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In the realm of robotics and artificial intelligence, researchers often draw inspiration from the intricate
and efficient systems found in the animal kingdom. For instance, the study of swarm intelligence, inspired
by the collective behavior of insects like ants or bees, has led to the development of algorithms for au-
tonomous drones and robotic systems that can collaboratively solve complex problems. The adaptation of
nature’s strategies for smart systems showcases the potential for interdisciplinary collaboration between
biology and technology. By understanding and emulating the efficiency, adaptability, and sustainability
observed in natural systems, scientists and engineers continue to push the boundaries of innovation,
creating smart systems that are not only technologically advanced but also environmentally conscious

and resilient.
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Evolutionary Computation in Artificial Intelligence

1. INTRODUCTION

Evolutionary Computation (EC) in Artificial Intelligence represents a transformative approach that draws
inspiration from nature’s evolutionary processes to craft intelligent algorithms for problem-solving. Emu-
lating the principles of natural selection, EC involves the iterative generation, selection, and adaptation
of potential solutions within a population, mirroring the way biological systems evolve over generations.
This innovative paradigm, encompassing algorithms like Genetic Algorithms and Evolutionary Strategies,
has proven particularly adept at tackling complex optimization problems across diverse domains. By
adapting nature’s strategies of selection, crossover, and mutation, EC enables smart systems to autono-
mously refine and improve their performance, demonstrating a remarkable ability to discover optimal
solutions in large solution spaces (Anand & Chawla, 2020). This bio-inspired methodology holds promise
for revolutionizing problem-solving methodologies in artificial intelligence, offering adaptability and
efficiency akin to the evolutionary mechanisms (Kala, 2023) observed in the natural world.

Evolutionary Computation (EC) is a subfield of Artificial Intelligence (AI) that draws inspiration
from the principles of natural evolution to develop intelligent algorithms and systems (Singh et.al., 2022;
Raghavan et al., 2022) The fundamental idea behind EC is to mimic the process of natural selection to
evolve solutions to complex problems over successive generations. Evolutionary Computation in Artifi-
cial Intelligence leverages the principles of natural evolution to create intelligent algorithms capable of
solving complex problems. Its versatility and adaptability make it a valuable tool for optimization and
learning tasks in various domains.

1.1 Evolutionary Computation

Evolutionary computation (as shown in Figure 1) is an area of Al and soft computing that studies algo-
rithms for global optimization that are based on the theory of biological evolution (Anand & Chawla,
2020; Kala, 2023). To put it more precisely, they are a class of metaheuristic or stochastic optimization—
style problem solvers that rely on population-based trial and error. Iteratively updating an initial list of
possible solutions is the first step in evolutionary computing. Less desirable solutions are stochastically
removed, minor random changes are introduced, and, depending on the approach, parental information
is mixed (Anand & Chawla, 2016). Natural selection, also known as artificial selection, mutation, and
recombination are processes that occur in biology when a population of solutions is tested. Consequently,
the population will undergo progressive evolution in order to improve its fitness, which is specifically
the fitness function selected by the algorithm. Evolutionary computing approaches have gained popular-
ity in computer science due to their ability to provide optimal solutions across many problem domains
(Anand & Chawla, 2016). There are a plethora of variations and extensions available, each tailored to
a different set of issues and data formats. To examine common characteristics of broad evolutionary
processes, evolutionary computation is sometimes utilized as an in silico experimental approach in
evolutionary biology.

When it comes to tackling computational problems, Evolutionary Computation (EC) is at the van-
guard, taking its cues from the rules that control evolution in nature. Based on the principle of natural
selection, evolutionary complexity (EC) uses a population of possible solutions to difficult problems via
repeated cycles of selection, recombination (crossover), and mutation. This method has several uses in
optimization, machine learning, artificial intelligence, and other fields since it mimics the evolutionary
dynamics seen in biological systems. One of the most well-known subfields of evolutionary computing,
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