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ABSTRACT 

Evolutionary Computing (EC) is a subfield of artificial intelligence inspired by 

natural evolutionary processes. Among the various techniques under EC, 

Genetic Algorithms (GAs) have emerged as a robust optimization and search 

paradigm. This review provides an in-depth examination of evolutionary 

computing, with a focus on genetic algorithms, their theoretical foundations, 

algorithmic structures, and diverse applications across engineering, computer 

science, and industry. The paper also discusses hybrid approaches, recent 

advancements, limitations, and future research directions. By synthesizing 

findings from multiple studies, this review highlights the versatility, 

adaptability, and performance of genetic algorithms in solving complex, real-

world problems. 
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INTRODUCTION 

Optimization is central to problem-solving in engineering, data science, and computational 

research. Traditional methods often struggle with large, nonlinear, or multi-dimensional search 

spaces. Evolutionary Computing (EC) offers an alternative by mimicking natural selection and 

genetic evolution, providing heuristic solutions for complex optimization tasks. 

 

Genetic Algorithms (GAs), first introduced by John Holland in the 1970s, are the most  
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prominent subset of EC. They employ selection, crossover, and mutation to iteratively evolve 

candidate solutions toward optimality. GAs have been widely applied in areas such as 

scheduling, routing, feature selection, control systems, and machine learning. 

 

This paper systematically reviews evolutionary computing and genetic algorithms, providing a 

comprehensive understanding of their methodologies, applications, and recent advancements. 

 

2. EVOLUTIONARY COMPUTING: FUNDAMENTALS 

Evolutionary Computing (EC) is a subfield of artificial intelligence that draws inspiration from 

the principles of natural evolution. These algorithms aim to solve optimization, search, and 

learning problems by simulating the process of evolution observed in nature. Unlike traditional 

deterministic algorithms, evolutionary algorithms are stochastic, population-based, and 

heuristic in nature, meaning they explore a broad search space and adapt over time to find high-

quality solutions. 

 

The fundamental principles of evolutionary computing are: 

1. Survival of the Fittest: Solutions compete to survive and reproduce, analogous to 

natural selection. Better-performing solutions have higher chances of being retained 

and influencing the next generation. 

2. Reproduction: New candidate solutions (offspring) are generated by combining parts 

of existing solutions (parents), mimicking sexual reproduction in biological organisms. 

3. Mutation: Random changes are introduced to some solutions to maintain genetic 

diversity, prevent premature convergence, and explore unexplored areas of the solution 

space. 

4. Inheritance: Traits (solution characteristics) from successful candidates are passed on 

to the next generation, guiding the population toward optimal solutions. 

Evolutionary Computing is not a single algorithm but a framework encompassing various 

paradigms, each with unique characteristics, operators, and problem-solving approaches. The 

major paradigms include Genetic Algorithms (GAs), Evolutionary Strategies (ES), 

Evolutionary Programming (EP), and Genetic Programming (GP). Among these, Genetic 

Algorithms are the most widely studied and applied. 
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2.1 Genetic Algorithms (GAs) 

Genetic Algorithms are population-based metaheuristic algorithms introduced by John 

Holland in the 1970s. They are widely used for optimization, search, and machine learning 

problems. GAs work by iteratively improving a population of candidate solutions using 

biologically inspired operators. 

 

The main components of Genetic Algorithms are: 

2.1.1 Population Initialization 

The algorithm starts with a population of candidate solutions, often called chromosomes. 

Each chromosome represents a possible solution to the problem. The initialization is typically 

random, ensuring diversity and covering different regions of the solution space. 

Example: 

For a problem of optimizing a function f(x)f(x)f(x) over x∈[0,10]x \in [0, 10]x∈[0,10], a 

population of 10 chromosomes could be initialized as: 

[1.2, 7.5, 3.8, 5.1, 0.9, 9.0, 4.6, 2.2, 6.3, 8.7]. 

 

2.1.2 Fitness Function 

Each chromosome is evaluated using a fitness function, which quantifies how “good” or “fit” 

a solution is. The design of the fitness function is critical, as it guides the search process. 

Example: 

If the goal is to maximize f(x)=x⋅sin⁡(x)f(x) = x \cdot \sin(x)f(x)=x⋅sin(x), the fitness of a 

chromosome x=7.5x = 7.5x=7.5 would be 7.5⋅sin⁡(7.5)≈5.37.5 \cdot \sin(7.5) \approx 

5.37.5⋅sin(7.5)≈5.3. Solutions with higher fitness have a higher probability of contributing to 

the next generation. 

 

2.1.3 Selection 

The selection process chooses individuals from the current population to create offspring for 

the next generation. Selection favors fitter individuals but still allows less-fit individuals a 

chance to maintain diversity. 

Common selection methods: 

 Roulette Wheel Selection: Probability of selection proportional to fitness. 

 Tournament Selection: Random groups compete, and the best is selected. 

 Rank Selection: Individuals ranked by fitness; selection probability depends on rank. 
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Illustration: 

If a population has fitness scores [5, 2, 8, 1], chromosomes with scores 5 and 8 are more likely 

to be selected for reproduction. 

 

2.1.4 Crossover (Recombination) 

Crossover generates new solutions by combining parts of two parent chromosomes. This 

mimics sexual reproduction in nature, allowing offspring to inherit traits from both parents. 

Example: 

Parent 1: [1, 0, 1, 1, 0] 

Parent 2: [0, 1, 0, 0, 1] 

Single-point crossover at position 3 produces: 

Child 1: [1, 0, 1, 0, 1] 

Child 2: [0, 1, 0, 1, 0] 

Crossover introduces new combinations of genetic material and helps explore the solution 

space more effectively. 

 

2.1.5 Mutation 

Mutation introduces random changes to chromosomes to maintain genetic diversity and 

prevent the population from stagnating around local optima. 

Example: 

Original chromosome: [1, 0, 1, 0, 1] 

After mutation (bit flip at position 2): [1, 1, 1, 0, 1] 

Mutation ensures that the algorithm does not lose diversity and can explore new areas of the 

solution space. 

 

2.1.6 Termination 

The algorithm continues iterating through selection, crossover, and mutation until a stopping 

criterion is met. Common termination conditions include: 

 Maximum number of generations reached 

 A solution with satisfactory fitness is found 

 No significant improvement over several generations 



 
 

 

113 Page 109-120 © MANTECH PUBLICATIONS 2020. All Rights Reserved 

 

Journal of Artificial Intelligence, Machine Learning and Soft Computing 

Volume 5, Issue 2, July-December 2020  

 

 

Example: 

For a TSP problem, the GA may terminate when the shortest tour distance does not improve 

for 50 consecutive generations. 

 

 

Figure 1: Basic structure of a Genetic Algorithm 

 

2.2 Evolutionary Strategies (ES) 

Evolutionary Strategies (ES) are a class of evolutionary algorithms primarily designed for 

continuous optimization problems. Developed by Rechenberg and Schwefel in the 1960s and 

1970s, ES focus on optimizing real-valued parameters rather than binary representations. 

While they share some similarities with Genetic Algorithms, ES emphasize mutation over 

crossover and often include self-adaptive mechanisms to adjust mutation step sizes 

dynamically. 

 

Key Components of ES 

1. Population Representation: 

Each individual in ES is represented as a vector of real numbers corresponding to the 

parameters of the optimization problem. 
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Example: 

For optimizing a function f(x,y)f(x, y)f(x,y), an individual could be represented as: 

x=[x,y]=[3.2,7.5]\mathbf{x} = [x, y] = [3.2, 7.5]x=[x,y]=[3.2,7.5] 

1. Mutation: 

Mutation is the primary operator in ES. Each parameter is altered by adding a normally 

distributed random value, often scaled by a mutation step size (σ\sigmaσ): 

xi′=xi+σi⋅N(0,1)x_i' = x_i + \sigma_i \cdot N(0,1)xi′=xi+σi⋅N(0,1)  

Here, N(0,1)N(0,1)N(0,1) is a standard normal variable. Step sizes can self-adapt to improve 

convergence. 

2. Recombination: 

Unlike GAs, recombination is optional in ES. When used, it typically averages parameters 

from parent solutions. 

3. Selection: 

ES uses (μ, λ)-selection or (μ + λ)-selection: 

 (μ, λ)-selection: The next generation is selected from λ offspring only, discarding the 

parents. 

 (μ + λ)-selection: The next generation is selected from the combined set of μ parents 

and λ offspring. 

 

4. Termination Criteria: 

ES terminates when the maximum number of generations is reached or when the population 

converges to a satisfactory solution. 

 

Applications of ES 

 Parameter optimization in engineering systems 

 Control system tuning (e.g., PID controllers) 

 Machine learning hyperparameter optimization 

 Robotics trajectory planning 

Example: In tuning a PID controller for a robot arm, ES can optimize the proportional, integral, 

and derivative gains simultaneously using real-valued vectors. 

 

2.3 Evolutionary Programming (EP) 

Evolutionary Programming (EP) is another paradigm of evolutionary computing, introduced  
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by Lawrence Fogel in the 1960s. Unlike GAs or ES, EP focuses on evolving behaviors rather 

than structures, making it suitable for prediction, control, and pattern recognition tasks. 

Key Features of EP 

1. Representation: 

Individuals are represented as finite state machines, rules, or solution vectors depending 

on the problem. Unlike GAs, the representation is not restricted to binary or fixed-length 

chromosomes. 

2. Mutation: 

Mutation is the primary evolutionary operator in EP. Changes to individuals typically 

include random adjustments to the values or behaviors they encode. 

3. Recombination: 

EP rarely uses crossover. The emphasis is on mutational evolution to explore the solution 

space. 

4. Selection: 

EP employs stochastic tournament or probabilistic selection, where offspring compete 

with parents, and better-performing individuals are retained for the next generation. 

5. Termination: 

EP continues until a predefined number of generations are reached or the population 

performance stabilizes. 

 

Applications of EP 

 Time-series prediction (e.g., stock market forecasting) 

 Control system design 

 Pattern recognition and classification tasks 

 Adaptive decision-making systems 

Example: EP can evolve strategies for stock trading by representing trading rules as individuals 

and iteratively refining them through mutation. 

 

2.4 Genetic Programming (GP) 

Genetic Programming (GP) extends evolutionary principles to evolve computer programs 

or expressions instead of fixed-length chromosomes. Introduced by John Koza in the 1990s, 

GP represents solutions as trees where nodes are functions (e.g., +, −, *, sin) and leaves are 

terminals (variables or constants). 
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Key Components of GP 

1. Representation: 

Solutions are expressed as tree structures, where: 

 Internal nodes represent operations/functions 

 Leaf nodes represent input variables or constants 

 

Example: A symbolic expression f(x)=x2+3xf(x) = x^2 + 3xf(x)=x2+3x could be represented 

as a tree: 

      + 

     / \ 

    *   * 

   / \   \ 

  x   x   3 

 

2. Initialization: 

GP typically generates an initial population of random trees (programs) using methods such 

as full, grow, or ramped half-and-half. 

3. Crossover: 

Subtrees from two parent programs are swapped to generate offspring. This allows GP to 

recombine partial solutions. 

4. Mutation: 

Random subtrees are replaced with new randomly generated subtrees to maintain diversity. 

5. Fitness Evaluation: 

Fitness is measured by how well a program solves the problem, e.g., accuracy in symbolic 

regression, classification accuracy, or computational performance. 

6. Selection: 

Tournament selection, roulette wheel, or rank-based selection is used to propagate fitter 

programs. 

7. Termination: 

GP stops after a set number of generations or when a program meets a performance 

threshold. 
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Applications of GP 

 Symbolic regression 

 Automated program generation and code synthesis 

 Machine learning model evolution 

 AI agent strategy optimization in games 

Example: GP can automatically generate formulas for predicting energy consumption in smart 

buildings based on environmental variables. 

 

3. GENETIC ALGORITHMS: DETAILED OVERVIEW 

3.1 Representation and Encoding 

Choosing an appropriate chromosome representation is critical: 

 Binary Encoding: Solutions represented as 0s and 1s. Suitable for combinatorial 

problems. 

 Real-valued Encoding: Represents solutions as real numbers, used in continuous 

optimization. 

 Permutation Encoding: Used in ordering problems like the Traveling Salesman 

Problem (TSP). 

 

3.2 Selection Methods 

Selection ensures fitter individuals propagate their genes: 

Method Description Advantages Limitations 

Roulette 

Wheel 

Probability proportional to 

fitness 
Simple, widely used 

Premature 

convergence possible 

Tournament 
Random subsets compete; best 

selected 
Maintains diversity 

Requires careful 

tuning 

Rank 

Selection 

Individuals ranked; selection 

probability based on rank 

Reduces premature 

convergence 
Slower convergence 

Elitism 
Best individuals carried forward 

directly 

Preserves top 

solutions 
May reduce diversity 

 

3.3 Crossover Operators 

Crossover combines genetic material: 
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 Single-point Crossover: Splits chromosomes at one point. 

 Two-point Crossover: Two crossover points, exchanges middle segment. 

 Uniform Crossover: Randomly exchanges genes with a fixed probability. 

 

3.4 Mutation Operators 

Mutation introduces diversity: 

 Bit Flip: Flips binary values. 

 Swap Mutation: Exchanges positions of two genes. 

 Gaussian Mutation: Adds Gaussian noise to real-valued genes. 

 

3.5 Fitness Evaluation 

The fitness function is problem-specific and crucial for convergence. Poorly designed functions 

can lead to premature convergence or stagnation. 

Example: For TSP, fitness = 1 / total path length. 

 

4. APPLICATIONS OF GENETIC ALGORITHMS 

Genetic algorithms have wide-ranging applications: 

4.1 Engineering Optimization 

GAs optimize design parameters in mechanical, electrical, and civil engineering, including 

structural optimization, circuit design, and robotics. 

4.2 Scheduling and Planning 

GAs solve complex scheduling problems, such as job-shop scheduling, airline crew scheduling, 

and university timetable optimization. 

4.3 Machine Learning 

GAs are used in feature selection, hyperparameter tuning, neural network weight optimization, 

and symbolic regression. 

4.4 Bioinformatics 

Applications include protein structure prediction, gene expression analysis, and evolutionary 

study simulations. 

4.5 Game and AI Development 

GAs are applied in game strategy optimization, procedural content generation, and AI agent 

training. 
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5. HYBRID APPROACHES AND ADVANCED VARIANTS 

To improve performance, GAs are often combined with other techniques: 

 GA + Neural Networks (Neuroevolution): Optimizes network weights and structures. 

 GA + Fuzzy Logic: Enhances decision-making in uncertain environments. 

 GA + Local Search (Memetic Algorithms): Combines global search of GA with local 

optimization. 

 

6. ADVANTAGES AND LIMITATIONS 

6.1 Advantages 

 Robust to nonlinear and multi-modal problems 

 Population-based search reduces chance of local minima 

 Flexible and adaptable to different problems 

6.2 Limitations 

 Computationally expensive for large populations 

 Premature convergence can occur 

 Requires careful parameter tuning 

 

7. RECENT TRENDS IN EVOLUTIONARY COMPUTING 

Recent research focuses on: 

 Multi-objective Genetic Algorithms (MOGA): Simultaneous optimization of multiple 

conflicting objectives. 

 Parallel and Distributed GAs: Speed up computation using modern hardware. 

 Quantum-inspired GAs: Leverage quantum computing principles for faster convergence. 

 Adaptive GAs: Dynamic adjustment of mutation and crossover rates based on population 

diversity. 

 

FUTURE DIRECTIONS 

Future research may include: 

 Integration with deep learning for automated optimization 

 Scalable hybrid algorithms for large-scale industrial problems 

 Bio-inspired enhancements beyond traditional GA operators 

 Energy-efficient and real-time GA implementations 
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CONCLUSION 

Evolutionary Computing, particularly Genetic Algorithms, remains a cornerstone of heuristic 

optimization. Their ability to efficiently explore complex search spaces makes them applicable 

across engineering, AI, bioinformatics, and industrial domains. While traditional GAs have 

limitations, hybridization, adaptive strategies, and integration with modern computational 

paradigms continue to enhance their capabilities. Continued research promises to expand their 

applicability and efficiency, cementing their role in solving future computational challenges. 
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