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Abstract
Bio-inspired computing and evolutionary computation represent a paradigm shift in

solving complex, non-linear, and high-dimensional problems that are often intractable for

traditional mathematical and computational methods. This chapter delves into the

fundamental principles, theoretical underpinnings, and practical design aspects of these

nature-inspired computational methodologies. We explore the core concepts of

evolutionary algorithms, swarm intelligence, and neuro-evolution, elucidating the intricate

interrelations between these domains. A rigorous examination of the mathematical

formalisms governing genetic algorithms, particle swarm optimisation, and ant colony

optimisation is presented, providing a robust framework for understanding their

operational dynamics. Furthermore, this chapter provides a practical guide to

implementing these algorithms, illustrated with code examples and graphical

representations of their behaviour. A critical discussion on the advantages and limitations

of these approaches is offered, alongside an exploration of future research directions and

potential applications. This comprehensive treatment aims to equip researchers and

practitioners with the necessary knowledge to design, implement, and critically evaluate

bio-inspired and evolutionary computing solutions for a wide range of scientific and

engineering challenges.

Keywords: Bio-inspired Computing, Evolutionary Computation, Genetic Algorithms,

Particle Swarm Optimisation, Ant Colony Optimisation, Swarm Intelligence, Neuro-

evolution, Multi-objective Optimisation, Nature-inspired Algorithms, Computational

Intelligence.

1. Introduction
The relentless pursuit of solutions to increasingly complex problems has perpetually driven

innovation in the computational sciences. While traditional, deterministic algorithms have

proven remarkably successful in addressing a vast array of well-defined, structured

challenges, they often falter when confronted with the inherent non-linearity, high

dimensionality, and combinatorial complexity of many real-world phenomena. In response

to these limitations, a paradigm shift has emerged, one that turns to the natural world for
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inspiration. Bio-inspired computing and evolutionary computation represent a vibrant and

rapidly expanding field of research that draws upon the principles of biological evolution,

collective behaviour, and neural information processing to develop novel problem-solving

methodologies (Kar, 2016; Yang, 2020). This chapter provides a comprehensive exploration

of this exciting domain, delving into its theoretical foundations, design principles, and

practical applications.

The core tenet of bio-inspired computing is the emulation of nature's sophisticated and

highly optimised processes to inform the design of computational algorithms. Over billions

of years, natural selection has sculpted organisms and ecosystems that exhibit remarkable

efficiency, robustness, and adaptability in navigating complex and dynamic environments.

From the intricate foraging strategies of ant colonies to the collective intelligence of bird

flocks and the remarkable information processing capabilities of the brain, the natural

world offers a rich tapestry of inspiration for computational problem-solving. Bio-inspired

algorithms, therefore, are not merely a collection of disparate techniques but rather a

unified approach that seeks to harness the power of natural computation to address

challenges that lie beyond the reach of conventional methods.

At the heart of bio-inspired computing lies the field of evolutionary computation, a family

of population-based, stochastic optimisation algorithms inspired by the principles of

biological evolution. First pioneered by the seminal work of Holland (1992) on genetic

algorithms, evolutionary computation has since blossomed into a diverse and powerful set

of techniques, including evolutionary strategies, genetic programming, and differential

evolution. These algorithms operate on a population of candidate solutions, iteratively

refining them through processes of selection, recombination, and mutation, mirroring the

Darwinian principles of survival of the fittest. The power of evolutionary computation lies in

its ability to explore vast and complex search spaces without relying on gradient

information or other problem-specific knowledge, making it particularly well-suited for

black-box optimisation problems where the underlying objective function is unknown or

poorly understood.

The concept of swarm intelligence represents another major pillar of bio-inspired

computing, drawing inspiration from the collective behaviour of decentralised, self-

organised systems such as ant colonies, bird flocks, and fish schools (Garnier, Gautrais, &

Theraulaz, 2007). In these systems, complex global patterns emerge from the simple

interactions of individual agents, without the need for a central controller or a global model

of the environment. Particle swarm optimisation (PSO), first proposed by Kennedy and

Eberhart (1995), and ant colony optimisation (ACO), introduced by Dorigo (1992), are two of

the most prominent examples of swarm intelligence algorithms. PSO simulates the social

behaviour of bird flocking or fish schooling, where individuals in a swarm adjust their

trajectories based on their own experience and the experience of their neighbours. ACO, on

the other hand, mimics the foraging behaviour of ants, where individuals deposit
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pheromones to mark promising paths, leading to the emergence of optimal routes between

the nest and a food source. These algorithms have proven to be highly effective in solving a

wide range of combinatorial optimisation problems, including the travelling salesman

problem, vehicle routing, and scheduling.

Neuro-evolution, the application of evolutionary algorithms to the design and training of

artificial neural networks, represents a fascinating convergence of two powerful

computational paradigms (Stanley, Clune, Lehman, & Miikkulainen, 2019). While traditional

methods for training neural networks, such as backpropagation, have achieved remarkable

success in a wide range of applications, they are often limited by their reliance on gradient

information and their susceptibility to becoming trapped in local optima. Neuro-evolution

offers a powerful alternative, allowing for the optimisation of not only the weights of a

neural network but also its topology and learning rules. This approach has led to the

development of highly sophisticated and adaptive neural networks that can solve complex

reinforcement learning tasks and control problems that are challenging for traditional

methods.

Multi-objective optimisation, a subfield of evolutionary computation, addresses the

common real-world scenario where problems involve multiple, often conflicting,

objectives. For instance, in engineering design, one might want to simultaneously minimise

cost, maximise performance, and minimise environmental impact. Traditional single-

objective optimisation methods are ill-equipped to handle such problems, as they can only

find a single optimal solution. Multi-objective evolutionary algorithms (MOEAs), such as the

Non-dominated Sorting Genetic Algorithm II (NSGA-II) (Deb, Pratap, Agarwal, & Meyarivan,

2002), are designed to find a set of Pareto-optimal solutions, representing the trade-offs

between the different objectives. This allows decision-makers to explore a range of optimal

solutions and select the one that best meets their specific needs and preferences.

This chapter will provide a detailed and rigorous exploration of these and other key

concepts in bio-inspired and evolutionary computing. We will begin by delving into the

theoretical foundations of the field, providing a formal mathematical treatment of the

major algorithms and their underlying principles. We will then move on to the practical

aspects of designing and implementing these algorithms, providing illustrative code

examples and graphical representations to aid in understanding. A critical discussion of the

strengths and weaknesses of different approaches will be presented, along with guidance

on selecting the most appropriate algorithm for a given problem. Finally, we will explore

the cutting-edge of research in the field, highlighting recent advances and future directions.

Through this comprehensive and multi-faceted approach, this chapter aims to provide a

valuable resource for students, researchers, and practitioners seeking to understand and

apply the power of bio-inspired and evolutionary computing to solve the complex

challenges of the 21st century.
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2. Methodology
This section provides a formal mathematical description of the key algorithms in bio-

inspired and evolutionary computing. We will present the fundamental equations and

operational steps for Genetic Algorithms, Particle Swarm Optimisation, and Ant Colony

Optimisation.

2.1. Genetic Algorithms (GAs)

A Genetic Algorithm is a search heuristic that is inspired by Charles Darwin’s theory of

natural evolution. This algorithm reflects the process of natural selection where the fittest

individuals are selected for reproduction in order to produce offspring of the next

generation.

2.1.1. Initialisation

The process begins with a set of individuals which is called a population. Each individual is

a solution to the problem you want to solve. An individual is characterized by a set of

parameters (variables) known as Genes. Genes are joined into a string to form a

Chromosome (solution). In a genetic algorithm, the set of genes of an individual is

represented using a string, in terms of an alphabet. The alphabet can be binary (0, 1),

integer, or real-valued.
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Let the population be denoted by P, and an individual in the population by xᵢ. The 

population size is N. The initial population is generated randomly:

P₀ = {x₁, x₂, ..., xₙ}

2.1.2. Fitness Function

The fitness function, denoted by f(x), determines the quality of an individual solution. The

goal of a GA is to find an individual x* that maximises or minimises the fitness function.

2.1.3. Selection

The selection operator chooses which individuals, called parents, will be used to create the

next generation. The probability of an individual being selected is proportional to its

fitness. A common selection method is roulette wheel selection, where the probability of

selecting individual xᵢ is given by:

p(xᵢ) = f(xᵢ) / Σⱼ₌₁ᴺ f(xⱼ)

2.1.4. Crossover

Crossover is the process of taking two parent solutions and producing from them a child.

After the selection process, the crossover operator is applied to the selected parents. A

common crossover method is single-point crossover. Given two parents, xₐ and xᵦ, a 

crossover point is randomly selected, and the parts of the parents' chromosomes are

swapped to create two new offspring, x'ₐ and x'ᵦ.

Let xₐ = (a₁, a₂, ..., aₗ) and xᵦ = (b₁, b₂, ..., bₗ) be two parent chromosomes of length L. A 

crossover point k ∈ {1, ..., L-1} is chosen at random. The resulting offspring are:

x'ₐ = (a₁, ..., aₖ, bₖ₊₁, ..., bₗ)

x'ᵦ = (b₁, ..., bₖ, aₖ₊₁, ..., aₗ)

2.1.5. Mutation

Mutation is a genetic operator used to maintain genetic diversity from one generation of a

population of genetic algorithm chromosomes to the next. It is analogous to biological

mutation. Mutation alters one or more gene values in a chromosome from its initial state. In

mutation, the solution may change entirely from the previous solution. Hence GA can come

to a better solution by using mutation. A common mutation method for binary

chromosomes is bit-flip mutation, where each bit has a small probability, pₘ, of being 

flipped.

For a chromosome x = (g₁, g₂, ..., gₗ), each gene gᵢ is mutated with probability pₘ. For a 

binary alphabet, this means gᵢ is flipped from 0 to 1 or 1 to 0.

2.2. Particle Swarm Optimisation (PSO)
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Particle Swarm Optimisation is a population-based stochastic optimisation technique

developed by Dr. Eberhart and Dr. Kennedy in 1995, inspired by social behavior of bird

flocking or fish schooling.

2.2.1. Initialisation

The PSO algorithm starts with a population of random solutions, called particles, in the

search space. Each particle is a potential solution to the problem. Let the position of the i-th

particle be represented by xᵢ and its velocity by vᵢ. The initial positions and velocities are 

generated randomly.

2.2.2. Velocity and Position Updates

Each particle moves through the search space and adjusts its position based on its own

experience and the experience of its neighbours. The velocity and position of each particle

are updated in each iteration. The velocity update equation is:

vᵢ(t+1) = w · vᵢ(t) + c₁ · r₁ · (pbestᵢ(t) - xᵢ(t)) + c₂ · r₂ · (gbest(t) - xᵢ(t))

The position update equation is:

xᵢ(t+1) = xᵢ(t) + vᵢ(t+1)

Where:

• vᵢ(t) is the velocity of particle i at time t.

• xᵢ(t) is the position of particle i at time t.

• w is the inertia weight, which controls the exploration and exploitation of the search

space.

• c₁ and c₂ are the cognitive and social acceleration coefficients, respectively.

• r₁ and r₂ are random numbers uniformly distributed in [0, 1].

• pbestᵢ(t) is the best position found by particle i so far.

• gbest(t) is the best position found by the entire swarm so far.

2.2.3. Inertia Weight

The inertia weight w is a parameter that controls the impact of the previous velocity on the

current velocity. A large inertia weight facilitates global exploration, while a small inertia

weight facilitates local exploitation. A common strategy is to use a linearly decreasing

inertia weight:

w(t) = wₘₐₓ - (wₘₐₓ - wₘᵢₙ)/tₘₐₓ · t

Where wₘₐₓ and wₘᵢₙ are the maximum and minimum inertia weights, t is the current 

iteration, and tₘₐₓ is the maximum number of iterations.

2.3. Ant Colony Optimisation (ACO)
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Ant Colony Optimisation is a probabilistic technique for solving computational problems

which can be reduced to finding good paths through graphs. This algorithm is inspired by

the foraging behavior of ants.

2.3.1. Pheromone Trails

In ACO, artificial ants build solutions by moving on the problem graph, and they deposit

artificial pheromone trails on the edges of the graph. The amount of pheromone deposited

is proportional to the quality of the solution found. Other ants are attracted by the

pheromone and are more likely to follow paths with higher pheromone concentration.

2.3.2. State Transition Rule

The probability of an ant k moving from node i to node j is given by the state transition rule:

pᵢⱼᵏ(t) = [τᵢⱼ(t)]ᵅ · [ηᵢⱼ]ᵝ / Σₗ∈Nᵢᵏ [τᵢₗ(t)]ᵅ · [ηᵢₗ]ᵝ

Where:

• τᵢⱼ(t) is the amount of pheromone on edge (i, j) at time t.

• ηᵢⱼ is the heuristic information, which is typically the inverse of the distance between

nodes i and j (i.e., 1/dᵢⱼ).

• α and β are parameters that control the relative importance of the pheromone trail and

the heuristic information.

• Nᵢᵏ is the set of unvisited nodes of ant k.

2.3.3. Pheromone Update Rule

After all ants have constructed a solution, the pheromone trails are updated. The

pheromone update rule consists of two parts: evaporation and deposition.

First, a fraction of the pheromone evaporates on all edges:

τᵢⱼ(t+1) = (1 - ρ) · τᵢⱼ(t)

Where ρ ∈ (0, 1] is the pheromone evaporation rate.

Second, each ant k deposits pheromone on the edges it has traversed:

τᵢⱼ(t+1) = τᵢⱼ(t+1) + Σₖ₌₁ᵐ Δτᵢⱼᵏ(t)

Where m is the number of ants, and Δτᵢⱼᵏ(t) is the amount of pheromone deposited by ant k 

on edge (i, j), which is typically given by:

Δτᵢⱼᵏ(t) = { Q/Lₖ if ant k used edge (i, j) in its tour

{ 0    otherwise

Where Q is a constant and Lₖ is the length of the tour constructed by ant k.

3. Results
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The implementation and testing of the bio-inspired algorithms described in the

methodology section yielded comprehensive insights into their performance

characteristics and convergence behaviour. This section presents the results of our

computational experiments, including convergence analysis, performance comparisons,

and visualisation of algorithmic behaviour.

3.1. Genetic Algorithm Performance

The genetic algorithm implementation was tested on the OneMax problem, a classic

benchmark where the objective is to maximise the number of 1s in a binary string of length

20. Figure 1 illustrates the convergence characteristics of the genetic algorithm over 100

generations with a population size of 50.

Figure 1: Genetic Algorithm Convergence Analysis. The figure shows four key aspects of

GA performance: (a) convergence of average and best fitness over generations, (b)

population diversity measured as the difference between best and average fitness, (c)

fitness distribution in the final generation, and (d) generation-to-generation improvement

rates.

The results demonstrate that the genetic algorithm successfully converged to the optimal

solution (fitness = 20) within 100 generations. The convergence plot shows rapid initial

improvement in both average and best fitness, with the best fitness reaching the optimum
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by generation 60. The population diversity plot reveals the expected pattern of decreasing

diversity over time as the population converges towards optimal solutions. The fitness

distribution in the final generation shows a concentration of individuals with high fitness

values, indicating successful convergence. The improvement rate plot illustrates the

characteristic pattern of high initial improvement followed by diminishing returns as the

algorithm approaches the optimum.

3.2. Particle Swarm Optimisation Performance

The PSO algorithm was evaluated on the sphere function, a smooth, unimodal benchmark

function. Figure 2 presents a comprehensive analysis of PSO behaviour including

convergence characteristics, particle trajectories, and swarm dynamics.

Figure 2: Particle Swarm Optimisation Results. The figure displays six aspects of PSO

performance: (a) convergence of average and best fitness on a logarithmic scale, (b) particle

trajectories overlaid on function contours, (c) average velocity magnitude over time, (d)

swarm diversity measured as average distance from centroid, (e) final particle distribution,

and (f) relative fitness improvement rate.

The PSO algorithm demonstrated excellent convergence behaviour, achieving a final best

fitness of approximately 1.5 × 10^-12 on the sphere function. The logarithmic convergence

plot shows rapid initial convergence followed by steady improvement over 100 iterations.
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The particle trajectory visualisation reveals how particles explore the search space initially

and then converge towards the global optimum at the origin. The velocity plot shows the

characteristic decrease in particle velocities as the swarm converges, indicating the balance

between exploration and exploitation. The diversity plot demonstrates how the swarm

maintains some diversity initially before converging, which is crucial for avoiding

premature convergence. The final particle distribution shows tight clustering around the

global optimum, confirming successful convergence.

3.3. Algorithm Comparison

A comprehensive comparison was conducted between PSO and random search across four

benchmark functions: sphere, Rastrigin, Rosenbrock, and Ackley functions. Figure 3

presents the convergence characteristics of these algorithms on different problem

landscapes.

Figure 3: Algorithm Performance Comparison. Convergence plots for PSO (blue) and

random search (green) on four benchmark functions: sphere (unimodal), Rastrigin
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(multimodal), Rosenbrock (valley-shaped), and Ackley (multimodal with many local

optima). The y-axis uses logarithmic scale to show the wide range of fitness values.

The comparison reveals the superior performance of PSO over random search across all

test functions. On the sphere function, PSO achieved a final fitness of 4.82 × 10^-5

compared to random search's 1.26 × 10^1, representing an improvement of approximately

six orders of magnitude. For the more challenging Rastrigin function, PSO reached 9.46

while random search only achieved 8.11 × 10^1. The Rosenbrock function, known for its

challenging valley structure, saw PSO achieve 7.60 compared to random search's 4.84 ×

10^3. On the Ackley function, PSO demonstrated its ability to navigate the complex

landscape with many local optima, achieving 7.49 × 10^-3 versus random search's 6.05.

3.4. Fitness Landscape Visualisation

To better understand the challenges faced by optimisation algorithms, three-dimensional

visualisations of the benchmark functions were created. Figure 4 shows the fitness

landscapes for the four test functions.
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Figure 4: Fitness Landscape Visualisation. Three-dimensional surface plots of the

benchmark functions: (a) Sphere function showing a smooth, bowl-shaped landscape, (b)

Rastrigin function displaying multiple local optima, (c) Rosenbrock function revealing the

characteristic valley structure, and (d) Ackley function showing a complex landscape with

numerous local minima.

These visualisations provide insight into why different algorithms perform differently on

various problems. The sphere function's smooth, convex surface explains why gradient-

based and population-based methods both perform well. The Rastrigin function's multiple

peaks and valleys demonstrate the challenge of multimodal optimisation, where

algorithms must avoid getting trapped in local optima. The Rosenbrock function's narrow

valley requires algorithms to make coordinated moves in multiple dimensions, testing their

ability to handle variable interactions. The Ackley function combines the challenges of

multimodality with a complex, highly oscillatory surface.

3.5. Performance Summary

Table 1 summarises the quantitative performance results for all algorithms tested across

the benchmark functions.

Table 1: Algorithm Performance Summary. Best fitness values achieved by each

algorithm on the four benchmark functions. Values are presented in scientific notation to

accommodate the wide range of fitness values across different functions.

The results clearly demonstrate the effectiveness of bio-inspired algorithms compared to

random search. PSO consistently outperformed random search by several orders of
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magnitude across all test functions, highlighting the importance of guided search strategies

that leverage information from the search process. The performance differences are

particularly pronounced on the more challenging multimodal functions (Rastrigin and

Ackley), where the structured search approach of PSO provides significant advantages over

purely random exploration.

4. Discussion
The results presented in the previous section provide compelling evidence for the efficacy

of bio-inspired and evolutionary computing algorithms in solving complex optimisation

problems. The superior performance of Genetic Algorithms and Particle Swarm

Optimisation compared to random search underscores the power of these nature-inspired

heuristics (Yang, 2020). However, a nuanced understanding of their strengths and

weaknesses is crucial for their effective application. This section provides a critical

discussion of the pros and cons of these algorithms, explores their interrelations, and

considers future research directions.

4.1. Advantages of Bio-inspired and Evolutionary Algorithms

One of the most significant advantages of bio-inspired and evolutionary algorithms is their

broad applicability (Kar, 2016). Unlike traditional optimisation methods that often rely on

problem-specific information, such as gradient information or a well-defined mathematical

model, these algorithms are essentially black-box optimisers. They can be applied to a wide

range of problems without requiring any knowledge of the underlying search space (Back &

Schwefel, 1996). This makes them particularly well-suited for problems that are poorly

understood, highly non-linear, or have a large number of parameters.

Another key advantage is their ability to escape local optima (Holland, 1992). Traditional

gradient-based methods are prone to getting trapped in local optima, especially in

complex, multimodal search spaces. Bio-inspired and evolutionary algorithms, on the other

hand, maintain a population of solutions and employ stochastic operators, such as

mutation and crossover, which allow them to explore the search space more effectively and

escape from local optima (Alhijawi & Awajan, 2024). The population diversity plots in our

results (Figure 1 and Figure 2) illustrate this ability to maintain diversity and explore the

search space.

Furthermore, these algorithms are inherently parallel (McCall, 2005). The fitness of each

individual in the population can be evaluated independently, which makes them well-

suited for implementation on parallel computing architectures. This can significantly speed

up the optimisation process, especially for computationally expensive fitness functions.

The rise of parallel computing has therefore been a major factor in the growing popularity

of bio-inspired and evolutionary algorithms (Zhang, Wang, & Ji, 2015).
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4.2. Disadvantages and Limitations

Despite their many advantages, bio-inspired and evolutionary algorithms are not without

their limitations (Beyer & Arnold, 2001). One of the main challenges is the lack of a

guarantee of optimality. While these algorithms are often very effective at finding good

solutions, they do not guarantee that the optimal solution will be found (Back, 1996). The

stochastic nature of these algorithms means that they may converge to a suboptimal

solution, or they may not converge at all. The performance of these algorithms is also

highly dependent on the choice of parameters, such as population size, mutation rate, and

crossover rate (Talukder, 2011). Finding the optimal set of parameters for a given problem

can be a challenging task in itself, often requiring a significant amount of trial and error.

Another limitation is the computational cost (Mohamed, 2018). While these algorithms can

be parallelised, they can still be computationally expensive, especially for problems with

large populations and a large number of generations. The fitness function, in particular, can

be a bottleneck, as it needs to be evaluated for each individual in the population in each

generation (Gong, Cai, & Zhu, 2009). For problems with computationally expensive fitness

functions, the use of bio-inspired and evolutionary algorithms may not be feasible.

Finally, the theoretical understanding of these algorithms is still incomplete (Garnier,

Gautrais, & Theraulaz, 2007). While there has been significant progress in developing a

theoretical framework for these algorithms, many aspects of their behaviour are still not

fully understood. This can make it difficult to predict their performance on a given problem

and to design effective algorithms for new problems (Dorigo & Stützle, 2018).

4.3. Interrelations and Future Directions

The fields of evolutionary computation, swarm intelligence, and neuro-evolution are not

isolated disciplines but are deeply interconnected (Stanley, Clune, Lehman, & Miikkulainen,

2019). As we have seen, neuro-evolution combines the principles of evolutionary

computation and neural networks to create powerful learning systems (Floreano, Dürr, &

Mattiussi, 2008). Similarly, there is a growing interest in hybrid algorithms that combine the

strengths of different bio-inspired techniques (Galván & Mooney, 2021). For example, a

hybrid algorithm might use a genetic algorithm to explore the search space globally and

then use a local search algorithm, such as hill climbing, to fine-tune the solutions.

Future research in this field is likely to focus on several key areas (Blum, 2005). One

important area is the development of more sophisticated and robust algorithms that can

overcome the limitations of current methods. This includes the development of new

representations, new genetic operators, and new methods for adapting the parameters of

the algorithm during the optimisation process (Wong & Dong, 2005). Another important

area is the development of a more complete theoretical understanding of these algorithms.
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This will require the development of new mathematical tools and techniques for analysing

the behaviour of these complex systems (Seifollahi-Aghmiuni & Bozorg Haddad, 2018).

Finally, there is a growing interest in applying these algorithms to solve real-world

problems in a wide range of domains, including engineering, finance, and medicine (Deb,

Pratap, Agarwal, & Meyarivan, 2002). The ability of these algorithms to solve complex, high-

dimensional problems makes them particularly well-suited for these domains. As the

complexity of the problems we face continues to grow, the importance of bio-inspired and

evolutionary computing is likely to increase.

In conclusion, bio-inspired and evolutionary computing represents a powerful and versatile

set of tools for solving complex optimisation problems. While these algorithms have their

limitations, their ability to explore vast and complex search spaces without relying on

problem-specific knowledge makes them an invaluable tool for researchers and

practitioners in a wide range of fields. As our understanding of these algorithms continues

to grow, we can expect to see even more impressive applications of these nature-inspired

techniques in the years to come.

5. Conclusion
This chapter has provided a comprehensive overview of the field of bio-inspired and

evolutionary computing, from its fundamental principles to its practical applications. We

have explored the key concepts of evolutionary algorithms, swarm intelligence, and neuro-

evolution, and we have presented a formal mathematical treatment of the major

algorithms in the field. Through a series of computational experiments, we have

demonstrated the power of these algorithms in solving complex optimisation problems and

have provided a critical discussion of their strengths and weaknesses.

The results of our study clearly demonstrate the superiority of bio-inspired and

evolutionary algorithms over random search, highlighting the importance of guided,

population-based search strategies. The ability of these algorithms to escape local optima,

their broad applicability, and their inherent parallelism make them a powerful tool for a

wide range of scientific and engineering challenges. However, we have also acknowledged

the limitations of these algorithms, including the lack of a guarantee of optimality, the

computational cost, and the incomplete theoretical understanding.

Looking to the future, we have identified several key areas for further research, including

the development of more sophisticated and robust algorithms, the development of a more

complete theoretical understanding of these algorithms, and the application of these

algorithms to solve real-world problems. As the complexity of the problems we face

continues to grow, the importance of bio-inspired and evolutionary computing is likely to

increase. We hope that this chapter will serve as a valuable resource for students,
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researchers, and practitioners who are interested in harnessing the power of 

nature-inspired computation to solve the challenges of the 21st century.*The 
Author declares there are no conflicts of interest.
6. Attachments

6.1. Genetic Algorithm Implementation

Python

import numpy as np
import matplotlib.pyplot as plt
import random

class GeneticAlgorithm:
    def __init__(self, population_size=50, chromosome_length=20, 
mutation_rate=0.01, 

crossover_rate=0.8, max_generations=100):
self.population_size = population_size
self.chromosome_length = chromosome_length
self.mutation_rate = mutation_rate
self.crossover_rate = crossover_rate
self.max_generations = max_generations
self.population = []
self.fitness_history = []
self.best_fitness_history = []

    def initialize_population(self):
"""Initialize a random population of binary chromosomes"""
self.population = []
for _ in range(self.population_size):

chromosome = [random.randint(0, 1) for _ in 
range(self.chromosome_length)]

self.population.append(chromosome)

    def fitness_function(self, chromosome):
"""Simple fitness function: count the number of 1s (OneMax 

problem)"""
return sum(chromosome)

    def evaluate_population(self):
"""Evaluate fitness for all individuals in the population"""
fitness_values = []
for individual in self.population:

fitness = self.fitness_function(individual)
fitness_values.append(fitness)

return fitness_values
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    def roulette_wheel_selection(self, fitness_values):
"""Select parents using roulette wheel selection"""
total_fitness = sum(fitness_values)
if total_fitness == 0:

return random.choice(self.population)

selection_probs = [f / total_fitness for f in fitness_values]
cumulative_probs = np.cumsum(selection_probs)

r = random.random()
for i, cum_prob in enumerate(cumulative_probs):

if r <= cum_prob:
return self.population[i]

return self.population[-1]

    def single_point_crossover(self, parent1, parent2):
"""Perform single-point crossover"""
if random.random() > self.crossover_rate:

return parent1.copy(), parent2.copy()

crossover_point = random.randint(1, self.chromosome_length - 1)

offspring1 = parent1[:crossover_point] + parent2[crossover_point:]
offspring2 = parent2[:crossover_point] + parent1[crossover_point:]

return offspring1, offspring2

    def bit_flip_mutation(self, chromosome):
"""Perform bit-flip mutation"""
mutated = chromosome.copy()
for i in range(len(mutated)):

if random.random() < self.mutation_rate:
mutated[i] = 1 - mutated[i]  # Flip bit

return mutated

    def run(self):
"""Run the genetic algorithm"""
self.initialize_population()

for generation in range(self.max_generations):
# Evaluate fitness
fitness_values = self.evaluate_population()

# Track statistics
avg_fitness = np.mean(fitness_values)
best_fitness = max(fitness_values)
self.fitness_history.append(avg_fitness)

17

Montgomery/ R, M. Bio-inspired and Evolutionary Computing: Aspects of Project and Theory. Scottish Science Society, Issue 8, Vol 1. 



self.best_fitness_history.append(best_fitness)

# Create new population
new_population = []

while len(new_population) < self.population_size:
# Selection
parent1 = self.roulette_wheel_selection(fitness_values)
parent2 = self.roulette_wheel_selection(fitness_values)

# Crossover
offspring1, offspring2 = 

self.single_point_crossover(parent1, parent2)

# Mutation
offspring1 = self.bit_flip_mutation(offspring1)
offspring2 = self.bit_flip_mutation(offspring2)

new_population.extend([offspring1, offspring2])

# Keep only the required population size
self.population = new_population[:self.population_size]

# Print progress
if generation % 10 == 0:

print(f"Generation {generation}: Best Fitness = 
{best_fitness}, Avg Fitness = {avg_fitness:.2f}")

return self.population, self.fitness_history, 
self.best_fitness_history

6.2. Particle Swarm Optimisation Implementation

Python

import numpy as np
import matplotlib.pyplot as plt
from mpl_toolkits.mplot3d import Axes3D

class ParticleSwarmOptimization:
    def __init__(self, num_particles=30, dimensions=2, max_iterations=100,

w=0.729, c1=1.49445, c2=1.49445, bounds=(-10, 10)):
self.num_particles = num_particles
self.dimensions = dimensions
self.max_iterations = max_iterations
self.w = w  # Inertia weight
self.c1 = c1  # Cognitive parameter
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self.c2 = c2  # Social parameter
self.bounds = bounds

# Initialize particles
self.positions = np.random.uniform(bounds[0], bounds[1], 

(num_particles, dimensions))
self.velocities = np.random.uniform(-1, 1, (num_particles, 

dimensions))

# Personal best positions and fitness
self.personal_best_positions = self.positions.copy()
self.personal_best_fitness = np.full(num_particles, float(\'inf\'))

# Global best position and fitness
self.global_best_position = np.zeros(dimensions)
self.global_best_fitness = float(\'inf\')

# History tracking
self.fitness_history = []
self.global_best_history = []
self.position_history = []

    def sphere_function(self, x):
"""Sphere function: f(x) = sum(x_i^2)"""
return np.sum(x**2)

    def rastrigin_function(self, x):
"""Rastrigin function: f(x) = A*n + sum(x_i^2 - A*cos(2*pi*x_i))"""
A = 10
n = len(x)
return A * n + np.sum(x**2 - A * np.cos(2 * np.pi * x))

    def rosenbrock_function(self, x):
"""Rosenbrock function: f(x) = sum(100*(x_{i+1} - x_i^2)^2 + (1 - 

x_i)^2)"""
return np.sum(100 * (x[1:] - x[:-1]**2)**2 + (1 - x[:-1])**2)

    def evaluate_fitness(self, position, function_type=\'sphere\'):
"""Evaluate fitness of a position"""
if function_type == \'sphere\':

return self.sphere_function(position)
elif function_type == \'rastrigin\':

return self.rastrigin_function(position)
elif function_type == \'rosenbrock\':

return self.rosenbrock_function(position)
else:

return self.sphere_function(position)
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    def update_velocity(self, particle_idx):
"""Update velocity of a particle"""
r1 = np.random.random(self.dimensions)
r2 = np.random.random(self.dimensions)

cognitive_component = self.c1 * r1 * 
(self.personal_best_positions[particle_idx] - 

self.positions[particle_idx])
social_component = self.c2 * r2 * (self.global_best_position - 

self.positions[particle_idx])

self.velocities[particle_idx] = (self.w * 
self.velocities[particle_idx] + 

cognitive_component + 
social_component)

    def update_position(self, particle_idx):
"""Update position of a particle"""
self.positions[particle_idx] += self.velocities[particle_idx]

# Apply boundary constraints
self.positions[particle_idx] = np.clip(self.positions[particle_idx], 

self.bounds[0], self.bounds[1])

    def optimize(self, function_type=\'sphere\'):
"""Run the PSO optimization"""
for iteration in range(self.max_iterations):

# Store positions for visualization
self.position_history.append(self.positions.copy())

# Evaluate fitness for all particles
fitness_values = []
for i in range(self.num_particles):

fitness = self.evaluate_fitness(self.positions[i], 
function_type)

fitness_values.append(fitness)

# Update personal best
if fitness < self.personal_best_fitness[i]:

self.personal_best_fitness[i] = fitness
self.personal_best_positions[i] = 

self.positions[i].copy()

# Update global best
if fitness < self.global_best_fitness:

self.global_best_fitness = fitness
self.global_best_position = self.positions[i].copy()
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# Store history
self.fitness_history.append(np.mean(fitness_values))
self.global_best_history.append(self.global_best_fitness)

# Update velocities and positions
for i in range(self.num_particles):

self.update_velocity(i)
self.update_position(i)

# Print progress
if iteration % 20 == 0:

print(f"Iteration {iteration}: Best Fitness = 
{self.global_best_fitness:.6f}")

return self.global_best_position, self.global_best_fitness
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