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Abstract
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Trusses and frames, also known as skeleton-like structures, are some of the most
commonly used structures in daily life engineering systems. Using such structures is
advantageous since they are inexpensive and simple to construct. It is also easier to build
this type of structures in difficult-to-access areas. The structures can be used as roof
structures, bridge structures, transmission and communication towers, wind turbine
towers, vehicle frames, civil engineering structure, and mechanical parts etc. With the
invention and development of computer hardware and software as well as overwhelming
research work towards structural design, it has been found that the use of optimisation in
combination with finite element analysis greatly enhance a design process of the
structures. The most popular optimisers for truss and frame design are evolutionary
algorithms (EAs) due to their simplicity, robustness, and ability to deal with discrete
design variables. None-the-less, their inevitable drawbacks still remains, which are a low
convergence rate and a lack of search consistency.

As a result, this work is conducted so as to improve search performance of EAs.
The performance enhancement is investigated in two ways. Firstly, the hybridisation
between EAs is investigated. The second type of hybridisation is using EAs as the main
algorithm while a local search technique is used to accelerate its convergence. In this
project, it has been shown that the integration between real-code population-based
incremental learning and differential evolution is an efficient method for multiobjective
optimisation of trusses. A local search technique called an approximated gradient was
created for both unconstrained and constrained optimisation. It has been found that the
approximate gradient is a powerful local search technique for multiobjective evolutionary
algorithms (MOEAS) in solving mutiobjective optimisation of trusses. The simplex
downhill method has been integrated into the main procedure of real-code ant colony
optimisation resulting in a powerful hybrid evolutionary algorithm for constrained
mechanical design problems. The hybrid real-code population-based incremental learning
and differential evolution has been extended and then used to solve simultaneous
topology and sizing multiobjective optimisation of pipe network. It is shown that the
hybrid algorithm is superior to other existing MOEAs. Further demonstration of hybrid
approached has been made. The differential evolution algorithm and teaching-learning
based optimisation have been hybridised for solving a strip coiling process where the
hybrid method is superior to other EAs. The two-level population-based incremental
learning using binary strings has been proposed for anti-optmisation of trusses. The
method is proven effiective for such a design type.



Moreover, an automate design process of trusses and frames has been studied. The
automate design of truss also known as simultaneous topology, shape and sizing
optimisation is a means to help inexperienced designers to be able to design structures as
effectively as those who are highly experienced provided that the inexperience ones have
good backgrounds in structural analysis and optimisation. The automate design processes
of two- and three- dimensional trusses and frames have been investigated. The automate
design process is based on a ground element approach. It has been illustrated that the use
of adaptive ground element is the better choice for the automate design. Finally, this
project leads to a training course on truss optimisation.

Keywords: Evolutionary Algorithms; Structural Optimisation; Finite Element
Analysis; Hybrid Algorithms; Adaptive Ground Elements
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