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Abstract
To address the shortcomings of the basic bat algorithm, such as its susceptibility
to local optima entrapment and slow convergence speed, optimization research is
conducted. Based on the specific characteristics of the 0-1 knapsack problem and
building upon the original concepts and framework of the basic bat algorithm,
the crossover mechanism from genetic algorithms and the inversion operator
are introduced to establish novel position transition methods and local search
rules. A greedy strategy is incorporated for solution feasibility enhancement and
full utilization, enhancing local search capability and accelerating algorithm
convergence speed, thereby constructing a novel hybrid bat algorithm. The
hybrid bat algorithm is applied to two sets of 0-1 knapsack problem instances,
and the simulation experimental results outperform the adaptive cellular particle
swarm optimization algorithm, the basic bat algorithm, and the greedy binary
bat algorithm. The results verify the feasibility and effectiveness of the hybrid
algorithm in solving the 0-1 knapsack problem.
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Abstract

To address the limitations of the basic bat algorithm—namely, its tendency to
fall into local optima and slow convergence speed—this paper proposes a novel
hybrid bat algorithm tailored to the specific characteristics of the 0-1 knapsack
problem. Building upon the fundamental concepts and framework of the basic
bat algorithm, we introduce the crossover mechanism from genetic algorithms
and an inverse operator to establish a new position transition method and local
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search rule. Additionally, a greedy strategy is incorporated to ensure solution
feasibility and full utilization of resources, thereby enhancing local search capa-
bility and accelerating convergence speed. The proposed hybrid bat algorithm
was applied to two sets of 0-1 knapsack problem instances. Simulation results
demonstrate that it outperforms adaptive cellular particle swarm optimization,
the basic bat algorithm, and the greedy binary bat algorithm, confirming the
feasibility and effectiveness of the hybrid approach for solving 0-1 knapsack
problems.

Key words: 0-1 knapsack problem; bat algorithm; genetic algorithm; inverse
operator; greedy strategy

0 Introduction
The knapsack problem (KP) is a classic NP-Complete combinatorial optimiza-
tion problem in operations research that seeks to maximize the total value of
items loaded into a weight-constrained knapsack. Numerous real-world prob-
lems can be formulated as knapsack problems, including investment decision-
making, task scheduling, cargo loading, and material cutting. Knapsack prob-
lems are generally classified into three categories: 0-1 knapsack problem (0-1
KP), unbounded knapsack problem, and bounded knapsack problem. Among
these, the 0-1 knapsack problem is the most fundamental, containing the essen-
tial design states and equations that underpin other variants, which can often
be transformed into 0-1 knapsack problems for solution.

Since its introduction, the 0-1 knapsack problem has been a focal point of re-
search. Existing solution methods fall into two main categories: exact algo-
rithms and heuristic algorithms. Exact algorithms such as branch and bound,
dynamic programming, backtracking, and greedy methods can obtain optimal
solutions but suffer from combinatorial explosion as the number of items in-
creases, making them impractical for large-scale problems. The emergence of
heuristic algorithms has opened new avenues for addressing these challenges.
Various heuristic approaches have been applied to the 0-1 knapsack problem,
including ant colony optimization, harmony search, genetic algorithms, particle
swarm optimization, wolf pack algorithms, whale optimization, and dragonfly
algorithms. While these methods have achieved certain successes, they also ex-
hibit shortcomings such as premature convergence and slow convergence in later
stages.

To overcome the limitations of single heuristic algorithms, hybrid approaches
have become increasingly popular for solving combinatorial optimization prob-
lems. Examples include hybrid genetic algorithms, ant colony algorithms based
on genetic operators, and genetic algorithms incorporating greedy strategies.
The bat algorithm (BA), proposed by Cambridge scholar Yang Xinshe in 2010
based on the echolocation behavior of bats, offers advantages such as few pa-
rameters, simple structure, and strong robustness. However, like other heuristic
algorithms, the basic bat algorithm is prone to falling into local optima and
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suffers from slow convergence. To address these weaknesses, this paper intro-
duces the crossover mechanism from genetic algorithms to enhance global search
capability, incorporates an inverse operator and greedy strategy to strengthen
local search, and designs a novel hybrid bat algorithm (HBA) specifically for
the 0-1 knapsack problem. Comparative experiments with benchmark instances
from the literature demonstrate that HBA offers significant advantages in both
optimization capability and convergence speed.

Problem Formulation
The 0-1 knapsack problem is a classic combinatorial optimization problem that
can be described as follows: given a knapsack with weight capacity 𝐶 and
𝑛 items each with weight 𝑤𝑖 and value 𝑣𝑖, the objective is to select items to
maximize total value while respecting the knapsack capacity constraint. The
mathematical model is expressed as:

max 𝐹(𝑥) =
𝑛

∑
𝑖=1

𝑣𝑖𝑥𝑖 (1)

s.t.
𝑛

∑
𝑖=1

𝑤𝑖𝑥𝑖 ≤ 𝐶 (2)

𝑥𝑖 = {1, if item 𝑖 is loaded into the knapsack
0, otherwise

∀𝑖 ∈ 𝐼 (3)

where 𝐼 = {𝑖 ∣ 𝑖 = 1, 2, … , 𝑛} is the set of items, 𝑣 = {𝑣𝑖 ∣ 𝑖 = 1, 2, … , 𝑛} is the
set of item values, 𝑤 = {𝑤𝑖 ∣ 𝑖 = 1, 2, … , 𝑛} is the set of item weights, and 𝐶 is
the knapsack capacity. The objective function (1) maximizes the total value of
loaded items, constraint (2) ensures the total weight does not exceed capacity,
and constraint (3) defines the binary decision variables.

2 Hybrid Bat Algorithm
The bat algorithm is an intelligent optimization method that simulates the
echolocation behavior of bat swarms in nature. Individual bats serve as the
basic units of the algorithm, emitting strong ultrasonic waves through their
mouths and nostrils while receiving echoes through their large ear auricles. By
analyzing the time delay between emission and reception, intensity differences
between ears, and waveform variations, bats construct a three-dimensional spa-
tial scene to perceive the distance, direction, and nature of prey or obstacles,
enabling them to devise hunting and avoidance strategies. Algorithmically, this
translates to a population of 𝑠 bats randomly distributed in an 𝑛-dimensional
problem space, where each bat represents a candidate solution and the objec-
tive function value corresponds to solution fitness. The optimization process
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involves iterative adjustment of loudness and pulse emission rate as bats follow
the current global best solution.

2.1 Hybrid Bat Algorithm for 0-1 Knapsack Problem

Originally developed for continuous function optimization, the bat algorithm
has recently been adapted for discrete problems through novel improvements.
To apply the bat algorithm to the 0-1 knapsack problem, we employ binary
encoding for position initialization, introduce genetic algorithm crossover mech-
anisms for position updating, and utilize an inverse operator to construct new
local search rules. This hybrid approach combines the strengths of multiple
techniques to create an effective optimization framework.

2.1.1 Initialization of Bat Positions Based on the binary nature of 0-1
knapsack solutions, we initialize the bat population using binary encoding. Each
bat’s position is represented by a 1×𝑛 dimensional vector 𝑥𝑖 = (𝑥𝑖1, 𝑥𝑖2, … , 𝑥𝑖𝑛),
where 𝑥𝑖𝑗 ∈ {0, 1} for 1 ≤ 𝑗 ≤ 𝑛. When 𝑥𝑖𝑗 = 1, item 𝑗 is loaded into the
knapsack; otherwise, it is not. The mapping relationship is shown in equation
(4):

𝑥𝑖𝑗 = {0-1 knapsack problem (4)

2.1.2 Velocity and Position Update Rules Velocity Update Rule. Due
to the discrete nature of the optimization problem, we eliminate the frequency
parameter 𝑓 from the basic bat algorithm and redefine the velocity of bat 𝑖 as
the Manhattan distance between its position 𝑥𝑖 and the global best bat 𝑥∗. The
velocity update formula for bat 𝑖 at time 𝑡 is:

𝑣𝑡
𝑖 =

𝑛
∑
𝑗=1

|𝑥𝑖𝑗 − 𝑥∗
𝑗| (5)

Position Update Rule. We employ the crossover mechanism from genetic
algorithms for position transitions, where each bat corresponds to a chromosome.
The position update process consists of two main steps:

a) Inheritance of identical genes. The global best bat 𝑥∗ serves as par-
ent 1, and bat 𝑥𝑖 serves as parent 2. By comparing corresponding gene
positions, genes that are identical (both 1 or both 0) are directly inher-
ited by the offspring. For positions where genes differ, the offspring gene
is marked with a wildcard “*“, resulting in an intermediate offspring
position denoted as 𝑥𝑚𝑖𝑑.

b) Wildcard resolution. The number of wildcards in 𝑥𝑚𝑖𝑑 equals 𝑣𝑡
𝑖, which

represents the transition speed of bat 𝑖. A following probability 𝑝𝑓𝑜𝑙 is
introduced to determine how these wildcard positions are resolved, as
shown in equation (6):
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𝑥𝑛𝑒𝑤 = 𝑥𝑚𝑖𝑑(𝑣𝑡
𝑖, 𝑝𝑓𝑜𝑙) (6)

Specifically, when rand > 𝑝𝑓𝑜𝑙, the offspring follows the global best bat and in-
herits the corresponding gene from parent 1; otherwise, it inherits from parent
2. This crossover mechanism allows offspring to inherit excellent genes from par-
ents while maintaining population diversity through the probabilistic following
behavior, thereby mitigating premature convergence. Figure 1 [Figure 1: see
original paper] illustrates the crossover recombination process for 𝑛 = 6.

2.1.3 Local Search We implement two local search strategies: an inverse
operator for searching around the global best bat, and a greedy strategy for
handling infeasible and underutilized solutions.

1) Inverse Operator. Unlike other intelligent optimization algorithms, the
bat algorithm can dynamically balance global and local search by comparing
the pulse emission rate 𝑟𝑖 with a random number. When rand > 𝑟𝑖, a global
best bat is selected from the current best solution set for random walk local
search. Due to the binary encoding scheme, traditional local search methods
are ineffective. We introduce an inverse operator with the following rule: with
inversion probability 𝑝𝑛𝑜𝑡, randomly select 𝑛×𝑝𝑛𝑜𝑡 genes from the global best bat
and invert them (0 becomes 1, 1 becomes 0) to generate a new local solution
𝑥𝑛𝑒𝑤. This random inversion enables the algorithm to escape local optima
as the population becomes increasingly similar during iterations. The specific
optimization method is:

𝑥𝑛𝑒𝑤,𝑗𝑛𝑜𝑡
= {Figure 1 Bat algorithm position update process (7)

where 𝑗𝑛𝑜𝑡 ∈ 𝐽𝑛𝑜𝑡 represents the selected gene positions.

2) Greedy Strategy. As a constrained combinatorial optimization problem,
the 0-1 knapsack problem may generate infeasible solutions (exceeding weight
capacity) during random initialization, position updates, and inverse operator
local search. Directly discarding these solutions would waste valuable search
information and slow convergence. Therefore, we employ a greedy strategy to
repair infeasible solutions: calculate the value-to-weight ratio 𝑣𝑜𝑙𝑖 = 𝑣𝑖/𝑤𝑖 for
loaded items and iteratively remove items with the lowest ratios until the total
weight satisfies the capacity constraint. For feasible solutions that underutilize
knapsack capacity, we similarly apply a greedy strategy: calculate 𝑣𝑜𝑙𝑖 for un-
loaded items and add those with the highest ratios until no further items can be
added without violating the capacity constraint. This greedy strategy is applied
after initialization, position updates, and inverse operator local search to ensure
solution feasibility and full capacity utilization.

2.1.4 Update Rules for Loudness and Pulse Emission Rate As bats
approach prey, their ultrasonic loudness gradually decreases while pulse emission

chinarxiv.org/items/chinaxiv-201805.00487 Machine Translation

https://chinarxiv.org/items/chinaxiv-201805.00487


rate increases. The update formulas for loudness 𝐴𝑡
𝑖 and pulse emission rate 𝑟𝑡

𝑖
are:

𝐴𝑡
𝑖 = 𝛼𝐴𝑡−1

𝑖 (8)

𝑟𝑡
𝑖 = 𝑟0

𝑖 (1 − 𝑒−𝛾𝑡) (9)

where 𝛼 is the loudness attenuation coefficient, 𝛾 is the pulse emission rate
increase coefficient, and 𝑟0

𝑖 is the initial pulse frequency. For any 0 < 𝛼 < 1 and
𝛾 > 0, we observe that 𝐴𝑡

𝑖 → 0 and 𝑟𝑡
𝑖 → 𝑟0

𝑖 as 𝑡 → ∞.

2.2 Algorithm Design for 0-1 Knapsack Problem

The complete hybrid bat algorithm for solving 0-1 knapsack problems is designed
as follows:

a) Initialize bat population. Set population size 𝑠, position 𝑥𝑖, velocity
𝑣𝑖, following probability 𝑝𝑓𝑜𝑙, inversion probability 𝑝𝑛𝑜𝑡, loudness 𝐴0

𝑖 , ini-
tial pulse emission rate 𝑟0

𝑖 , and maximum iterations 𝑁𝑔𝑒𝑛. Initialize bat
positions using equation (4).

b) Update velocity and position. Identify the global best bat 𝑥∗, update
velocity 𝑣𝑡

𝑖 using equation (5), and update position 𝑥𝑛𝑒𝑤 using the genetic
crossover mechanism.

c) Perform local search. If rand > 𝑟𝑖, conduct local search on a selected
global best bat using equation (7) to obtain 𝑥𝑛𝑒𝑤.

d) Update satisfactory solutions. If rand < 𝐴𝑖 and 𝐹(𝑥𝑛𝑒𝑤) < 𝐹(𝑥∗),
update the current satisfactory solution and its objective function value.

e) Update loudness and pulse emission rate. Decrease 𝐴𝑖 using equa-
tion (8) and increase 𝑟𝑖 using equation (9).

f) Rank bats and identify global best. Sort the population and find the
current global best bat 𝑥∗.

g) Check termination. Increment iteration counter 𝑁𝑖𝑡𝑒𝑟 = 𝑁𝑖𝑡𝑒𝑟 + 1. If
𝑁𝑖𝑡𝑒𝑟 > 𝑁𝑔𝑒𝑛, terminate and output results; otherwise, return to step b).

(Note: The greedy strategy for solution feasibility and capacity utilization is
applied after initialization, position updates, and inverse operator local search.)

3 Simulation Experiments and Analysis
To validate the effectiveness of the proposed hybrid bat algorithm, we conducted
experiments using two sets of benchmark instances and compared performance
against state-of-the-art algorithms.
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Experimental Setup

The simulation environment consisted of an Intel(R) CoreTM i5-3320 CPU @
2.60GHz with 2.0 GB RAM, 64-bit Windows 8 operating system, and MAT-
LAB R2015a. For fair comparison, we matched experimental parameters with
those used in comparative studies: population size 𝑠 = 50, maximum iterations
𝑁𝑔𝑒𝑛 = 500, and 𝑇 = 30 independent runs per instance for the first test set;
𝑠 = 50, 𝑁𝑔𝑒𝑛 = 300 (or 500 for convergence analysis), and 𝑇 = 50 runs for
the second test set. Algorithm-specific parameters were set as: initial loudness
𝐴0

𝑖 = 0.25, initial pulse emission rate 𝑟0
𝑖 = 0.5, 𝛼 = 𝛾 = 0.9, following prob-

ability 𝑝𝑓𝑜𝑙 = 0.5, and inversion probability 𝑝𝑛𝑜𝑡 = 0.2 for the first test set;
𝐴0

𝑖 = 0.75, 𝑟0
𝑖 = 0.005, 𝛼 = 0.95, 𝛾 = 0.7 for the second test set.

Test Results

First Test Set: Nine 0-1 knapsack instances from reference [23] were used for
comparison with adaptive cellular particle swarm optimization (ACPSO). Table
1 provides instance dimensions, weight sets 𝑤, value sets 𝑣, knapsack capacities
𝐶, and known optimal values. Table 2 presents the experimental results.

The results show that HBA achieved the optimal value in all 30 runs for in-
stances KP1-KP8 (except KP6 where success rate was still high), while ACPSO
only achieved 100% success on KP1, KP5, and KP8. For KP9, HBA found a bet-
ter solution (4987) than the previously known optimum (4986), demonstrating
superior global search capability. Moreover, HBA required significantly fewer
iterations to converge, as evidenced by the minimum, average, and maximum it-
eration counts. The total computational time was also substantially lower than
ACPSO. Overall, HBA exhibits stronger robustness and faster convergence than
ACPSO.

Second Test Set: Three instances from reference [24] were used for comparison
with the basic bat algorithm (BA) and greedy binary bat algorithm (GBBA).
Table 3 details instance 3, while Tables 4 and 5 present objective value compar-
isons and convergence analysis, respectively.

HBA and GBBA both found optimal solutions for all three instances, while basic
BA only succeeded on instance 1. HBA achieved 100% success rates on instances
1 and 2, and a higher success rate on instance 3 compared to BA and GBBA. The
average solution quality was consistently superior across all instances. Figures 2
[Figure 2: see original paper] through 4 [Figure 4: see original paper] illustrate
the convergence curves, showing that HBA reaches optimal values within fewer
iterations while BA becomes trapped in local optima.

4 Conclusion
This paper addresses the specific characteristics of the 0-1 knapsack problem
by integrating genetic algorithm operators, an inverse operator, and a greedy
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strategy into the basic bat algorithm framework. The resulting hybrid bat algo-
rithm leverages the complementary strengths of these techniques to overcome
the limitations of premature convergence and slow convergence inherent in the
basic bat algorithm. Comprehensive simulation studies demonstrate that the
proposed HBA outperforms adaptive cellular particle swarm optimization, the
basic bat algorithm, and the greedy binary bat algorithm in terms of solution
quality, convergence speed, and robustness. The hybrid bat algorithm repre-
sents an effective and efficient method for solving 0-1 knapsack problems.
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