



functions including V-Shaped and S-Shaped are employed to convert continuous EO to Binary EO 

(BEO). Among those transfer functions, this study demonstrates that V-Shaped V3 is the best one. 

It is also observed that the sigmoid S3 transfer function can be beneficial more than V3 for 

improving the performance of other algorithms employed in this paper. In addition, authors use the 

penalty function to sift the infeasible solution from the solutions of the problem and apply a repair 

algorithm (RA) for converting them to feasible solutions. The performance of the proposed 

algorithm is evaluated on three benchmark datasets with 63 instances of small-, medium-, and 

large-scale and compared with a number of the other algorithm proposed for solving 0-1 knapsack 

under different statistical analyses. The experimental results demonstrate that the BEOV3 

algorithm is superior on all the small-, medium-scale case studies. Regarding the large-scale test 

cases, the proposed method achieves the optimal value for 13 out of 18 instances. 

Cao et al. (2017) [104] proposed a modified artificial bee colony algorithm BABC-DE 

(Binary artificial Bee Colony Algorithm and Differential Evolution) to solve KP01. In BABC-DE, 

a new binary searching operator which comprehensively considers the memory and neighbour 

information is designed in the employed bee phase, and the mutation and crossover operations of 

differential evolution are adopted in the onlooker bee phase. In order to make the searching 

solution feasible, a repair operator based on greedy strategy is employed. Experimental results on 

different dimensional KP01s verify the efficiency of the proposed method, and it gets superior 

performance compared with other five metaheuristic algorithms. 

4.3 Complex-valued encoding 

 Zhou et al. (2016) [105] proposed a novel complex-valued encoding bat algorithm (CPBA) 

for solving 0–1 knapsack problem. The complex-valued encoding method which can be 

considered as an efficient global optimization strategy is introduced to the bat algorithm. Based on 

the two-dimensional properties of the complex number, the real and imaginary parts of complex 

number are updated separately. The proposed algorithm can effectively diversify bat population 

and improving the convergence performance. The CPBA enhances exploration ability and is 

effective for solving both small-scale and large-scale 0–1 knapsack problem. Finally, numerical 

simulation is carried out, and the comparison results with some existing algorithms demonstrate 

the validity and stability of the proposed algorithm. 

 Zhou et al. (2017) [106] presented a complex-valued encoding wind driven optimization 



(CWDO) with a greedy strategy for the 0-1 knapsack problem. Authors introduced a 

complex-value encoding method, which can be viewed as an effective global optimization strategy, 

and a greedy strategy, which can be viewed as an enhanced local search strategy into wind driven 

optimization. These strategies increase the diversity of the population and avoid premature 

convergence. This paper presents three types of test cases for evaluation: standard, small-scale, 

and large-scale test cases. The experimental results show that the proposed algorithm is suitable 

for these three cases. Compared to the complex valued cuckoo search algorithm, greedy genetic 

algorithm, wind driven optimization, binary cuckoo search algorithm, bat algorithm and particle 

swarm optimization, the performance, stability, and robustness of the CWDO algorithm is better. 

The simulation results show that the CWDO algorithm is an effective and feasible method for 

solving the 0-1 knapsack problem. 

The crow search algorithm is a novel swarm intelligence optimization algorithm. Aiming 

at the shortcomings of the crow search algorithm, Zhou et al. (2022) [107] proposed a complex 

coding crow search algorithm (CCSA) to enhance its detection ability. A greedy algorithm is 

introduced into the algorithm to balance detection and development and enhance the optimization 

accuracy. And use the Sigmoid function to discretize the CCSA algorithm to solve the 0–1 

knapsack problem. 

4.4 Quantum encoding 

Pavithr and Gursaran (2016) [108] were inspired by Q-bit representation and parallelism and 

the success of quantum-inspired evolutionary algorithms. A quantum-inspired Social Evolution 

algorithm (QSE) is proposed by combining social evolutionary algorithms with emerging 

quantum-inspired evolutionary algorithms. The proposed QSE algorithm is studied on a well 

known 0-1 knapsack problem and the performance of the algorithm is compared with various 

evolutionary, swarm and quantum inspired evolutionary algorithm variants. The results indicate 

that, the performance of QSE algorithm is better than or comparable with the different 

evolutionary algorithmic variants tested with. 

Gao et al. (2018) [109] proposed a Quantum-Inspired wolf pack algorithm (QWPA) based 

on quantum encoding to enhance the performance of the wolf pack algorithm (WPA) to solve the 

0-1 knapsack problems. There are two important operations in QWPA: quantum rotation and 

quantum collapse. The first step enables the population to move to the global optima and the 



second step helps to avoid the trapping of individuals into local optima. Ten classical and four 

high-dimensional knapsack problems are employed to test the proposed algorithm, and the results 

are compared with other typical algorithms. The statistical results demonstrate the effectiveness 

and global search capability for knapsack problems, especially for high-level cases. 

Wang and Wang (2021) [110] proposed a quantum-inspired differential evolution algorithm 

with grey wolf optimizer (QDGWO) to enhance the diversity and convergence performance and 

improve the performance in high-dimensional cases for 0-1 knapsack problems. The proposed 

algorithm adopts quantum computing principles such as quantum superposition states and 

quantum gates. It also uses adaptive mutation operations of differential evolution, crossover 

operations of differential evolution, and quantum observation to generate new solutions as trial 

individuals. Selection operations are used to determine the better solutions between the stored 

individuals and the trial individuals created by mutation and crossover operations. In the event that 

the trial individuals are worse than the current individuals, the adaptive grey wolf optimizer and 

quantum rotation gate are used to preserve the diversity of the population as well as speed up the 

search for the global optimal solution. The experimental results for 0-1 knapsack problems 

confirm the advantages of QDGWO with the effectiveness and global search capability for 

knapsack problems, especially for high-dimensional situations. 

Hota and Pat (2011) [111] extended the concept of differential operators with adaptive 

parameter control to the quantum paradigm and proposed the adaptive quantum-inspired 

differential evolution algorithm (AQDE). The performance of AQDE is found to be significantly 

superior as compared to QEA and a discrete version of DE on the standard 0-1 knapsack problem 

for all the considered test cases. 

4.5 Discrete encoding 

Aiming at the drawbacks of the selection operator in the traditional differential evolution 

(DE), Guo et al. (2014) [112] proposed a novel discrete differential evolution (TDDE) for solving 

0-1 knapsack problem. In TDDE, an enhanced selection operator inspired by the principle of the 

minimal free energy in thermodynamics is employed, trying to balance the conflict between the 

selective pressure and the diversity of population to some degree. An experimental study is 

conducted on twenty 0-1 knapsack test instances. The comparison results show that TDDE can 

gain competitive performance on the majority of the test instances. 



Zhang and Liu (2019) [113] studied integrated a discrete search equation to develop a 

discrete improved artificial bee colony (DiABC) algorithm. A random binary population was 

added in the initialization. The current optimal solution was then introduced into the search 

equations for worker and onlooker bees to effectively enhance the convergence accuracy of the 

algorithm. And a new selection method on scout bees was proposed. Eighteen benchmark 

knapsack problems (KPs) experiments were conducted, of which the results validated the 

effectiveness of the DiABC algorithm in optimizing the KPs. 

Bhattacharjee and Sarmah (2014) [114] proposed a modified discrete shuffled frog leaping 

algorithm (MDSFL) to solve 01 knapsack problems. The proposed algorithm includes two 

important operations: the local search of the ‘particle swarm optimization’ technique; and the 

competitiveness mixing of information of the ‘shuffled complex evolution’ technique. Different 

types of knapsack problem instances are generated to test the convergence property of MDSFLA 

and the result shows that it is very effective in solving small to medium sized knapsack problems. 

Further, computational experiments with a set of large-scale instances show that MDSFL can be 

an efficient alternative for solving tightly constrained 01 knapsack problems. 

The Gravitational Search Algorithm (GSA) has been proposed for solving continues 

problems based on the law of gravity. Razavi and Sajedi (2015) [115] proposed a Cognitive 

Discrete GSA (called CDGSA) for solving 0-1 knapsack problem. The GSA has used a function of 

time to determine the number of the best particles for attracting others in each time, while the 

author main idea is based on attracting each particle with two cognitive and social components. 

The cognitive component contains the best position of the particles up to now, while the social 

component contains the particle with the best position in the whole of the system at the current 

time and the particles with the best position in the neighborhood. In the other words, the cognitive 

component is such an appropriate actuator for embedding in the intelligent agents like robots. 

Such intelligent agent or robot is guided in the right direction with the help of its best previous 

position. Finally, by introducing discrete version of this idea, the efficiency of the proposed 

algorithm is measured for 0-1 knapsack problem. Experimental results on some benchmark and 

high dimensional problems illustrate that the proposed algorithm has gained the better accuracy in 

comparison of the other similar methods. 

4.6 Others encoding 



DNA computing is a new computational paradigm that executes parallel computation with 

DNA molecules. Some researches in DNA computing have been presented to solve computational 

problems such as NP-complete problems in polynomial increasing time by using its super parallel 

and high density power. Ye and Zhang (2013) [116] proposed an encoding and computing method 

to solve 0-1 knapsack problem. The encoding method is described to generate superior DNA 

strands with fewer errors according to the characteristics of DNA sequences. Then the computing 

algorithm replicate the strands which expressed as the weight of items and take the combination of 

every DNA strand to form double stranded DNA sequences in order to find out the optimal 

solution. The results demonstrate the superiority of the proposed method, which may be used to 

resolve different NP-hard problems by adjusting the DNA-based procedures. 

In previous studies DNA molecular computation usually be used to solve NP-complete 

continuous path search problems (for example HPP, traveling salesman problem), rarely for NP 

problems with discrete solutions result, such as the 0-1 knapsack problem, graph coloring problem. 

Ji, et al. (2017) [117] presented a new algorithm for solving the 0-1 knapsack problem with DNA 

molecular operations. For 0-1 knapsack problem with n distinct items, weight capacity C and total 

profits W, we reasonably design fixed length DNA strands representing items, take appropriate 

steps and get the solutions of the problem in proper length range using O (n + C + W) time. This 

paper extended the application of DNA molecular operations and simultaneity simplifies the 

complexity of the computation. 

Membrane computing is a kind of distributed and parallel computing model inspired by a 

biological cell mechanism. The maximum parallelism of membrane computing improves the 

computational efficiency of its computational model. Ye L, et al. (2019) [118] proposed a tissue P 

system named 𝛱𝐾𝑃  to solve the 0-1 knapsack problem, which is one of the classical NP-hard 

problems. 𝛱𝐾𝑃  could obtain the accurate solutions of knapsack problem and points out the 

number of accurate solutions, which mainly consists of three stages: first, generate all the 

solutions of knapsack problem by a cell division; then calculate the weights and total values in all 

the candidate membranes, which will be kept or dissolved according to the restriction of knapsack 

problem; and check out the final solutions. The instances are executed on a membrane simulator 

named UP Simulator, and the result of the experiments shows the whole searching procedure by 

the rules and proves the correctness and efficiency of the system. 



The dragonfly algorithm (DA) is a new intelligent algorithm based on the theory of dragonfly 

foraging and evading predators. DA exhibits excellent performance in solving multimodal 

continuous functions and engineering problems. To make this algorithm work in the binary space, 

Wang et al. [119] introduced an angle modulation mechanism on DA (called AMDA) to generate 

bit strings, that is, to give alternative solutions to binary problems, and uses DA to optimize the 

coefficients of the trigonometric function. Further, to improve the algorithm stability and 

convergence speed, an improved AMDA, called IAMDA, is proposed by adding one more 

coefficient to adjust the vertical displacement of the cosine part of the original generating function. 

To test the performance of IAMDA and AMDA, 12 zero-one knapsack problems are considered 

along with 13 classic benchmark functions. Experimental results prove that IAMDA has a superior 

convergence speed and solution quality as compared to other algorithms. 

 

5. Conclusion and future work 

Knapsack problem (KP) is one of the important NP-complete problems in computer science and 

a classical combinatorial optimization problem as well.  The 0-1 KP is the most common among 

the entire family of KP, in which the number of copies of each kind of item is only limited to 1 or 

0. Generally speaking, if the classification of these methods that are used to solve such problems is 

based on the nature of the algorithm, they can be simply divided into two categories: exact 

methods and heuristic methods. In the worst case, the exact method takes a long time to get a 

satisfactory solution. Nevertheless, nature-inspired meta-heuristic algorithms perform powerfully 

and efficiently in solving the diverse optimization problems, including combinatorial problem. 

Therefore, this paper mainly summarizes the use of meta-heuristic algorithm to solve the 0-1 

knapsack problem, and divides the existing 0-1 knapsack problem into 6 types according to 

different coding methods of the algorithm. The same algorithm takes the typical one as a represent. 

It can be concluded that the meta-heuristic method is a very effective method for solving the 0-1 

knapsack problem, different encoding methods have different effects on the results of solving the 

problem, and each optimization algorithm is useful and suitable for 0-1 heuristic for the knapsack 

problem. So, there is no generic optimizer which may solve all categories of problems (No Free 

Lunch Theory). 

For future advancements, our studies may include randomized time-varying knapsack 



problems (RTVKP), discounted {0-1} knapsack problem (DKP), and multidimensional knapsack 

problem (MKP), multi-objective optimization problems, and so on. 
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