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Abstract 

 
The Leaders and Followers (LaF) algorithm, as a relatively recent metaheuristic compared to other well-established 

algorithms, has demonstrated strong performance in solving continuous constrained optimization problems, the balanced 

transportation problem, and the traveling salesman problem. The distinctive feature of the LaF algorithm lies in its dual-

population structure, where two groups operate with different roles, namely exploration and exploitation, to balance 

search diversity and convergence. This design effectively prevents premature convergence. In this study, the LaF 

algorithm is applied to address the binary knapsack problem. The proposed algorithm was evaluated using a well-

established benchmark dataset for this problem. The results indicate that the LaF algorithm exhibits stable performance 

in solving binary knapsack problems with moderately sized capacities and outperforms several other metaheuristic 

algorithms. 
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1. INTRODUCTION 

The Leaders and Followers (LaF) algorithm is a relatively recent metaheuristic that has its distinctive 

dual-population design and promising performance in optimization. Unlike traditional metaheuristics that 

rely on a single population for search and solution refinement, LaF employs two separate populations with 

complementary roles: leaders focus on exploitation to refine high-quality solutions, while followers perform 

exploration to maintain search diversity. This structure effectively mitigates early elitism and reduces the risk 

of premature convergence, which are common challenges in metaheuristic optimization. 

Originally proposed by [1], the LaF algorithm has demonstrated strong performance in continuous 

constrained optimization problems, balanced transportation problems, and combinatorial optimization 

problems such as the traveling salesman problem (TSP) [2], [3], [4]. Its adaptive balance between exploration 

and exploitation makes it a versatile approach capable of handling both complex search landscapes and 

diverse problem domains. These promising results naturally raise the question of how robust and versatile the 

LaF algorithm is when applied to other widely studied combinatorial optimization problems, including the 

binary knapsack problem. 

The knapsack problem is a combinatorial optimization problem that finds widespread application 

across various fields. Being classified as an NP-complete problem, research on finding effective and efficient 

ways to solve this problem is of paramount importance. The knapsack problem finds applications in various 

real-world scenarios, such as resource allocation in logistics [5], [6], portfolio optimization in finance [7], [8], 

scheduling tasks in project management [9], [10], advertising campaign optimization[11], [12], and 

optimizing bandwidth usage in telecommunication networks [6], [13]. In logistics, it helps in determining the 

optimal selection of items for transportation within constrained capacities, while in finance, it aids in 

constructing investment portfolios with maximum returns given limited resources. Similarly, in project 

management, it assists in scheduling tasks to meet deadlines and resource constraints. The versatility of the 

knapsack problem makes it a valuable tool across diverse domains, driving the need for innovative 

algorithms to efficiently tackle its complexities and deliver practical solutions. 

https://creativecommons.org/licenses/by-sa/4.0/
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Basically, the knapsack problem is an optimization problem where a knapsack with a capacity 

constraint is given, and the goal is to determine which items can be included in the knapsack without 

exceeding its capacity while maximizing profit. This problem was first introduced by Dantzig [14] in the 

mid-20th century and has since garnered significant attention in the field of optimization. Over decades, 

numerous research efforts have been undertaken to discover the most efficient and effective algorithms to 

solve the knapsack problem [15]. There are many variants of the knapsack problem developed, and the most 

basic version is the 0-1 knapsack problem, also known as the binary knapsack problem. In this version, items 

can only be either fully included or not included at all in the knapsack. It is like packing a bag for a trip 

where each item must either go in the bag completely or stay out.  

According to [16], despite the apparent simplicity of its mathematical formulation, the binary 

knapsack problem remains difficult to solve due to its NP-hard nature, which poses significant computational 

challenges in finding optimal solutions within a reasonable time, especially as the problem size increases. 

Generally, the techniques for solving the binary knapsack problem can be divided into two groups, namely 

exact techniques and approximation or metaheuristic techniques [17]. Since the knapsack problem is NP-

hard, the exact technique can only perform well where the capacity of the knapsack and the weights of the 

items are relatively small. For larger instances, exact techniques may not be feasible due to the exponential 

time complexity of exploring all possible combinations of items. Therefore, the approximation algorithms or 

heuristic methods are often used to find near-optimal solutions in a reasonable amount of time. There are 

many heuristic methods used to solve the binary knapsack problem, such as the Evolutionary Algorithm [18], 

Differential Evolution (DE) [19], Genetic Algorithm (GA) [20], Particle Swarm Optimization [21], Frog 

Leaping Algorithm [22], Binary Kepler Optimization Algorithm [17], Harmony Search (HS) Algorithm [23], 

Firefly Algorithm (FA) [24], and Quantum-inspired Social Evolution (QSE) algorithm [25]. Thus, in this 

paper, the performance of LaF is evaluated and compared to the others. 

 

2. METHODS 

2.1. Binary Knapsack Problem 

The binary knapsack problem (known as 0-1 knapsack problem) is a classical combinatorial 

optimization problem that revolves around a scenario where a knapsack of limited capacity must be filled 

with a selection of items, each characterized by a weight and a value [26]. The objective is to maximize the 

total value of the items included in the knapsack while ensuring that the combined weight does not exceed 

the knapsack's capacity [27]. Crucially, items can only be selected or rejected, hence the term is "binary" 

knapsack. 

The mathematical model of the Binary Knapsack Problem is as follows: 

 

𝑀𝑎𝑥 𝑓(𝑥) = ∑ 𝑣𝑖𝑥𝑖
𝑛
𝑖                                                                          (1) 

 

Subject to 

 
∑ 𝑤𝑖𝑥𝑖

𝑛
𝑖 ≤ 𝐶                                                                              (2) 

 

Where item set 𝑈 = {𝑢1, 𝑢2, … , 𝑢𝑛}, 𝑥𝑖 = 0 𝑜𝑟 1, 𝑖 = 1, 2, … , 𝑛. The 𝑥𝑖 = 1 if item 𝑢𝑖 is selected and loaded 

into the knapsack, whereas   if item   is not selected for loading into the knapsack. 𝑤𝑖  denotes the weight of𝑢𝑖   

and 𝑣𝑖 indicates the value or profit of 𝑢𝑖. 

 

2.2. Leaders and Followers Algorithm for the Binary Knapsack Problem 

LaF algorithm is a metaheuristic algorithm that employs two distinct populations: LaF. Each 

population comprises an equal number of elements but serves different functions. The Leaders population 

stores promising solutions, potentially global optima, while the Followers population explores new 'attraction 

basins,' which are sets of solutions containing local optima. To mitigate premature convergence, LaF refrains 

from directly comparing newly discovered solutions with the current best solution. 

Initially, the populations are generated randomly. Given the combinatorial nature of the binary 

knapsack problem, each individual in the population is represented by an array of 0s and 1s of length. After 

that, new solutions are created through a mating process involving a randomly selected leader (an individual 

from the Leaders population) and a randomly selected follower (an individual from the Followers 

population). In this paper, one-point crossover, which is commonly employed in Genetic Algorithms (GAs) 

[28], is utilized as the mating technique. One point is randomly selected and the crossover is conducted based 

on the point. There are two new solutions created, but only the better one is selected to be the trial. These 

newly generated solutions (trials) are then compared with the followers, which are their parents. If a trial is 

superior to the follower, it replaces the follower's position within the Followers population. 

The process after that has slighty change from the original LaF algorithm by [1]. The algorithm 

conducts elitism to store the best found solution as the first leader in its population. This is important as at 
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many times, there are already the optimal solution in the population, but then it is removed because it is not 

selected in the selection process. Another change is the comparison between median value of both 

population. In the original algorithm the comparison determines whether there will be update in Leaders 

population or not. If the median of Followers population is higher or equal than the Leaders population, the 

algorithm will do the replacement process. In this paper, the comparison of median values is replaced by 

taking a random value between 0 to 1. If the value is higher than 0.5, then the replacement in Leaders 

population is conducted. If it is not or the replacement process finished, the algorithm continue to randomly 

generate the new Follower population and repeat the process until the termination criterion. 

The replacement process is basically a binary tournament selection between a random pair of leader 

and follower. The winners will replace the current leaders in the Leaders population, except for the first 

index, which is reserved for the current best solution. 

 

2.3. Algorithm Evaluation 

The dataset used for evaluating the proposed algorithm is presented in Table 1. The problem p01-p08 

are from : “https://people.sc.fsu.edu/~jburkardt/datasets/knapsack_01/knapsack_01.html”. Each problem was 

evaluated in twenty-five independent runs. The population size was 100 and the iteration stop after there is no 

better solution in 1000 consecutive iterations. To handle the infeasible solutions, the objective function is 

subtracted with a penalty value of 1000×max(0, total weight – Capacity), if there was constraint violation. 

The algorithm was run on Windows 11 with a 12th Gen Intel® Core™ i7-1255U (1.70 GHz) processor and 

16 GB of RAM, using Python 3.13.2. The evaluation results were then compared to the results reported by 

other algorithms in their papers: DE [19], original FA [24], FA of Attractiveness and Movement (FA-AM) 

[24], Attractiveness FA (A-FA) [24], Movement-FA (M-FA) [24], HS [29], Greedy Search Algorithm (GSA) 

[30], Dynamic Programming (DP) [30], Branch and Bound (BB) [30], GA [30], Simulated Annealing (SA) 

[30], Greedy Search Algorithm (GSA) [30], and Discrete Shuffled Frog Algorithms (SF) [22]. 

 

Table 1. Dataset 

Dataset Dimension Parameter (weight, profit) Capacity 

p01 10 Weights: 23, 31, 29, 44, 53, 38, 63, 85, 89, 82 

Profits: 92, 57, 49, 68, 60, 43, 67, 84, 87, 72 

165 

p02 5 Weights: 12, 7, 11, 8, 9 

Profits: 24, 13, 23, 15, 16 

26 

p03 6 Weights: 56, 59, 80, 64, 75, 17 

Profits: 50, 50, 64, 46, 50, 5 

190 

p04 7 Weights: 31, 10, 20, 19, 4, 3, 6 

Profits: 70, 20, 39, 37, 7, 5, 10 

50 

p05 8 Weights: 25, 35, 45, 5, 25, 3, 2, 2 

Profits: 350, 400, 450, 20, 70, 8, 5, 5 

104 

p06 7 Weights: 41, 50, 49, 59, 55, 57, 60 

Profits: 442, 525, 511, 593, 546, 564, 617 

170 

p07 15 Weights: 70, 73, 77, 80, 82, 87, 90, 94, 98, 106, 110, 113, 115, 118, 120 

Profits: 135, 139, 149, 150, 156, 163, 173, 184, 192, 201, 210, 214, 221, 

229, 240 

750 

p08 24 Weights: 382745, 799601, 909247, 729069, 467902, 44328, 34610, 

698150, 823460, 903959, 853665, 551830, 610856, 670702, 488960, 

951111, 323046, 446298, 931161, 31385, 496951, 264724, 224916, 

169684 

Profits: 825594, 1677009, 1676628, 1523970, 943972, 97426, 69666, 

1296457, 1679693, 1902996, 1844992, 1049289, 1252836, 1319836, 

953277, 2067538, 675367, 853655, 1826027, 65731, 901489, 577243, 

466257, 369261 

6404180 

f01 10 Weights: 95, 4, 60, 32, 23, 72, 80, 62, 65, 46 

Profits: 55, 10, 47, 5, 4, 50, 8, 61, 85, 87 

269 

f02 20 Weights: 92, 4, 43, 83, 84, 68, 92, 82, 6, 44, 32, 18, 56, 83, 25, 96, 70, 

48, 14, 58 

Profits: 44, 46, 90, 72, 91, 40, 75, 35, 8, 54, 78, 40, 77, 15, 61, 17, 75, 

29, 75, 63 

878 

f03 4 Weights: 6, 5, 9, 7 

Profits: 9, 11, 13, 15 

20 

f04 4 Weights: 2, 4, 6, 7 

Profits: 6, 10, 12, 13 

11 

f05 15 Weights: 56.358531, 80.87405, 47.987304, 89.59624, 74.660482, 

85.894345, 51.353496, 1.498459, 36.445204, 16.589862, 44.569231, 

0.466933, 37.788018, 57.118442, 60.716575 

Profits: 0.125126, 19.330424, 58.500931, 35.029145, 82.284005, 

375 

https://people.sc.fsu.edu/~jburkardt/datasets/knapsack_01/knapsack_01.html
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Dataset Dimension Parameter (weight, profit) Capacity 

17.41081, 71.050142, 30.399487, 9.140294, 14.731285, 98.852504, 

11.908322, 0.89114, 53.166295, 60.176397 

f06 10 Weights: 30, 25, 20, 18, 17, 11, 5, 2, 1, 1 

Profits: 20, 18, 17, 15, 15, 10, 5, 3, 1, 1 

60 

f07 7 Weights: 31, 10, 20, 19, 4, 3, 6 

Profit: 70, 20, 39, 37, 7, 5, 10 

50 

f08 23 Weights: 983, 982, 981, 980, 979, 978, 488, 976, 972, 486, 486, 972, 

972, 485, 485, 969, 966, 483, 964, 963, 961, 958, 959 

Profits: 81, 980, 979, 978, 977, 976, 487, 974, 970, 485, 485, 970, 970, 

484, 484, 976, 974, 482, 962, 961, 959, 958, 857 

10000 

f09 5 Weights: 15, 20, 17, 8, 31 

Profits: 33, 24, 36, 37, 12 

80 

f10 20 Weights: 84, 83, 43, 4, 44, 6, 82, 92, 25, 83, 56, 18, 58, 14, 48, 70, 96, 

32, 68, 92 

Profits: 91, 72, 90, 46, 55, 8, 35, 75, 61, 15, 77, 40, 63, 75, 29, 75, 17, 

78, 40, 44 

879 

 

3. RESULTS AND DISCUSSION 

The evaluation results and comparisons with other algorithms are presented in Tables 2 and 3. For 

p01-p07, f01-f07, f09, and f10, LaF consistently performed well, achieving the optimal solution in every 

repetition and outperforming other algorithms. However, in p08, LaF failed to find the optimal solution, 

although it still outperformed most algorithms, except HS. This discrepancy does not necessarily indicate that 

HS is superior to LaF, as LaF performed better than HS in f01-f08. 

Moreover, LaF struggled with problems involving large capacity values, as evidenced by its slightly 

inferior performance compared to GA in f08, despite outperforming GA in other functions. However, this 

does not imply that GA is superior to LaF, especially considering GA's notably poorer performance in f05. 

Overall, LaF demonstrates superior performance compared to all other algorithms, particularly in solving 

binary knapsack problems with moderately sized capacities. 

 

Table 2. Comparison of Evaluation Results between LaF and other algorithms on p01-p10 

Problem  LaF DE [24] FA [10] 
FA-AM 

[10] 

A-FA 

[10] 

M-FA 

[10] 
HS [11] 

p01 

Best 309 309 309 309 309 309 309 

Mean 309 305 293 305.8 302.6 302.6 - 

Worst 309 284 277 277 277 277 - 

p02 

Best 51 51 51 51 51 51 51 

Mean 51 51 51 51 51 51 - 

Worst 51 51 51 51 51 51 - 

p03 

Best 150 150 150 150 150 150 150 

Mean 150 150 150 150 150 150 - 

Worst 150 150 150 150 150 150 - 

p04 

Best 107 107 107 107 107 107 107 

Mean 107 107 107 107 107 107 - 

Worst 107 107 107 107 107 107 - 

p05 

Best 900 900 900 900 900 900 900 

Mean 900 900 895.6 899.3 894.7 899.2 - 

Worst 900 900 883 895 883 898 - 

p06 

Best 1735 1735 1735 1735 1735 1735 1735 

Mean 1735 1735 1712.3 1726 1717 1712 - 

Worst 1735 1735 1682 1692 1688 1682 - 

p07 

Best 1458 1458 1444 1452 1454 1449 1458 

Mean 1457.6 1456 1431.4 1445.7 1437.7 1440.3 - 

Worst 1455 1448 1415 1437 1430 1434 - 

p08 

Best 13496672 13496748 13399518 13292007 13458609 13334101 13549094 

Mean 13436907.9 13345362 13211679 13199650 13198131 13220431 - 

Worst 13364586 13229190 13114239 13122592 13040689 13092294 - 

 

Table 3. Comparison of Evaluation Results between LaF and other algorithms on f01-f04 

Problem  LaF BB [9] 
DP 

[9] 

GA 

[9] 

GSA 

[9] 
SA [9] 

HS 

[11] 

SF-1 

[12] 

SF-2 

[12] 

SF-3 

[12] 

f1 Best 295 280 295 295 288 294 295 295 295 295 
 Mean 295 - - - - - 167.4 287.8 287.24 291.7 
 Worst 295 - - - - - - 269 253 279 
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Problem  LaF BB [9] 
DP 

[9] 

GA 

[9] 

GSA 

[9] 
SA [9] 

HS 

[11] 

SF-1 

[12] 

SF-2 

[12] 

SF-3 

[12] 

f2 Best 1024 972 1024 1024 1024 972 945 955 958 950 
 Mean 998.7 - - - - - 560.16 868 868,77 872,03 
 Worst 963 - - - - - - 816 815 801 

f3 Best 35 24 35 35 28 35 35 35 35 35 
 Mean 35 - - - - - 26.5 35 35 35 
 Worst 35 - - - - - - 35 35 35 

f4 Best 23 22 23 23 19 22 23 23 23 23 
 Mean 23 - - - - - 14.94 23 23 23 
 Worst 23 - - - - -  23 23 23 

f5 Best 481.07 469.16 477 477 481.07 481.07 481.06 454.42 466.34 481.07 
 Mean 479.08 - - - - - 481.06 402.9 406.41 408.55 
 Worst 469 - - - - -  362.98 356.76 352.35 

f6 Best 52 49 52 52 43 52 52 52 52 52 
 Mean 52 - - - - - 40.57 51.52 51.62 51.63 
 Worst 52 - - - - -  49 49 50 

f7 Best 107 96 107 107 107 107 107 107 107 107 
 Mean 107 - - - - - 52.58 106.79 106.72 106.73 
 Worst 107 - - - - -  105 105 105 

f8 Best 9765 - - 9767 - 9704 9731 9755 9752 9759 
 Mean 9764 - - - - - 7226.6 9736.13 9732.93 9733.47 
 Worst 9761 - - - - - - 9718 9712 9707 

f9 Best 130 - - 130 - - - 130 130 130 
 Mean 130 - - - - - - 130 130 130 
 Worst 130 - - - - - - 130 130 130 

f10 Best 1025 - - 1025 - 973 - 951 952 1010 
 Mean 1005.9 - - - - - - 868.43 874.07 879.9 
 Worst 973 - - - - - - 810 822 811 

   

4. CONCLUSION 

Based on the results and discussion, it can be concluded that the LaF algorithm exhibits stability in 

solving binary knapsack problems with moderately sized capacities and demonstrates superior performance 

compared to other algorithms. However, it encounters challenges when tasked with problems of substantial 

capacity. It is recommended to conduct further investigation using larger populations, additional iterations, 

and different techniques in creating new individual (trials) and enhance the exploration. 
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