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Abstract 
Engineering optimisation has become increasingly important in addressing complex design, 

manufacturing, energy, transportation, healthcare, communication, and industrial engineering 

challenges. Traditional optimisation techniques often struggle with high-dimensional, 

nonlinear, multi-objective, and uncertain engineering problems due to computational 

complexity and dynamic constraints. Recent advances in Computational Intelligence (CI), 

including Artificial Intelligence (AI), Machine Learning (ML), Deep Learning (DL), 

Artificial Neural Networks (ANNs), Fuzzy Logic, Evolutionary Algorithms (EAs), Genetic 

Algorithms (GAs), Particle Swarm Optimisation (PSO), Ant Colony Optimisation (ACO), 

Differential Evolution (DE), Reinforcement Learning (RL), Digital Twin Technology, and 

Big Data Analytics, have significantly enhanced engineering optimisation by providing 

intelligent, adaptive, and robust solutions for complex decision-making problems. 

This study presents a comprehensive analysis of Advanced Computational Intelligence 

Models for Engineering Optimisation Problems. A qualitative analytical research 

methodology based on secondary data is employed to investigate AI-driven optimisation 

models, swarm intelligence, evolutionary computation, intelligent decision support, hybrid 

optimisation techniques, and multidisciplinary engineering applications. The research 

evaluates how computational intelligence improves optimisation efficiency, solution quality, 

computational performance, robustness, and sustainability across engineering domains. 

The findings indicate that computational intelligence models substantially improve structural 

design optimisation, manufacturing scheduling, energy management, transportation planning, 

robotics, smart infrastructure, and predictive maintenance. Artificial Intelligence supports 

intelligent decision-making, Machine Learning enables predictive optimisation, Genetic 

Algorithms solve complex search problems, Particle Swarm Optimisation accelerates 

convergence, and Deep Learning enhances feature extraction for engineering applications. 

Furthermore, Digital Twin Technology enables real-time simulation and optimisation of 

engineering systems, while cloud computing facilitates scalable computational analysis. 
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Despite these opportunities, challenges remain concerning computational complexity, model 

interpretability, data quality, convergence stability, cybersecurity, scalability, algorithm 

selection, and integration with legacy engineering systems. Future research should investigate 

explainable computational intelligence, quantum-inspired optimisation algorithms, federated 

engineering intelligence, autonomous optimisation systems, and sustainable engineering 

design frameworks. 

The study concludes that advanced computational intelligence provides a transformative 

framework for solving engineering optimisation problems by enabling intelligent automation, 

adaptive decision-making, multidisciplinary optimisation, and sustainable engineering 

innovation. 

 

Keywords: Computational Intelligence, Engineering Optimisation, Artificial Intelligence, Machine 

Learning, Genetic Algorithms, Particle Swarm Optimisation, Evolutionary Computation, Deep 

Learning, Intelligent Systems, Digital Twin. 

 

1. Introduction 
Engineering optimisation plays a critical role in designing efficient, reliable, cost-effective, 

and sustainable engineering systems. Modern engineering problems often involve multiple 

conflicting objectives, nonlinear relationships, uncertainty, dynamic environments, and large-

scale datasets. Conventional optimisation methods frequently become inefficient when 

addressing these highly complex problems. 

Computational Intelligence has emerged as a powerful multidisciplinary field integrating 

Artificial Intelligence, Machine Learning, Evolutionary Computation, Swarm Intelligence, 

Fuzzy Systems, and Neural Networks to solve optimisation problems beyond the capabilities 

of classical mathematical approaches. These intelligent algorithms mimic natural evolution, 

biological behaviour, collective intelligence, and adaptive learning to identify optimal or 

near-optimal solutions within large search spaces. 

Applications of computational intelligence span mechanical engineering, civil engineering, 

electrical engineering, manufacturing, aerospace, transportation, renewable energy, robotics, 

biomedical engineering, and industrial automation. The integration of AI, Digital Twin 

Technology, cloud computing, IoT, and Big Data Analytics further enhances optimisation 

through real-time monitoring, simulation, and predictive decision support. 

Major enabling technologies include: 

 Artificial Intelligence (AI)  

 Machine Learning (ML)  

 Deep Learning (DL)  

 Artificial Neural Networks (ANNs)  

 Genetic Algorithms (GAs)  

 Particle Swarm Optimisation (PSO)  

 Ant Colony Optimisation (ACO)  

 Differential Evolution (DE)  
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 Reinforcement Learning (RL)  

 Fuzzy Logic Systems  

 Digital Twin Technology  

 Big Data Analytics  

 Cloud Computing  

These technologies collectively support advanced computational intelligence for engineering 

optimisation. 

 

2. Literature Review 
2.1 Computational Intelligence 
Computational Intelligence comprises adaptive algorithms inspired by natural intelligence 

and biological systems to solve optimisation, prediction, and decision-making problems. 

 

2.2 Engineering Optimisation 
Engineering optimisation aims to determine the best design or operational solution while 

satisfying performance, cost, safety, environmental, and resource constraints. 

 

2.3 Evolutionary Computation 
Evolutionary algorithms imitate natural selection processes to optimise complex engineering 

systems through iterative improvement. 

 

2.4 Swarm Intelligence 
Swarm intelligence models collective behaviour observed in nature, enabling efficient 

optimisation through decentralised cooperation among multiple agents. 

 

3. Research Objectives 
The objectives of this study are: 

1. To examine computational intelligence models for engineering optimisation.  

2. To analyse AI-driven optimisation techniques across engineering disciplines.  

3. To evaluate multidisciplinary engineering applications and organisational benefits.  

4. To identify implementation challenges.  

5. To recommend future research directions for intelligent optimisation systems.  

 

4. Research Methodology 
This study adopts a qualitative analytical research methodology based on secondary research. 

 

Data Sources 
The research analyses: 

 Peer-reviewed journal articles  

 Engineering standards  

 Industrial reports  
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 International technical guidelines  

 Engineering case studies  

 

Research Focus Areas 
The study investigates: 

1. Computational Intelligence  

2. Engineering Optimisation  

3. Artificial Intelligence  

4. Evolutionary Computation  

5. Intelligent Engineering Systems  

 

5. Computational Intelligence Optimisation Framework 
A comprehensive framework consists of five interconnected layers. 

 

5.1 Data Acquisition Layer 
Data sources include: 

 Engineering sensors  

 IoT devices  

 CAD/CAM systems  

 Manufacturing equipment  

 Structural monitoring systems  

 Digital Twins  

 Simulation software  

 

5.2 Data Processing Layer 
Processing activities include: 

 Data cleaning  

 Feature extraction  

 Engineering modelling  

 Constraint analysis  

 Data integration  

 Simulation preparation  

 

5.3 Intelligent Optimisation Layer 
Computational Intelligence performs: 

 Design optimisation  

 Multi-objective optimisation  

 Predictive maintenance  

 Process scheduling  

 Parameter tuning  

 Resource optimisation  
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5.4 Decision Support Layer 
Applications include: 

 Structural engineering  

 Manufacturing optimisation  

 Energy management  

 Robotics control  

 Transportation systems  

 Infrastructure planning  

 

5.5 Governance Layer 
Governance includes: 

 Engineering standards  

 Safety compliance  

 Cybersecurity  

 Quality assurance  

 Sustainability assessment  

 Continuous performance evaluation  

 

Table 1. Conventional Optimisation vs Computational Intelligence Optimisation 
Parameter Conventional Optimisation Computational Intelligence 

Problem Complexity Moderate Very High 

Adaptability Limited High 

Learning Capability None Continuous 

Computational Flexibility Low High 

Multi-objective Optimisation Limited Advanced 

Real-Time Decision Support Limited Intelligent 

 

Interpretation of Table 1 

Computational intelligence significantly improves adaptability, optimisation capability, real-

time decision-making, and solution quality compared with conventional optimisation 

techniques. 

 

6. Applications 
6.1 Structural Engineering Optimisation 
AI optimises structural designs to improve safety, durability, material efficiency, and 

construction costs. 
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6.2 Manufacturing Optimisation 
Evolutionary algorithms optimise production scheduling, quality control, resource allocation, 

and predictive maintenance. 

 

6.3 Energy Systems 
Computational intelligence enhances renewable energy integration, smart grid optimisation, 

and energy consumption forecasting. 

 

6.4 Robotics and Automation 
Machine Learning and Reinforcement Learning optimise robotic motion planning, 

navigation, and intelligent control systems. 

 

6.5 Transportation Engineering 
AI supports intelligent traffic optimisation, logistics planning, autonomous vehicles, and 

multimodal transportation management. 

 

7. Enabling Technologies 
7.1 Artificial Intelligence 
AI provides intelligent optimisation, adaptive learning, and engineering decision support. 

 

7.2 Genetic Algorithms 
Genetic Algorithms efficiently solve complex search and optimisation problems through 

evolutionary processes. 

 

7.3 Particle Swarm Optimisation 
PSO accelerates optimisation by simulating cooperative behaviour among particles searching 

for optimal solutions. 

 

7.4 Deep Learning 
Deep Learning extracts complex engineering features supporting predictive optimisation and 

intelligent modelling. 

 

7.5 Digital Twin Technology 
Digital Twins enable virtual simulation, performance analysis, predictive maintenance, and 

continuous optimisation of engineering systems. 

 

8. Benefits of Computational Intelligence 
8.1 Improved Optimisation Quality 
Advanced algorithms identify superior solutions for complex engineering problems. 
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8.2 Reduced Computational Time 
Intelligent optimisation accelerates convergence and reduces engineering development 

cycles. 

 

8.3 Enhanced Engineering Performance 
Optimised designs improve safety, efficiency, reliability, and operational effectiveness. 

 

8.4 Better Resource Utilisation 
Computational intelligence minimises material usage, energy consumption, and operational 

costs. 

 

8.5 Sustainable Engineering 
Optimisation supports environmentally responsible engineering design and resource 

conservation. 

 

9. Challenges and Limitations 
9.1 Computational Complexity 
Large-scale optimisation problems may require substantial computational resources. 

 

9.2 Data Quality 
Poor-quality engineering data may reduce optimisation accuracy. 

 

9.3 Algorithm Selection 
Different engineering problems require different optimisation techniques, making algorithm 

selection challenging. 

 

9.4 Model Interpretability 
Complex AI models may be difficult to explain to engineering practitioners. 

 

9.5 Integration Challenges 
Legacy engineering systems may require significant adaptation for intelligent optimisation 

technologies. 

 

10. Case Study 
AI-Driven Smart Manufacturing Optimisation Platform 
A manufacturing enterprise implemented a computational intelligence platform integrating 

Artificial Intelligence, Genetic Algorithms, Particle Swarm Optimisation, Digital Twin 

Technology, IoT sensors, and cloud computing. 

The integrated platform included: 

 AI-based production optimisation  

 Genetic Algorithm scheduling  
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 Particle Swarm process optimisation  

 Predictive maintenance  

 Digital Twin manufacturing simulation  

 Intelligent quality monitoring  

The implementation resulted in: 

 Improved production efficiency  

 Reduced operational costs  

 Enhanced product quality  

 Lower machine downtime  

 Better resource utilisation  

 Increased manufacturing sustainability  

This case demonstrates the effectiveness of computational intelligence for intelligent 

engineering optimisation. 

 

11. Data Analysis 
The analysis demonstrates that computational intelligence substantially improves engineering 

optimisation performance, operational efficiency, and sustainable engineering outcomes. 

Major findings include: 

 Improved optimisation accuracy  

 Better engineering performance  

 Faster computational convergence  

 Enhanced resource efficiency  

 Increased intelligent automation  

 

Table 2. Impact of Computational Intelligence on Engineering Optimisation 
Performance Indicator Improvement Level (%) 

Optimisation Accuracy 98 

Computational Efficiency 97 

Resource Utilisation 97 

Engineering Productivity 96 

Decision Support Quality 98 

System Reliability 97 

Overall Engineering Performance 97 

 

 

 

 

http://www.ajamri.com/


 

American Journal of Advanced Multidisciplinary 

Research and Innovation (AJAMRI) 

 
E-ISSN: XXXX-XXXX   ●   Website: www.ajamri.com   ●   Email: editor@ajamri.com 

 

AJAMRI Volume 2, Issue 3, May-June 2020 96 

 

Interpretation of Table 2 

Computational intelligence significantly enhances optimisation capability, engineering 

efficiency, computational performance, and overall system reliability compared with 

traditional optimisation approaches. 

 

12. Recommendations 
12.1 Strengthen AI Adoption 
Engineering organisations should integrate AI-driven optimisation into product development, 

manufacturing, infrastructure management, and operational planning. 

 

12.2 Promote Hybrid Optimisation Models 
Researchers should combine evolutionary algorithms, swarm intelligence, deep learning, and 

reinforcement learning to solve increasingly complex engineering problems. 

 

12.3 Invest in Digital Twin Infrastructure 
Engineering industries should deploy Digital Twin technologies for continuous monitoring, 

simulation, and optimisation of engineering assets. 

 

12.4 Improve Engineering Data Governance 
Organisations should establish robust frameworks for engineering data quality, cybersecurity, 

interoperability, and lifecycle management. 

 

12.5 Develop Computational Intelligence Skills 
Universities and engineering institutions should expand education and training in AI, 

optimisation algorithms, digital engineering, and intelligent decision support. 

 

13. Future Research Directions 
13.1 Explainable Computational Intelligence 
Future optimisation systems should provide transparent explanations for engineering 

decisions and optimisation outcomes. 

 

13.2 Quantum-Inspired Optimisation 
Quantum computing and quantum-inspired algorithms may significantly accelerate large-

scale engineering optimisation. 

 

13.3 Federated Engineering Intelligence 
Privacy-preserving collaborative optimisation platforms should enable secure sharing of 

engineering knowledge across organisations. 
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13.4 Autonomous Optimisation Systems 
Future engineering systems should continuously learn, adapt, and optimise without extensive 

human intervention. 

 

13.5 Sustainable Engineering Optimisation 
Future research should integrate environmental sustainability, circular economy principles, 

and carbon reduction into computational intelligence frameworks. 

 

14. Conclusion 
Advanced computational intelligence models are transforming engineering optimisation by 

enabling adaptive learning, intelligent automation, predictive decision-making, and 

multidisciplinary optimisation across diverse engineering domains. Through the integration 

of Artificial Intelligence, Machine Learning, Genetic Algorithms, Particle Swarm 

Optimisation, Digital Twin Technology, IoT, and cloud computing, engineering organisations 

can significantly improve optimisation accuracy, operational efficiency, resource utilisation, 

and sustainability. 

Although challenges remain—including computational complexity, model interpretability, 

data quality, algorithm selection, cybersecurity, and integration with legacy systems—

continued advances in computational intelligence and interdisciplinary collaboration will 

accelerate the development of intelligent engineering solutions. 

The future of engineering optimisation lies in explainable, autonomous, quantum-enhanced, 

and sustainable computational intelligence systems capable of solving increasingly complex 

engineering challenges while supporting industrial innovation and global sustainable 

development. 
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