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Abstract: This article proposes an improved k-means clustering-based co-evolutionary genetic algorithm, which preserves the
individuals closest to the center in each cluster, performs traditional genetic algorithm operations (selection, crossover, mutation) on
the original population, selects the optimal subset of individuals from the new population generated by the genetic algorithm, merges
the individuals retained by K-means with the optimal individuals generated by the genetic algorithm, and forms a new generation
population. This hybrid algorithm combines the global search capability of K-means with the local fine search capability of genetic
algorithm. Finally, this article uses the Alpine and other function to test and analyze the optimization of the final algorithm. The

improved algorithm can quickly jump out of local optima and converge to the global optimum.
Keywords: Co-evolutionary Genetic Algorithm;Improved K-means Clustering;genetic algorithm;population;local optima

1. INTRODUCTION

Co-evolutionary Genetic Algorithms (CGA) is an intelligent
optimization method that integrates evolutionary algorithms
and coevolutionary theory. Its core mechanism simulates the
process of different species (or populations) evolving together
through interactions in nature. Unlike traditional genetic
algorithms that only optimize a single population, CGA
achieves optimization through dynamic interaction of multiple
subpopulations - these populations may be in a competitive,
cooperative, or symbiotic relationship, and the fitness of
individuals is no longer directly calculated by a fixed
function, but depends on the interaction results with other
populations (for example, in a competitive relationship, the
fitness of a predator is determined by the performance of its
prey, while in a cooperative relationship, the population needs
to collaborate to complete tasks in order to achieve high
fitness). This design makes it more suitable for handling
complex, multi-objective, and dynamically changing
problems, especially in scenarios where traditional algorithms
are difficult to model[1].

In practical applications, the advantages and challenges of
CGA coexist. Its advantage lies in strong robustness, which
can handle dynamic problems and multi constraint scenarios,
and reduces the risk of premature convergence through group
interaction; But at the same time, it also faces the problems of
high complexity and high evaluation cost, requiring careful
design of interaction rules to avoid one group excessively
suppressing other groups. At present, CGA has been widely
applied in fields such as game theory (such as chess Al
strategy optimization), multi-objective engineering design
(such as cost and efficiency balance), and distributed systems
(such as multi robot collaboration), and its combination with
deep learning and reinforcement learning is becoming a new
research direction, further expanding its application
boundaries[2].

The K-means clustering algorithm is a classic unsupervised
learning method that divides a dataset into K clusters,
resulting in high similarity within clusters and low similarity
between clusters. It is widely used in fields such as data
mining, pattern recognition, and image segmentation[3].
However, traditional K-means has drawbacks such as
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sensitivity to initial cluster centers, susceptibility to local
optima, and the need to manually specify the number of
clusters K. The improved K-means clustering algorithm
optimizes for these problems, improving clustering
performance and stability.

This article implements a hybrid optimization algorithm that
combines K-means clustering and Co-evolutionary Genetic
Algorithms. This hybrid optimization strategy is particularly
effective in dealing with high-dimensional complex
optimization problems, and can improve convergence speed
while maintaining global search capability.

2. RELATED WORK

As an effective optimization algorithm, the co-evolutionary
genetic algorithm has demonstrated promising application
prospects in multiple fields. Many scholars have proposed
distinctive solutions based on this algorithm for different
practical problems. Here, we will introduce some relevant
research results.Yin Jing et al. proposed an optimization
model for scheduling services of multiple tower cranes with
overlapping areas, while achieving collision free approaches
and methods. A collaborative co evolutionary genetic
algorithm (CCGA) was proposed to solve the model[4].Zhang
Xinyuan et al. solved the above-mentioned problems related
to a small number of lens datasets and introduced the Hilbert
encoded co evolutionary genetic algorithm (HCCGA), which
is a novel image enhancement algorithm designed for
automatic  generation of 3D lookup tables (3D
LUTSs)[5].Zhang Xinyuan et al. proposed a tree structured CC
genetic algorithm (T-CCGA) specifically designed for our
reconstruction task. Our goal is to overcome the limitations of
current reconstruction algorithms and pave the way for more
accurate and efficient ~ fragment reconstruction
methods[6].Kumari Monika and his team implemented a co
evolutionary genetic algorithm in CloudSim simulation tool to
find the optimal cost per configuration[7].Niwa et al.
proposed an algorithm that effectively searches for
dependency relationships between variables by introducing
link trees into the CC method[8].Diniz et al. proposed a
method for joint optimization of transmitter in-phase,
quadrature, and internal polarization time deviations,
amplitude mismatches, and bias voltages. This method is
based on collaborative co evolutionary genetic algorithm, and
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its fitness function is extracted from the directly detected
reference quadrature amplitude modulation (QAM) signal
generated at the transmitter[9].Li, Yuanzhang et al. proposed
a quality of service (QoS) based co evolutionary genetic
algorithm for web service composition, which fully considers
the individual relationships between populations[10].

3. SYSTEM ALGORITHM

3.1 Co-evolution

Co evolution refers to the biological phenomenon in which
two or more species in an ecosystem exert selection pressure
on each other through long-term interactions, leading to the
coordinated adjustment of their adaptive characteristics[11].
This interaction is widely present in relationships between
predators and prey, parasites and hosts, symbiotic organisms,
etc., manifested as adaptive matching between species in
terms of morphology, physiology, behavior, and other aspects.
For example, in the interaction between plants and pollinating
insects, plants may evolve specific floral structures and
chemical signals to attract specific insects, while insects
simultaneously develop adapted feeding organs and
behavioral patterns, which not only ensure their own resource
acquisition but also promote plant reproduction; In the
relationship between hosts and parasites, hosts may evolve
immune defense mechanisms, while parasites may develop
strategies to evade or inhibit these mechanisms. Co evolution
is an important driving force for species adaptive evolution
and is of crucial importance in maintaining the diversity and
stability of ecosystems.

3.2 K-means Clustering

The K-means algorithm uses Euclidean distance as a metric to
cluster samples, and its core idea is to achieve efficient data
partitioning by minimizing the sum of squared distances from
all sample points within the cluster to the corresponding
cluster center. The goal of this algorithm is clear: to minimize
the sum of squared distances between sample points within
each cluster and its center[12]. The essence of this goal is to
maximize the similarity of data within the same cluster,
thereby achieving optimal clustering results. The
mathematical expression formula is as follows:
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Among them, J is the total cost function, K is the number of
clusters, y ® is the | -th data point in class K Ju, is the

cluster center of class K N is the number of samples in
class K .

K-means clustering is a commonly used unsupervised
machine learning algorithm, mainly used to divide a dataset
into K clusters with similar features. The core idea is to
maximize the similarity of data points within a cluster and
minimize the similarity of data points between clusters
through iterative optimization[13]. The specific process is as
follows: first, randomly select K data points as the initial
cluster centers; Then calculate the distance between each data
point and the center of each cluster (usually using Euclidean
distance), and assign the data points to the nearest cluster;
Then recalculate the new cluster center (i.e. the mean of all
data points within the cluster) based on the data points within
each cluster; Repeat the above allocation and update steps
until the change in cluster center is less than the preset
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threshold or reaches the maximum iteration number, and
finally obtain stable clustering results. K-means clustering is
widely used in fields such as data mining, pattern recognition,
and image processing due to its simple implementation and
high computational efficiency.

3.3 Genetic Algorithm

Genetic algorithm (GA) is a meta heuristic algorithm based on
the natural selection process, which is a subcategory of
evolutionary algorithm (EA), which is a broader category.
Genetic algorithms are commonly used to develop high-
quality solutions for optimization and search problems by
relying on biologically inspired operators such as mutation,
crossover, and selection[14].

The design process of GA is shown in the following Figure 1:
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Figure 1 Genetic Algorithm Diagram
The algorithm steps of GA are as follows:

®  Population initialization:Design appropriate
initialization operations based on the characteristics of
the problem to initialize N individuals in the population

®  Individual evaluation:Calculate the fitness value of
individuals in the population based on the optimized
objective function

®  |terative settings:Set the maximum iteration count for
the population and set the current iteration count to 1

® Individual selection:Design appropriate  selection
operators to select individuals in population P (g), and
the selected individuals will enter the mating pool to
form the parent population FP (g) for cross
transformation to generate new individuals.

® Crossover operator:Determine whether the parent
individual needs to perform a crossover operation based
on the crossover probability pm (pre specified, usually
0.9). The crossover operator should be designed based
on the characteristics of the optimized problem. It is the
core of the entire genetic algorithm, and its design
directly determines the performance of the entire
algorithm.
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®  Mutation operator:Determine whether the parent
individual needs to undergo mutation operation based
on the mutation probability pc (pre specified, usually
0.1). The main function of mutation operators is to
maintain population diversity and prevent the population
from falling into local optima, so they are generally
designed as a random transformation.

Following the crossover mutation process, the parent
population gives rise to a new offspring population, with the
number of population iterations increasing by 1. The next
round of iterative operations then proceeds (skipping to Step 4)
and continues until the maximum number of iterations is
reached. Through the crossover operation, the original two
individual combinations produce two new ones, which is
comparable to conducting a search within the solution space
—each individual within this space represents a feasible
solution.

Once a round of genetic mutation is completed, these new
offspring are evaluated using a fitness function. If the function
confirms they possess adequate fitness, they will replace
chromosomes in the population that have insufficient fitness.
The loop terminates when any of the following conditions are
met: first, after X iterations, there has been no significant
overall change; second, the algorithm has completed the pre-
defined number of evolutions; third, the fitness function has
reached a pre-specified value[15].

3.4 CO-EVOLUTIONARY-GENETIC
ALGORITHM

The steps of the algorithm are shown in the figure below :
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Figure 2 Algorithm flow chart

(1) Initial population construction: The real number coding
strategy is used to randomly generate an initial
population composed of N particles, providing basic
data samples for subsequent algorithm iterations.

(2) Dual-path parallel processing: Two core operations are
performed simultaneously for the generated initial
population - k-means cluster analysis and adaptive
genetic operation to achieve multi-dimensional
optimization of the population.

(3) Clustering optimization and optimal value screening:
The population is divided into n independent clusters by
the k-means clustering algorithm, and the adaptation
calculation is performed for each cluster, and the
optimal values in each cluster are screened out and
retained, and finally n high-quality individuals are
obtained.

(4) Genetic operation and individual screening: The roulette
selection mechanism is used to complete adaptive
genetic operations with adaptive cross operators and
mutation operators, and P-n individuals that meet the
optimization goals are screened and retained from the
population.

(5) Generation of new generation populations: Integrate the
n optimal values retained in step (3) and the P-n
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individuals screened in step (4) to construct a new
generation population with better structure.

(6) Iterative termination judgment: Check whether the
preset termination conditions are met (such as the
number of iterations reaching the standard, optimal
value convergence, etc.): if so, output the final
optimization result and terminate the algorithm. If it is
not satisfied, the new generation population is used as
the new initial population, and the next round of
iteration process is started by returning to step (3).

4. EXPERIMENTS AND ANALYSIS

To further confirm how the improved co-evolutionary genetic
algorithm based on k-means clustering performs in more
complex and varied optimization scenarios, a number of
supplementary typical test functions can be chosen for
simulation validation. These supplementary validation
functions are grouped into three types: multi-peak complex
functions, high-dimensional nonlinear functions, and
discontinuous/noise-containing functions. These categories
not only add to the single-peak and multi-peak functions
already applied in the paper but also aim at the potential
optimization difficulties the algorithm might encounter in
real-world use.

The specific supplementary test function is as follows:

(1)  Alpine Function

f(x)= Zn:| X; sin x; +0.1x; | 2)

i=1

(2) Michalewicz Function

. 9 2m
F(x) == sin(x)* sin(%) @3)
(3) Dixon-Price Function
f(X) = (x; —1)2+Zn:i*(2xi2—xifl)2 (4)

(4) Noisy Rastrigin Function

f(x)= Zn: [xf —10cos(211x,) +10]+ g*randn

()

The algorithm parameters for this experiment are set as
follows: population size of 100, iteration number of 100,
initial function dimension of 10, K-means clustering number
of 30, crossover probability of 0.8, mutation probability of
0.01, genetic algorithm retains the number of individuals and
calculates 70 through “population size cluster number".The
test results are shown in the following Figure 3-4:
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It can be seen that compared to traditional genetic algorithms,
the optimal fitness of an improved k-means clustering-based
co-evolutionary genetic algorithm has been greatly improved.

To further validate how well the enhanced algorithm performs
across various generations, this study additionally compared
the optimal search outcomes against those of the standard
genetic algorithm. The parameters were configured as follows:
a population size of 100, generation counts of 100 and 500
respectively, and a dimensionality of 50. These comparisons
were conducted using different test functions, and the results
of the optimal solution comparisons are presented in Table 1:
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Table 1. Best Fitness Comparison Table

. genet Dime- Standa_rd Algorithm
. Population ic . Genetic .
functions - nsion- - of this
size algeb - Algorith
ality paper
ra m
Alpine 100 100 50 10.258 4,624
Function
Michalew
icz 100 100 50 -4.253 -8.525
Function
Dixon-
Price 100 100 50 1025 424
Function
Noisy
Rastrigin 100 100 50 8.547 3.223
Function

5. CONCLUSION

To enhance population diversity, the algorithm first employs
k-means clustering on existing populations to generate new
individuals. Concurrently, it integrates adaptive genetic
operations—enabling individuals to make corresponding
adjustments based on their current fitness values—which
effectively mitigates the risk of premature population
maturity. After each evolutionary generation, further
interaction is introduced between the two populations; this
mechanism empowers the population to break free from local
optima efficiently. Ultimately, these synergistic design
choices lead to a notable enhancement in the algorithm’s
search capability.
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