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Abstract

The task of providing optimal composite structures is increasingly difficult. New analysis
approaches seek to model the material at the fibre/matrix scale and increasingly more control
is sought over the material, for example optimising individual tows, and the structure, where
new manufacturing techniques are proposed that will allow revolutionary new topologies. This
additional complexity will stretch design engineers and as such it is important that state-of-the-
art design methods are implemented to help take advantage of these exciting new opportunities,
including computational optimisation methods. To determine best practice and the current
limitations of the techniques a review of Genetic Algorithms in optimisation of composite
materials and structures is performed over the last 10 years. This is compared to a technical
review of the developments of Genetic Algorithms in the evolutionary computation literature.
By better understanding how Genetic Algorithms are used in composite structures and
comparing to evolutionary computational literature, recommendations are provided to help
increase the use of Genetic Algorithms in solving composite optimisation problems in the
future.
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1 The importance of Genetic Algorithms to optimisation of composites

Optimisation techniques are widely used across many different disciplines. They are best used
to provide innovative solutions or to gain insights into complex problems. Evolutionary
algorithms are one of the most popular categories of optimisation techniques, especially in
engineering design, as they are capable of finding solutions in large and complex search spaces.
A database of applications of evolutionary algorithms, Coello Coello [1], shows 4,983 papers
utilising evolutionary algorithms to solve multi-objective optimisation problems from 1988 to
2017. The proportion of different evolutionary algorithms from this database are summarised
in Fig. 1, where the papers with titles containing ‘evolutionary algorithm’ are not counted since
it is hard to distinguish and summarise which evolutionary algorithm is used in each of those
papers. The main evolutionary algorithms used are: Genetic Algorithms (GAs), Particle Swarm
Optimisations (PSOs), Ant Colony (AC), Simulated Annealing (SA), Differential Evolution
(DE), Immune Algorithms (1A), Artificial Bee Colony (ABC) and Firefly Algorithm (FA). The
largest proportion of algorithms being used are Genetic Algorithms which occupy 56% of
applications, showing the continued popularity of this type of optimisation algorithm despite
the increasing competition from other methods.
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Fig. 1 Popular evolutionary algorithms in the past 30 years

The publications from this database, related to Genetic Algorithms, fall into 23 research broad
fields. These fields, and the number of publications in each field, are shown in Fig. 2 where the
composite structures optimisation theme is ranked in the lower half, indicating that there might
be room for greater uptake of these methods to help understand the behaviour of these materials.
As a field optimisation algorithms are used less in composite structures and materials than in
similar engineering themes such as Aeronautics & Astronautics and Material Manufacturing,
though there might be some overlap between them. Whilst Composite Structures might be
considered to be a small field, its complexity and importance require consideration for how
optimisation techniques can be better utilised to help future research and industrial applications.
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Fig. 2 Multi-objective optimisation papers published in different fields in the last 30 years [1]



Due to the importance of optimisation to the future of composite structures, and the significance
of Genetic Algorithms within the field of optimisation, the use of Genetic Algorithms in
Composite Structures/Materials is reviewed in this paper. In order to cover all relevant papers
on this topic, allowing a more critical review of the state-of-the-art, the publications related to
composite material/structure optimisation in 17 journals are reviewed: Composites Science and
Technology (CST), Composites Part A: Applied Science and Manufacturing (CPA),
Composites Part B: Engineering (CPB), Composite Structures (CS), Applied Composite
Materials (AppCM), International Journal of Solids and Structures (1JSS), Journal of
Composite Materials (JCM), Journal of Sandwich Structures & Materials (JSSM), Thin-
Walled Structures (TWS), Computer Methods in Applied Mechanics and Engineering
(CMAME), International Journal of Mechanical Sciences (IJMS), American Institute of
Aeronautics and Astronautics journal (AIAA), Steel and Composite Structures (SCS), Journal
of Composites for Construction (JCC), Marine Structures (MS), Materials and Design (MD)
and Structural and Multidisciplinary Optimisation (SMO) are selected over a decade from
2008-2017. These journals are deemed to be representative of best practice in composite
optimisation in the rest of the literature. There are 63,780 total publications in these 17 journals
from 2008 to 2017 with 1,458 papers found by searching the keywords “Genetic Algorithm for
composite material and structure”. These are reduced to 321 papers by removing overlapping
papers or those that mention Genetic Algorithms but do not use them. The details of these 321
papers are listed in a data attachment. The quantity of composite optimisation papers using
Genetic Algorithms over the last decade has been summarised in Fig. 3a. The top five journals
that having the highest number of composite optimisation papers using Genetic Algorithms
have been broken down by year and is illustrated in Fig. 3b. It shows that the interest in this
area has been increasing over the last 5 years.
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Fig. 3 Number of optimisation papers utilising Genetic Algorithms published: (a) in each
journal; (b) in the selected journals by year

This growth in publications using Genetic Algorithms indicates that the complexity of the
problems being solved is increasing and will continue to do so. To solve these problems the
selection of the Genetic Algorithms, and how they are used, are important. The ‘no free lunch’
theorem states that two optimisation algorithms have the same performance when averaged
over all possible optimisation problems. The design space in each problem has different
characteristics for example: multimodal, biased, deceptive, concave/convex,
continuous/discontinuous, single, multi- and many-objective and dynamic; and general solvers
have generally good performance across all of the characteristics but cannot reach the
performance spike of a specialist solver when used to solve a problem dominated by that
characteristic. Conversely these specialist solvers own performance quickly degrades on
problems with different characteristics to its own speciality. This is supported by work in
evolutionary computation where there is a difference between the performance of specialist
algorithms and the general solvers across a range of constrained and unconstrained problems
[2]. This choice between general and specialist solvers creates a problem when selecting the
correct algorithm as it is possible that practical problems are dominated by multiple
characteristics, meaning that specialist solvers will perform poorly. However, some composite
optimisation problems have simpler design spaces, dominated by one characteristic, and as
these problems become more complex general solvers may not find the optimal results, or may
require a larger number of function evaluations and time to solve. In addition to the type of
solver in all optimisation problems there is a balance between convergence, which moves the
search towards the optimal solution, and diversity, which ensures the entire search space is
covered. Many different types of problems require Genetic Algorithms with strong
convergence mechanisms, unconstrained and dynamic problems for example, but increasingly



there are cases where diversity mechanisms are shown to be important; for example
discontinuous and constrained problems. In addition the increase in complexity of the problems
seems to require solvers with stronger diversity preserving mechanisms. In some cases this
diversity seems to dominate even when the problem is posed simply with limited design
variables as witnessed in Wang et al. [3] and Mutlu et al. [4].

Therefore, the selection of the correct algorithm is not a simple problem and can greatly affect
the performance; it requires an in-depth knowledge of evolutionary computation and composite
structures/materials. This paper therefore reviews how Genetic Algorithms are currently being
used in the literature before a technical review of some specific composite optimisation
problems is performed and compared to the mechanisms of the latest evolutionary computation
methods, to find compatible solutions. Recommendations are then made to help improve the
performance of Genetic Algorithms on composite optimisation problems.

2 Common applications in the composite optimisation literature
2.1 Common composite optimisation applications

The main applications for optimisation within composite structures are briefly reviewed:;
although Nikbakt et al. [5] provide a more detailed categorisation of composite structural
optimisation problems using similar categories. The literature is split into three main themes:
input variables, objectives and applications. Within these there are 12 major categories which
composite optimisation can be split into including design variables: laminate stacking sequence
(LSS) and shape optimisation (SO); objectives: weight, cost, buckling, deflection, mechanical
properties (MP) and natural frequency (NF); and applications: microwave absorption
performance (MAP), woven fabric composites (WFC) problem and progressive failure (PF).
The proportion of each category are summarised in Fig. 4. The laminate stacking sequence
(LSS), weight, buckling and mechanical properties (MP) optimisations occupy the highest
proportions.
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Fig. 4 Proportion of each optimisation topic



Within these applications there are a number of ways to evaluate the fitness of the composite
structures and each method significantly influences the computational time of the optimisation.
The selection of the method can restrict the total number of fitness evaluations that can be
implemented during the optimisation or if rapid techniques are used, can increase the
importance of the computational expense of the Genetic Algorithm. The methods found in the
literature are: finite element method (FEM), surrogate models, artificial neural networks
(ANNSs), analytical models and constitutive relationships, with the proportions shown in Fig.
5. It is found that over half of the papers, ~59%, utilise FEM with the other methods having a
similar representation, at 8-13%. Despite its accuracy the FEM process is computationally
expensive when compared with the other four methods as the function evaluation methods and
restricts the number of function evaluations that can be used. It is found that when using FEM
methods as the objective evaluation method, ~90% utilised less than the average function
evaluation number, 60,000 total calls, which is a low value for a complex optimisation problem
and is likely to be set due to the computational time constraint. Surrogate modelling or ANNS,
used as a surrogate model, are introduced to be the fitness evaluation tool when the problem is
too time consuming to utilise it. However, these methods often mean that the complexity of the
problem is reduced, and the optimisation becomes more prescriptive, or accuracy might be lost,
and the developed Pareto front may not relate to one developed using a more accurate method.
It is therefore important to carefully consider the impact of different fitness evaluation methods;
whilst FEM, or similarly more accurate methods, might provide more accuracy it reduces the
number of function calls in most optimisation trials, and therefore a sub-optimal set of results
might be found. Analytical or surrogate models reduce the accuracy or freedom of the model,
but this might provide a set of optimal results that can be refined with a smaller number of
FEM calls to adjust the final results.
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Fig. 5 Proportion of each fitness evaluation method

The most popular application for Genetic Algorithms is the optimal stacking sequence for
composite laminates, investigated by ~21% of papers. This is because the ply angle
significantly influences the performance of laminated composite structures and is affected by
the loading conditions. All of the papers show improved performance of the composite



laminates after achieving the optimal stacking sequence. However, it is found that the optimal
stacking sequence achieved by [6-15] are similar since they limit the potential fibre orientation
angles to {0°, £15°, £30°, +45°, £60°, 90°} degrees. The rest of the papers set continuous fibre
orientations, so any angle from 0°-90° is possible, or discrete fibre orientations with increments
of one or five degrees. However, the fibre orientation is often fixed to guarantee the
manufacturing feasibility, which implies that the optimal stacking sequence achieved from
continuous or discrete fibre orientations are not applicable in the real-world composite
structures [8-13]. This implies that the Genetic Algorithms are less useful for achieving
optimal solutions since the best results can be achieved using an exhaustive search as these
fixed patterns of the fibre orientations significantly limit the search space. This is unless the
stacking sequence optimisation is in conjunction with complex loadings or structural
geometries, which is not the case for much of the literature. In these scenarios bi-level
optimisation of laminated composite structures will be required to reduce the complexity in
these hot spot regions as other the number of variables for the entire structure will become
unsearchable.

The second largest proportion of the literature is focused on weight minimisation where most
papers solved single objective optimisation problems. In these studies the relationships
between the weight and other features of the composite structure remain unknown. This
restricts the range of applications for the optimised results, making them less interesting for
real-world applications, as the structures may underperform in other areas, though there are a
few multi-objective optimisation investigations. The addition of these objectives is important
as illustrated by Wang and Sobey [16] who find 643 design schema that achieve an improved
strength to stiffness ratio compared with an existing design of a triaxial weave fabric composite
when using a multi-objective optimisation. However, this number is reduced to 15 when an
additional objective of areal density is added, making the results more realistic. The results also
show another 17 design schema which have slightly higher areal densities but achieve
significantly improved strength to stiffness ratios that would have been lost in a single objective
optimisation but inform the structural designer of more options [3].

The third most popular optimisation topic in composite literature is buckling performance.
Many of the studies implement surrogate models to effectively approximate the value of
objective functions due to the high computational expense in simulating buckling. The method
significantly reduces the computational time caused by FEM method. However, the results
from most of them are not compared to those generated with FEM, so the accuracy of these
results for optimisation remains uncertain. Optimisation of mechanical properties is the fourth
most popular composite optimisation problem. In these cases increasing the performance of
one mechanical property can easily reduce the importance of another such as in
tensile/compressive strength, tensile/compressive stiffness and shear strength/stiffness. It is
therefore important to perform multi-objective optimisation to improve the applicability of the
results but this topic has the lowest number of multi-objective optimisation among the four
popular topics.

2.2 Bibliometric review of composite optimisation

A key issue in the current composite optimisation literature is a generally poor documentation
of the Genetic Algorithm parameters, making it difficult to evaluate the validity and
consistency of the optimisation results. In this section a number of parameters considered to be



vital for replication of results or interpretation of performance are investigated and typical
values from the literature are given to capture the current state of the art. Of the papers reviewed

only ~62% of papers explicitly state the name of their employed Genetic Algorithms, shown
in Fig. 6.
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Fig. 6 Proportion of papers documenting the utilised Genetic Algorithm

This lack of documentation is perhaps related to a general consideration that any Genetic
Algorithm can be used to solve any problem, and it is therefore suspected that many of the rest
of the ~38% papers use old solvers. This is supported by the fact that ~80% of authors only
published one composite optimisation paper in the last 10 years with limited authors repeatedly
utilising these tools and becoming specialists, illustrated in Fig. 7.
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Fig. 7 Papers published on composite optimisation using Genetic Algorithms per author

A range of Genetic Algorithms are used from the most basic versions, which are similar to
those developed in the 1970’s, to BIANCA which is developed in 2010 and utilised by the
same authors [17] in the composite optimisation literature. The proportion of the literature
using each algorithm is illustrated in Fig. 8. Of those papers that document the name of the
Genetic Algorithm 75% of the papers use: standard GA, MATLAB GA, NSGA-II, Micro-GA,
Multi-island GA, BIANCA and hybrid GAs, where more than one mechanism works on the
same population. It is shown that the NSGA-II and MATLAB GA toolbox have the highest



proportion making up 48% of all the frequently used Genetic Algorithms. This means that most
of the literature uses older GAs or those that are less popular in the computer science literature.
NSGA-I1 shows the top performance on a range of practical problems, making it an excellent
selection especially where the optimisation problem has not been categorised or where there is
more than one dominant characteristic to the optimisation problem, though there are now more
recent algorithms showing both high diversity and convergence of search leading to better
performance as general solvers.

Genetic Algorithms are good at solving problems with large search spaces but traditionally
require substantial computational effort to find the true Pareto front. Therefore, other search
methods are combined with Genetic Algorithms to push the solutions to the real optimal
solutions with an acceptable computational cost, such as particle swarm optimisers (PSOs) and
local search methods. NSGAIILS [18], BCE [19] and MTS [20] are good examples for
hybridisation with local search methods. In the composite literature PSOs are the most
frequently used algorithm in the hybridization with Genetic Algorithms, used in six papers of
the total 29 papers, followed by a local search method, such as the Levenberg-Marquardt
method that is used in three papers. However, of the hybrid algorithms ~59% use unknown
Genetic Algorithms. Furthermore, only three papers perform benchmarking of hybrid Genetic
Algorithms and therefore to assess the capability of these hybrid Genetic Algorithms for
solving composite optimisation problems becomes difficult.
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Fig. 8 Frequently utilised Genetic Algorithms in the composite optimisation literature

The genetic operator types and rates have a significant influence on the performance of solvers
as it is important to find a balance between the exploration and exploitation ability of the
algorithms in order to achieve the global optimum [21]. Exploration means exploring the entire
search landscape as comprehensively as possible, which is accomplished by mutation operators
and specific diversity retaining mechanisms. While the exploitation is accomplished by the
crossover operator, which pushes the search towards the current optimal solution. Most
developments in the evolutionary computation field focus on increasing the convergence of the
algorithm. More detailed information about the genetic operators are often not included, as



shown in Fig. 9; only ~34% of the papers state the type of selection mechanism, ~26% give the
mutation operator, ~27% document the use of elitism and ~29% provide the type of crossover
mechanism that they use. In terms of repeatability of these results ~58% of the 321 papers miss
the crossover rate and ~61% don’t state the mutation rate, though many modern algorithms are
not sensitive to these specific values and the tuning performed in the original papers tends to
provide close to optimal performance across most problems.

Of those papers that do incorporate this information the most popular used selection, crossover
and mutation operators are roulette wheel/tournament selection, single point crossover and
gene swap mutation, which indicates binary coded Genetic Algorithms developed in the 1980°s
and 90’s. It is considered likely that the 38% of papers that did not state the Genetic Algorithm
were also older solvers, defined here as those developed before 2002 as this was the year
NSGA-II was developed which is the oldest Genetic Algorithm that still shows top
performance on many practical problems and is frequently considered in the evolutionary
computation benchmarking. Approximately 1% of the literature does not include mutation
operators, meaning that there are no mechanisms to retain the diversity of the search, and ~73%
don’t mention elitism mechanisms, a key element in improving the performance of genetic
algorithms since 1975. The missing genetic operator type makes it difficult to assess the
validity of the results or to characterise why a given algorithm may have been successful. This
means that even if the optimisation proves to be successful, with quick convergence and
accurate results, the information about the type of solver optimal to this problem is lost and so
it is hard to replicate the results or to generate new algorithms to solve similar, but more
difficult, problems in the future.
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Fig. 9 Proportion of publications stating the name of the utilised genetic operators

In addition to the poor documentation of the mechanisms for the Genetic Algorithms the
hyperparameters used within the algorithms are often not recorded. Only around 48% of papers



state the population size and generation number or the total number of fitness evaluations,
illustrated in Fig. 10. It is suspected that many of the papers that do not state the information
for the number of function evaluations use smaller numbers of calls to reduce the computational
time but this may compromise the quality of the solutions. In addition the population size must
be appropriate to the problem type and solver, which affects the diversity of the population and
convergence rate. These values are vital in allowing a fair benchmarking and demonstrating
improvements in methodologies, in addition the use of a small number of function evaluations
may reduce confidence in the final result.

Of those papers documenting the hyperparameters the most frequently used number of
population size is 50 and the most frequently used generation numbers are jointly 50 and 100
meaning that the most frequently used number of total function evaluations is 5,000 and ~93%
of the 321 papers use less than 100,000 total function evaluations for solving complex
composite optimisation problems. However, the computational science literature utilises
300,000 total function calls as standard to solve mathematical optimisation problems, where
the optimal solutions has not been found even when using the state-of-the-art solvers. This
indicates that the problems selected for testing in the composite science literature are less
complicated than the benchmarking problems in the evolutionary computation literature or that
the optimal designs may not have been found. Recent studies [3,4,22,23] show that the
complexity of even simple composite optimisation problems is high in comparison to those
found in evolutionary computation, possibly due the problems being dominated by multiple
characteristics. However, there must be some realisation that not all of the applied literature
will be seeking to find the optimal results and that an improvement on the current performance
may be all that is required.

In terms of population size then the standard from most of composite optimisation literature is
50 and most of the evolutionary computation is 600 with some authors recently showing better
results with 1500 population sizes [3]. In many cases engineers use a much smaller population
size, but this may not contain the necessary diversity of species to ensure a full search of the
design space in many cases, though it may help convergence. In many cases it is likely that the
optimisation converges early in the generation cycle, supported by many of the documented
Pareto fronts in the literature looking unresolved or where graphs of the fitness function remain
static for long periods towards the end. This means these function calls are wasted and a larger
diversity is required to search more of the space, a more powerful algorithm is required or the
optimal results have indeed been obtained. For biological systems it is estimated that at least
10,000 population sizes are required to retain genetic diversity, so even these numbers, 600-
1500, are small by evolutionary standards.
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Fig. 10 Documentation status of hyperparameters

It addition to ensuring the function calls are utilised to match diversity and convergence it is
important to have several independent run cycles to ensure that the final solutions have been
achieved as Genetic Algorithms are stochastic solvers and the final solution is dependent on
the initial population in a number of algorithms. However, only ~14% of papers state the
number of repeated run cycles as shown in Table 1, where it is shown that a range of values
are used from 2-100. It is suspected that many of the papers that do not provide a value for the
number of repetitions give results from a single run meaning that the authors of these papers
are not able to evaluate the robustness of the algorithm and it is difficult to determine the
accuracy of the final results. Of those papers with a higher number of run cycles, two papers
with high values are not independent cycles to determine statistical distributions of the
solutions [24,25] but are used to generate the Pareto front using a weighted sum approach to
solve a multi-objective problem by changing the weights 50 and 100 times to find the Pareto
front, requiring many more function calls than a standard multi-objective approach. In
evolutionary computation the standard value for benchmarking of Genetic Algorithms is 30
run cycles, of which 15 papers used this value or higher, to ensure enough data to determine
the performance of a methodology. This is perhaps too high where the solution is the output,
rather than a justification of the method, but recent papers are showing that many solvers
require multiple attempts to find the entire Pareto front [3].



Table 1 Documented distribution for the number of independent run cycles

No. of independent run cycles | No. of papers References
Unrecorded 276 -
1 2 [24,25]
2 2 [26,27]
3 2 [28,29]
4 3 [30-32]
5 8 [9,33-38][39]
6-20 12 [40-47][48-51]
25 1 [27]
30 3 [15,53,54]
40 1 [55]
50 3 [56-58]
100 8 [59-66]

The optimisation problems are categorised into single objective, multi-objective and weighted
multi-objective problems, which reduces the multiple objectives down to one objective by
using a weighted sum approach. Multi-objective is generally considered to be the most
interesting category since the results can be used by engineers to better understand the design
space and from which engineers can pick designs that match to other considerations that may
not be included in the optimisation. In addition the lessons for other researchers are increased
by having the whole front, allowing more areas of interest to be published and allowing any
areas of the search space that are difficult or impossible to find to be highlighted. An additional
disadvantage is that the results from a weighted sum approach are highly dependent on the
selection of the weights and it is hard to accurately select the correct weights between
objectives to precisely achieve solutions, even for experts. However, many authors select this
approach as, for the same optimisation problem, using single objective and weighted sum
approaches can help to simplify the problem and more traditional Genetic Algorithms are able
to solve these problems, especially if the design variable spaces are small and/or simple.
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I Weighted Multi-Objective
I Multi-Objective
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Fig. 11 Proportion of publications solving single objective and multi-objective problems

The composite optimisation literature relies heavily on single objective optimisation problems,
illustrated in Fig. 11. In total ~80% of papers focus on single objective and weighted multi-



objective problems. This may explain the lack of more modern Genetic Algorithms in the
composite optimisation literature, as these are designed with diversity retaining mechanisms
rather than the convergence dominated algorithms required for single objective problems. For
the single objective and weighted multi-objective problems the convergence information is not
comprehensively documented, summarised in Fig. 12, where over half of the papers do not
state the converge information. It is suspected that the final solutions in much of this ~56% of
the single objective optimisation may stop at a local optima. In total ~29% of papers solve
problems with multiple objectives, where ~9% of the total are weighted multi-objective
optimisation and ~20% of the total are multi-objective optimisation.
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Fig. 12 Proportion of papers providing convergence information for single objective
problems

In terms of the variable space then ~17% of papers don’t have or miss documentation of the
variables used or the range over the simulations are performed and ~31% of papers don’t
document the constraints, illustrated in Fig. 13. The maximum and median number of variables
through all the 321 papers are 217 and 5 respectively and the maximum and median number of
constraints are 16 and 3. These numbers indicate the complexity of composite optimisation
problems, requiring state-of-the-art Genetic Algorithms with the correct hyperparameters. The
missing design variables and constraint information makes it difficult to determine the accuracy
of the optimisation results and the lack of details defining the relationship between the variable
space and objective space makes it impossible to replicate.

In large-scale real-world composite structures there are potentially thousands of dimensions in
the variable space. The main difficulties in solving these problems are the computational cost
and the multi-modal shape of the search space, which contain many local optima. The computer
science literature is developing methods to improve Genetic Algorithm performance on these
problems using different methodologies, such as applying compression and decompression on
the encoding chromosome to reduce the search space [67], parallel implementations of Genetic
Algorithms on Central Processing Unit (CPU) and Graphic Processing Unit (GPU) [68-70]
and developing a customised Genetic Algorithm for finding near-optimal solutions [71], to
reduce the complexity of the problems and to improve the computational efficiency. The
problems being tackled can contain billions of variables but are still flat in comparison to real-
world problems, with limited multi-modality, and reduce the complexity by looking at single
objective problems. In the composite optimisation literature there is still limited literature



discussing and developing methodologies for solving these large-scale optimisation problems,
limiting the practicality of these problems.

In the 29% of papers that solve problems with multiple objectives 15 papers solved problems
with more than 2 objectives. The highest number of objectives is 21 and second highest is 6
but in both cases one fitness function is formed using a weighted average approach, the rest of
the papers use 3 objectives. 8 of the 15 papers generate a Pareto front surface to illustrate the
optimal solutions for the 3 objectives including one paper which generates a Pareto front
surface by tuning the weights. There are 8 papers which use a weighted average approach to
solve these problems. Solving many-objective optimisation problems, defined as problems
with 4+ objectives, provides additional challenges as the solutions must simultaneously satisfy
several design requirements. The main difficulty in solving many-objective optimisation
problems is that with the additional objectives it is less likely that one solution dominates the
other solutions in the population. While the complexity of solving these problems is difficult,
they provide the most interest as the additional complexity means that humans struggle to make
rational decisions about the design but where computational analysis can be most helpful in
visualising the trade-off between objectives. There is a strong focus in computer science
literature for improving the performance of algorithms on problems with four and more
objectives and several Genetic Algorithms for solving many-objective optimisation problems
have been developed, such as cMLSGA [23], U-NSGA-III [72], HEIA [73] and BCE [19].
However, the test functions for these problems are still relatively few and biased towards
certain types of search space. This means the performance of algorithms on these problems is
particularly difficult to relate to composite structural optimisation and there must be more
emphasis on developing benchmarking problems of this complexity in the composite structures
field in the future.
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Fig. 13 Proportion of papers stating (a) design variables information (b) constraints
information

2.3 Multi-objective optimisation in composites structures

Pareto fronts provide the set of non-dominated solutions for a multi-objective problem, with
an example illustrated in Fig. 14. This is based on Pareto optimality first proposed by Pareto
[74] in 1906 which is the set of optimal results for a given problem. Each point represents an
optimal design point, each with a different weighting for the objectives. This allows the
objective space to be visualised and for users to quickly determine how changes to a composite
design are reflected in performance. They can also provide a clear link between how the
objective space relates to the variable space, for instance are points next to each other in
objective space next to each other in variable space? If they are then small changes to the
variables relate to small changes in the objectives and the space is easy to interpret for an
engineer.

Finding the Pareto front reflects best practice in multi-objective optimisation with 61 papers
illustrating the final Pareto fronts [15,24,31,36,46,75-130]. Of these 55 papers perform multi-
objective optimisation and 8 papers utilise a weighted average approach to generate Pareto
fronts, including two papers which present both methods across different problems, preferring
the weighted sum approach for the 3 objective problem. The proportion of papers finding the
Pareto front in solving multi-objective optimisation and weighted multi-objective optimisation
problems are summarised in Fig. 15. Weighted multi-objective optimisation generate Pareto
fronts by repeatedly changing weights in repeated runs, for example the weights 1 and 0 are
run followed by 0.99 and 0.01 through to 0 and 1, and all of these points are plotted as the
Pareto front. Although the weighted sum approach is a straightforward implementation since
single objective Genetic Algorithm can be utilised through minor modifications and weighted
multi-objective Genetic Algorithms are efficient, they are not recommended as all of the
Pareto-optimal solutions cannot be achieved through this method especially when the real
Pareto front is non-convex and the process is slow to achieve a good density of points. For
example a typical Pareto front would contain 400-1000 points from one simulation which
would require the same number of repetitions from a weighted sum approach. The reason why
multi-objective optimisation papers are performed that don’t provide Pareto front is unknown.
However, these Pareto Fronts are complex to find and require advanced Genetic Algorithms to



produce good results on modern problems, for example NSGA-II or more recent but most
modern Genetic Algorithms are developed to find these Pareto Fronts. These modern
algorithms will not work properly with single-objective or weighted multi-objective
approaches, so it is important that more optimisation is performed using multi-objective
problems so that more modern algorithms can be used in addition to the beneficial information

these Pareto Fronts provide.
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Fig 14. Illustration of a Pareto front, including non-dominated and dominated solutions, on a
bi-objective minimisation example
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Fig 15. Proportion of papers generating Pareto fronts when solving (a) multi-objective
problems (b) weighted multi-objective problems

The final Pareto fronts should have three basic elements [131]: (1) the best achieved Pareto
front should be as close as possible to the true Pareto front; (2) the best achieved Pareto front
should be uniformly distributed and diverse as wider as possible in order to provide the
decision-maker a true picture of trade-offs; (3) the best achieved Pareto front should capture
the entire spectrum of the Pareto front. However, for engineering optimisation, as for most real
world optimisation, the true Pareto front is not known. Wang et al. [3,132] propose a mimicked
inverted generational distance (mIGD) approach inspired by the IGD value calculated in the
evolutionary computation literature to evaluate the accuracy and diversity of Pareto fronts.
They combine all of the Pareto front solutions from all of the independent run cycles, from
each of the algorithms that are benchmarked. Non-domination and duplication checks are
implemented on this combined Pareto front set to filter it and create a ‘true Pareto front’. They
then calculate the mIGD values of the obtained Pareto fronts from each algorithm to this
mimicked ‘true’ Pareto front to assess the performance of each benchmarking algorithm and
whether the obtained Pareto front has been resolved, mIGD is defined in equation 1,

mIGD(0,M*) = W, (1)

where M* is a set of points along the mimicked Pareto front, O is a set of points on the currently
obtained Pareto front, v represents each point in the set M* and d(v, 0) is the minimum
Euclidean distance between v and the points in O; lower mIGD values reflect a better quality
and diversity of the obtained Pareto front.

Another indicator which can be utilised to evaluate the performance of the obtained Pareto
fronts is Hyper Volume (HV). This metric is more representative in determining the diversity
of the population that has been found and using the IGD and HV together give a strong
indication of how an algorithm has performed on a problem both in terms of convergence and
diversity. The Hyper Volume demonstrates the volume of the objective space between the



obtained Pareto front points and a predefined reference point [133]. A fast way of calculating
the HV is demonstrated in [134]. Both the HV and IGD are sensitive to the selection of
reference points. This is especially the case for the IGD indicator as it requires a large number
of uniformly distributed reference points to guarantee the accuracy. However, HV has
problems when sorting objectives with different ranges [134]. In the benchmarking of Genetic
Algorithms it is best practice to use both indicators to evaluate the solvers with IGD indicating
the accuracy of the obtained Pareto fronts and HV the diversity.

2.4 Review of available Genetic Algorithm benchmarks on composite structures

The proportion of papers performing benchmarking is shown in Fig. 16. Of these papers only
~13% of papers compare different methods, or 43 papers
[25,27,28,34,36,37,41,45,46,48,51,54,56,57,59,60,62-66,75,122,135-154], which means that
the characteristics of most problems are difficult to determine and the selection of future
algorithms on similar problems is not possible. This lack of documentation makes algorithm
selection and development difficult, moving the literature towards general solvers.

86.6%

[ Perform benchmarking
I No benchmarking

13.4%
74.42% Il Benchmark different GAs

Il Benchmark GA with non-GA algorithms

25.58%

Fig. 16 Proportion of papers performing benchmarks

The evolutionary computation literature benchmarks algorithms across a range of problems,
for static optimisation this is normally dominated by whether problems are constrained or
unconstrained. Wang et al [3] demonstrates that the triaxial weave fabric problem is not
dominated by these characteristics and that algorithms performing well on these problems
perform extremely poorly. The highest performing solvers are general solvers with good
diversity of searches, indicating that a number of characteristics are important to these
problems and/or that diversity of search is important. This indicates that the benchmarking in
the evolutionary computation literature cannot be used for selecting the correct algorithms in
the composite optimisation problems until these problems are better understood. Therefore, it
is necessary to perform benchmarking on composite problems to allow the selection of the



correct Genetic Algorithms and increase their use. Of those that perform benchmarking 26%
of them compare different Genetic Algorithms and 74% compare Genetic Algorithms with
other non-GA solvers, such as Particle Swarm Optimisation (PSO) and Simulated Annealing
(SA), shown in Fig. 16. Of the 12 papers that benchmark different Genetic Algorithms, micro-
GA is presented as the best algorithm three times but all of these benchmark the micro-GA
against only the standard Genetic Algorithm. NSGA-II and hybrid NSGA-II are stated as the
best algorithms in two papers respectively. Montemurro et al. [140] benchmarked GA
BIANCA with the MATLAB GA and found that the GA BIANCA achieved better optimisation
results but that the MATLAB GA is more efficient. It is difficult to determine best practices
through these benchmarking results.

The rest of the 31 papers benchmark Genetic Algorithms with non-Genetic Algorithms. Four
papers state that hybrid Genetic Algorithms outperform the Genetic Algorithms and the non-
GA algorithms that the hybrid algorithms are made from [37,137,148,150]. There are five
papers benchmarking non-Genetic algorithms with the standard Genetic Algorithm
[34,45,56,59,143] and 10 papers benchmarking against unspecified Genetic Algorithms
[60,62,63,138,144,147,151-154]. Of these papers 14 [25,27,45,59,62,66,122,141—
143,146,152-154] state that the non-Genetic algorithms perform better. Eight papers
[28,34,41,56,57,75,145,151] result in a draw between the Genetic Algorithms and the non-GA
optimisation approaches according to the outcomes from the benchmarking metrics in each
paper. Two of the Genetic Algorithms win the benchmarking among these papers [48,63].
However, 11 of the 24 papers are missing the GA hyperparameters and only four papers include
a modern Genetic Algorithm, NSGA-II, making it hard to assess whether these benchmarks
are fair tests. It is therefore necessary to extend these benchmarking exercises to composite
optimisation problems utilising a more modern selection of Genetic Algorithms and a full
documentation of the hyperparameters.

3 State-of-the-art in the Evolutionary Computation literature
3.1 A brief timeline of major Genetic Algorithm developments

A brief timeline of the major developments in Genetic Algorithms is summarised in Fig. 17.
The frequently utilised Genetic Algorithms in composite optimisation literature are highlighted
in red, those that are less common in this literature are highlighted in green and those missing
from the literature are in black. To support this review we would refer the reader to [21] for an
excellent introduction and clear explanation of the standard Genetic Algorithm mechanisms
and Konak et al. [155] for a detailed and clear explanation of the mechanics for most of the
main multi-objective Genetic Algorithms developed before 2006.
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VEGA First multi-objective GA 1985

Goldberg standard GA Pareto ranking technique 1989
WBGA Automate weight sum approach 1992

MOGA First utilise Pareto ranking 1993
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SPEA 1999
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AMGA 2008
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GA BIANCA; PPD-MOEA; RGA: 2010
GA-MPC; PGA 2011

NSGA-III 2012

UMOEA/D; MC-MOEA 2013
MOEAD-M2M; GAME; aGAME 2014
U-NSGA-IIT; MOEA/DD 2015
BCE; HEIA 2016

MLSGA; MLSGA-NSGAII First utilise multi-level selection 2017

Fig. 17 Timeline of the main Genetic Algorithm developments with Algorithms on the left
and methods on the right

Genetic Algorithms are inspired by Darwin’s theory of evolution and Mendel’s inheritance
theory. The idea is that by mating the fittest individuals in a population the children of the next
generation are fitter, on average, than the last. The initial inspiration was provided by Turing



in 1950 [156] who outlines the potential for a biologically inspired learning machine including
the ability to mutate and which would exhibit survival of the fittest. In the 1960s early group
selection theories were developed in an attempt to simulate and study natural selection. The
first successful implementation of a Genetic Algorithm was performed by Holland and is
summarised in 1969 [157]. These initial studies inspired others to develop algorithms for use
in optimisation, or implement additional mechanisms, often moving away from the initial
biological inspiration. Elitism [158], which was developed in 1975, is one of the most important
mechanisms as it is used to retain the best solutions between generations, substantially
improving the performance of these algorithms. This increases the search speed as the best
solution in each generation is guaranteed to survive but is also a core strategy in multi-objective
solvers to keep non-dominated solutions.

The first multi-objective Genetic Algorithm, Vector Evaluated Genetic Algorithm (VEGA)
[159] was developed in 1985, which utilises a single objective GA to approximate the Pareto-
optimal set, where the population is divided into K subpopulations for K objectives with each
subpopulation corresponding to one objective. All of the subpopulations are then combined to
perform fitness-proportional selection, crossover and mutation using a single objective to
determine the fitness before creating a new population which is then randomly sorted into
subpopulations. These different processes were combined by Goldberg [160] who developed
what can be considered to be the algorithm closest to a standard version of a multi-objective
Genetic Algorithm utilising classical mechanisms. This was developed alongside the first
Pareto ranking approach proposed for multi-objective optimisation in 1989, which is at the core
of many modern Genetic Algorithms, the niching algorithms, and this process is based on
Pareto optimality.

In 1993 Hajela and Lin [161] developed a simple method to find the Pareto optimal front using
a Weight-Based Genetic Algorithm (WBGA) to automate the process of changing weights to
find the Pareto front in multi-objective optimisation. Fonseca and Fleming [162] later develop
the first Genetic Algorithm utilising Pareto ranking and niching techniques to solve multi-
objective optimisation problems, called multi-objective Genetic Algorithm (MOGA), in 1993.
This is integrated into MATLAB through the popular MATLAB GA Toolbox by Chipperfield
and Fleming [163] in 1994, which is still currently in many optimisation problems. In the same
year, an Adaptive Genetic Algorithm (AGA) [164] is developed to reduce the influence of
crossover and mutation probability settings which changes the parameters itself to adapt the
optimisation problem. It achieves much higher performance in solving multimodal problems
when benchmarked with the standard GA in a series of cases. This self-tuning approach inspires
the Self-Adaptive Genetic Algorithm (SAGA) [165], developed in 1996. However, both AGA
and SAGA need extra internal parameters, such as the frequency of tuning for crossover and
mutation probability, where the performance of the algorithms are sensitive to these factors.
Extending the ideas from Goldberg, the non-dominated sorting method [166] and simulated
binary crossover [167] are first developed in 1994 as NSGA. These improve the Pareto ranking
technique and create a shift from binary encoding to real value encoding. In 1998, the island
model Genetic Algorithm [168] is developed that divides the population into sub-population
islands and allows the migration of individuals between islands, improving the diversity of the
solutions and is among the first hierarchical algorithms. An effective Genetic Algorithm which
combines the characteristics from several previous multi-objective evolutionary algorithms is
developed in 1999, which provides leading performance in the 1990s, called Strength Pareto



Evolutionary Algorithm (SPEA) [169]. It is upgraded to SPEA2 [170], which is still used in
the composite optimisation literature, and updated to the Neighbourhood Cultivation Genetic
Algorithm (NCGA) [171]. micro-GA [172] is introduced in 2001 to reduce the number of
function calls, which is based on small population sizes with an external population for
updating and re-initialisation. The micro-GA is improved in 2008 as the Adaptive Micro-GA
(AMGA) [173].

Modern Genetic Algorithms are considered here to be from NSGA-II, as this is the oldest
currently competitive algorithm. NSGA-II [174] is an improvement of the non-dominated
sorting method, which is developed in 2002. Multi-island Genetic Algorithm [175], developed
in 2004, extends the concepts from the island model Genetic Algorithm. It is frequently used
in the composite optimisation literature since there is a commercial optimisation software based
on this algorithm produced by SIMULIA, Isight, which easily links to ABAQUS, though the
software contains NSGA-1I, AMGA and NCGA. In 2004, the indicator-based selection
approach is first developed in Indicator-based Evolutionary Algorithm (IBEA) [176], which
improves the efficiency of finding the final Pareto front. Rather than using dominance to
evaluate the achieved solutions, the indicator is used to reflect the diversity and quality of
current Pareto front in each generation and pushes the solutions to the true Pareto front. The
indicator-based selection approach is increasingly investigated in recent years, and is included
in the top performing algorithms Bi-Criterion Evolution (BCE) [19] and Hybrid Evolutionary
Immune Algorithm (HEIA) [73].

Multi-Objective Evolutionary Algorithm based on Decomposition (MOEA/D) is developed by
Zhang and Li [177] in 2007 based on the Tchebycheff decomposition approach [178]. This
algorithm demonstrated top performance on unconstrained optimisation problems at the
Congress on Evolutionary Computation 2009 benchmarking competition [2], on a set of
problems developed by the same authors, and a number of subsequent benchmarking exercises.
Various groups around the world are working on upgrading these mechanisms leading to a
range of top performing algorithms based on these mechanisms for specific characteristics such
as MOEA/D-M2M [179], which improves the diversity of the population by decomposing
multi-objective problems into a number of simple multi-objective sub-problems which
performs well on solving multimodal problems. Two other approaches are MOEA/D-PSF and
MOEA/D-MSF [180] that propose two improved scalarizing functions: penalty scalarizing
function (PSF) and multiplicative scalarizing function (MSF), to replace the Tchebycheff
scalarizing approach in MOEA/D to improve the balance between the convergence and
diversity of the algorithm. In 2017, a Genetic Algorithm based on Multi-Level Selection theory,
an evolutionary theory first proposed in 1999 [181], which uses individual and collective
evolution mechanisms is developed by Sobey and Grudniewski [182]. The algorithm is
hybridised with a range of top performing algorithms to achieve top performance across a wide
range of test problems including constrained, unconstrained and discontinuous problems and
importantly is one of a limited number of diversity first convergence second Genetic
Algorithms [183]. The addition of a co-evolutionary inspired mechanisms lead it to being
benchmarked as the top performing general solver [23].

3.2 Categorisation and description of mechanisms for the leading Genetic Algorithm
methodologies



Of the frequently used Genetic Algorithms in the composite optimisation literature some of
those considered to be state-of-the-art in various benchmarking exercises in evolutionary
computation are not visible. Therefore, a brief review of the current state-of-the-art in
evolutionary computation is performed to encourage further benchmarking of these algorithms.
These are performed by splitting the algorithms into 4 broad categories: niching, decomposition,
co-evolutionary and multi-level selection algorithms. Codes for: cMLSGA, HEIA, NSGA-II,
U-NSGA-IIl, MOEA/D, MOEA/D-MSF, MOEA/D-PSF, MOEA/D-M2M, BCE, IBEA and
MTS are available for benchmarking in C++ and python from multiple sources including®.

3.2.1 Niching algorithms

In ecology a niche is defined as the fit of a species living under specific environmental
conditions. In Genetic Algorithms, niching describes the formulation of sub-populations in a
population, where each sub-population responds to a sub-task of the optimisation problem. The
introduction of niching techniques increases the diversity of the population and helps the
Genetic Algorithms to improve the ability of solving multi-peak optimisation problems.

The niching technique was first proposed by Cavicchio [184] in 1970, where this method is
based on the preselection mechanism meaning that the parent individuals can only be replaced
when the newly created offspring individuals are higher in terms of fitness than the parent
individuals, otherwise the parent individuals are retained. De Jong [185] further develops this
preselection mechanism and proposes a niching technique based on the crowding mechanism.
In this method 1/CF individuals, where CF is the Crowding Factor, are randomly selected to
expel the individuals that are similar to the newly generated members. The similarity is
calculated according to the Hamming distance, which is the number of different symbols at
corresponding positions between the encoded strings of the two individuals. In 1987, Goldberg
and Richardson propose a fitness sharing based niching technique [186]. The fitness of the
individuals is adjusted in the population by using a sharing function that reflects the similarity
between individuals to maintain the diversity of the population. The algorithm performs
selection operations by adjusting the fitness in the later generations. This method is one of the
most widely utilised niching techniques. Sequential niching [187] is developed to improve the
performance of searching all of the optimal solutions since the technique is able to be included
in any kind of GA. It is more efficient than the fitness sharing based niching technique and
capable of locating all of the maxima in multimodal problems, requiring fewer function
evaluations. Clearing based niching technique [188] is beneficial where there are significantly
complex search spaces since the technique has a reduced complexity, meaning more efficiency,
than the fitness sharing technique and can achieve significant improvements in the probability
of finding all of the peaks over the fitness sharing technique, and is used to solve complex
multimodal problems with several million local maxima.

NSGA-I1 is the most popular Genetic Algorithm using niching as it is a robust general solver
with few hyperparameters and good diversity of population based on the fast non-dominated
ranking. There have been a number of updates to this algorithm and the most recent version,
currently version 1.1.6 [189], should be used to ensure the best performance. Simple Genetic
Algorithms face difficulties in solving optimisation problems with multiple peaks since fitness
proportional selection methods are utilised which reduce the diversity of the solutions. This is
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because competition between individuals allows the best individual to rapidly dominate the
entire population. However, the focus is at one global or local optimum which can lead to some
optimal solutions being missed.
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Fig. 18 Mechanism of NSGA-I1I [174]: non-dominated sorting

In the fast non-domination of solutions, the parent and offspring population are combined
together and sorted by the fast non-dominated sorting procedure. The solutions that are not
dominated by each other are categorised into the same non-domination rank. All individuals
are classified into different non-domination ranks, where the previous ranks are temporarily
discounted when formulating a new rank. The best half ranks are reserved in each generation,
where the best rank of non-dominated solutions are shown in Figure 18. However, the total
number of individuals in the reserved best half is often larger than the population size.
Therefore, the crowding distance niching technique is implemented in the reserved rank to
eliminate the individuals in the crowded area and maintain the same number of individuals.
The crowding distance is evaluated on each individual in the rank. The objective functions are
normalised and the crowding distance of the ith solution is the sum of the distances of two
individuals on either side of the individual along each of the objectives, which is shown in
Figure 19. These procedures are continued until the termination criterion is achieved. This
algorithm has been upgraded to a variety of versions, such as Local Search based NSGA-II
(NSGAIILS) [18] that effectively and accurately converges to the Pareto front by hybridising
local search methods, NSGA-I11 [190] for solving many-objective optimisation problems and
U-NSGA-III [72] that unifies NSGA-I11I to be suitable for mono-objective, multi-objective and
many-objective problems.
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Fig. 19 Mechanism of NSGA-I1 [174]: crowding-distance calculation
3.2.2 Decomposition algorithms

In decomposition algorithms, the population is divided into sub-groups that search different
sub-regions of the entire search space. Decomposition methods are a popular approach in the
recent evolutionary computation literature dominating the benchmarking of unconstrained
problems; examples include: MOEA/D [177], MOEA/D-M2M [179], CS-NSGA-II [191],
DMOEA-DD [192] and LiuLi [193]. These algorithms require additional setting parameters,
such as the weight vectors in MOEA/D. These parameters influence the ability of the algorithm
to find the optimal solutions and it is important to determine the optimal settings of these
hyperparameters, or the performance is extremely poor.

As an example MOEA/D still shows top performance on unconstrained benchmarking
problems. It works by initially creating a set of homogeneous distributed weight vectors and
an empty external population for keeping and updating the non-dominated solutions. The multi-
objective optimisation problem is divided into N weighted multi-objective optimisation sub-
problems. These sub-problems are synchronously optimised in the algorithm. The Euclidean
distances between any two weight vectors are calculated and the closest M weight vectors of
the weight vector, y, are defined as its neighbourhood. The neighbourhood can overlap and
each weight vector has its neighbourhood. An initial population of solutions can then be
randomly generated. Two individuals in the neighbourhood of weight vector y are randomly
selected to generate the offspring solutions through crossover and mutation. The offspring
solutions are compared with their parents and neighbourhood of parents. If the newly generated
solutions are better than their parents and neighbourhood of parents, they replace the previous
solutions and the reference points of the weight vector and neighbouring solutions are updated.
The non-dominated solutions of each sub-problem are combined to achieve the Pareto front.
The mechanism of MOEA/D is illustrated in Figure 20.
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Fig. 20 Mechanism of MOEA/D [177]

MOEA/D, and its variants, requires a priori knowledge of the objective space or it can result
in extremely poor performance and is not able to find points in negative regions. It is hard to
obtain the required knowledge of the objective space for engineering optimisation problems
before solving them, making these algorithms difficult to use, and this knowledge, and
likelihood of using these algorithms, would be improved through better documentation of the
literature. Therefore, these algorithms may not be (currently) suitable for solving composite
optimisation problems. When solving discontinuous problems or constrained problems, these
algorithms struggle with large gaps where there are no feasible solutions as the weight vectors
point straight through the gaps and the individuals struggle to go around these spaces, resulting
in a waste of computational power. In order to utilise these decomposition algorithms for
engineering optimisation problems it will be necessary to simplify the tuning process or
increase the knowledge about the current problems, focusing on problems which require strong
convergence but where diversity of the population is less important.

3.2.3 Co-evolutionary algorithms

The origins of co-evolutionary theory are in the works of Darwin [194] who clearly describes
the interactions between plants and insects. The term is formalised much later by Ehrlich and
Raven in 1964 [195] to describe the coexistence of plants and butterflies, as one group cannot
survive without the other, meaning that their evolution is intertwined. Groups of organisms can
co-evolve in a number of different ways [196] such as: symbiosis [197], coadaptation [198],
host-parasite [199] and hunter-prey [200]. These form into two broad forms: cooperation [201] ,
where organisms coexist and “support” each other or competition [202], where an “arms race”
occurs between species and only the strongest may survive in the given environment.

The idea of introducing co-evolution into GAs is first proposed by Potter and De Jong in 1994
[201]. In these approaches multiple populations coexist and evolve in parallel. This usually
takes the form of using distinct reproduction mechanisms in each population, effectively using
two different algorithms at the same time, with a method to exchange data between them. The



sub-populations can operate on the same search space [203], or can be divided into several
regions by problem decomposition or additional separation mechanisms [180]. The form of
data exchange between groups depends on the type of co-evolution: competitive or cooperative.
In cooperative co-evolution the information is shared by different species to form a valid
solution when the problem is decomposed e.g. along the decision variable space [201]; or
different sub-populations may cooperate to form the Pareto objective front with different
subpopulations focusing on different regions [204]. In competitive algorithms different groups
compete in the creation of new sub-populations [205], or populations [73], with fitter sub-
populations gain a wider proportion of children in the next generation or via “arms race” where
losing subpopulations try to counter the winning ones by adaptation [206]. The mechanisms
are illustrated in Figure 21a and an example of a Pareto front from a co-evolutionary genetic
algorithm is illustrated in Figure 21b.

In the literature multiple algorithms can be found which are inspired by co-evolution.
Competitive-Cooperative Coevolutionary algorithm (COEA) [205] is a methodology inspired
by symbiosis where cooperation and competition can occur. The cooperation improves the
convergence while the competition retains the diversity in the population. The resulting
methodology shows high performance on various dynamic problems [207] but the adaptability
is limited. The utilisation of a NSGA-II like Pareto-dominance principle and decomposition
along the variable space means that performance on irregular or discontinuous spaces and
problems with strong variable-linkage is likely to be low. Two new co-evolutionary Genetic
Algorithms were developed in 2016, Bi-Criterion Evolution (BCE) [19] and Hybrid
Evolutionary Immune Algorithm (HEIA) [73] for solving multi-objective optimisation
problems with both showing strong performance. In these algorithms cooperation is introduced
between sub-populations. The population is divided into ‘solution’ sub-populations and ‘test’
sub-populations where different operations are performed on each of them. The individuals
from the sub-population can be exchanged and there is cooperation between the sub-groups.
The fitness of individuals in each sub-population is determined by comparing with the
randomly selected individuals in the other sub-population. In BCE the sub-populations operate
on the same search space and individuals are selected based on two fitness indicators: Pareto-
based criterion and Non-Pareto-based. In this case the Pareto criterion increases the
convergence using the standard Pareto dominance and the Non-Pareto fitness increases the
divergence using the Hyper-Volume metric. The combination of these mechanisms leads to an
overall improvement in diversity and provides particularly good performance on irregular
search spaces, those with variable linkages and many-objective cases. A similar approach is
utilised in Hybrid Evolutionary Immune Algorithm (HEIA) [73] where two different
evolutionary methods are used in each sub-population, rather than separate quality indicators.
At each generation the best individuals are moved to a shared pool and cloned before the sub-
populations are recreated. This method shows strong convergence but good performance across
quite a broad range of different problem types, though this is poor on imbalanced problems.
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Fig. 21 Summary co-evolutionary genetic algorithm: (a) example co-evolutionary
mechanism; (b) an example of a Pareto front from a co-evolutionary genetic algorithm

3.2.4 Multi-Level selection algorithms

Multi-Level Selection Genetic Algorithm (MLSGA) was first introduced by Sobey and
Grudniewski in 2017 [182,183]. The algorithm mimics the Multi-Level Selection Theory
introduced by Wilson and Sober [181,208] where the different theories are discussed in an
excellent review by Okasha [209]. This leads to the introduction of a collective level
reproduction mechanism, in addition to the individual level used in the standard Genetic



Algorithm, and a split in the fitness function between the two levels. It is unusual as it is a
diversity first optimisation approach and also provides a general solver, working well across
all problem types.

The algorithm starts with a randomly generated initial population which is classified into
collectives, via SVM, according to the design variables. At the individual level, each individual
is evaluated through their objective function and standard genetic operators are utilised to
perform individual reproduction. Simultaneously, each collective is evaluated through all of its
individuals by calculating the collective objective function at the collective level. The
competition is performed among the collectives and the lowest fitness collectives are
eliminated. These collectives are replaced by copying the best individuals from each of the
remaining collectives into a new collective. The process is stopped when the termination
condition is satisfied. This mechanism is illustrated in Figure 22. There are two main variants,
each with a different fitness definition at the individual and collective level, MLS1 and
MLS2(R) [209], where MLSZ2R is the reverse of MLS2. MLS1 defines the fitness as the
aggregate of the individuals in the population to calculate the fitness of a generation. However,
the MLS2(R) calculates different objectives at each level. Therefore, MLS1 focuses its search
at the middle of the Pareto front and MLS2 and MLS2R enhance the search at the two sides of
the real Pareto front. MLSU combines these two variants, simplifying the multi-objective
optimisation process in MLSGA and reducing the hyperparameter tuning. An example of the
MLSU search is shown in Figure 23.

1.Initial population

Improvement
of solutions

4. Collective elimination

5. Collective reproduction

6. Final Solution

Fig. 22 Mechanism of MLSGA [182,183]: individual and collective reproduction
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Fig. 23 Mechanism of MLSGA [182,183]: an example of MLS1, MLS2 and MLS2R search
preference

MLSGA can be combined with any other Genetic Algorithm by using these algorithms at the
individual reproduction level which has been demonstrated on NSGA-1I, MOEA/D and
Multiple Trajectory Search (MTS) [183]. The hybrid MLSGAs achieve higher performance
than their original algorithms when benchmarked on the CEC’09 test functions [2] except for
MOEA/D on unconstrained problems [183]. The MLSGA-MTS exhibits the best performance
when solving both the constrained and unconstrained test problems among all the benchmarked
algorithms, showing excellent performance as a general solver. This approach has been
demonstrated practically on the optimisation of triaxial weave fabric patterns where MLSGA-
NSGAII is shown to be more suitable for solving discontinuous Pareto fronts with large gap
between sub-fronts [3]. The collectives are distributed in the search space, which maintains the
diversity of the entire population and improves the ability to find all of the sub-fronts. This
approach is combined with the co-evolutionary approach, which improves the convergence
while retaining the increase in diversity while also improving the generality of the algorithm.
This leads to the best performing general solver in a recent benchmarking [23].

3.3 Test functions in the computer science literature

The state-of-the-art Genetic Algorithms are frequently benchmarked using mathematical
optimisation problems to evaluate the performance of the new solvers. Understanding these
problems is a key aspect in selecting the correct algorithm for a composite problem. A variety
of these test functions have been reviewed by Grudniewski and Sobey [210]. These problems
are increasingly close to the level of complexity in engineering optimisation problems but often
focus on one dominant characteristic. The problems in both literatures have similar features
including:

e nonlinearities,

e multi-modal,

e imbalanced,

e discontinuous objective spaces,



e non-uniform real Pareto fronts where the density of the Pareto front points are different
at different parts of the Pareto front and where the lower density part has a significantly
lower possibility of being found,

e multiple constraints or complicated constraints which increase the complexity of the
fitness function,

e large boundaries for the variable space

e variable linkages where the objectives are determined by a set of variables and the
variables for different objectives overlap [211,212].

The test functions are categories into four types according to the types of dynamics. In the static
problems, Grudniewski and Sobey [210] classify 42 bi-objective test functions and 31 three-
objective problems into nine categories. Additionally, most test functions have secondary
properties, such as multi-modal search spaces, where there are many local optima in the
objective space and some local optima are close to the global optimum. Wider benchmarking
exercises are performed each year on dynamic and static problems and best practice is
frequently found in the IEEE CEC competitions, for instance CEC09 for constrained and
unconstrained optimisation problems[2], CEC11 for real-world numerical optimisation
problems [22], CEC13 and CEC15 for multimodal optimisation problems [213,214] and
CEC17 for many-objective optimisation problems [215].

4 Recommendations

A series of recommendations are listed in this section based on the findings from the paper.
The common problems are summarised as follows:

1) Poor documentation: ~38% of the 321 papers reviewed don’t state the name of the
Genetic Algorithm used, ~71% have incomplete information about the genetic
operators and ~41% miss the genetic operator rates. Around ~52% do not list the
hyperparameters, including population size and generation number or total function
evaluations. Only ~14% of papers document the use of several independent cycles of
Genetic Algorithms, which have been shown to be dependent on the initial population.
It is therefore difficult to assess the validity of the optimisation results and to be
confident that the optimal solution is found. This makes benchmarking performance of
different methodologies on these problems impossible and there is no consensus on
which Genetic Algorithms are best aligned to different problems or what type of
mechanisms should be developed; for example is convergence or diversity most
important in these problems? Categorising the success, or indeed failure, of a given
methodology in the optimisation leads to insight about the characteristics of the
problem, for example determining whether it is discontinuous or concave, but also the
type of mechanisms most suited to solving it. Defining the necessary documentation to
understand the performance of an algorithm will allow the determination of which
Genetic Algorithms are best suited to different types of problems, allowing more rapid
progress. Since many algorithms converge on a solution early in the generation cycle,
using the computational time for a higher numbers of simulations, rather than fewer,
longer runs, is likely to result in better solutions and resolved Pareto fronts. A similar
argument can be made about how best to use the function calls, whether for population
or generations. In composite structures the tendency is towards generations but this will




2)

3)

4)

reduce the diversity of search. The field cannot develop its own best practice without
the ability to learn from past examples.

Little focus on categorising the optimisation problems: related to the previous issues of
documentation ~80% of authors only published one paper on optimisation of
composites through Genetic Algorithms indicating that there is often a lack of
experience on using Genetic Algorithms. A number of outdated Genetic Algorithms are
still prevalent in the composite optimisation literature with ~56% of single objective
optimisation papers and ~58% of weighted multi-objective optimisation papers missing
information about convergence. When multi-objective optimisation is performed ~14%
of multi-objective optimisation papers and ~73% of weighted multi-objective
optimisation papers don’t generate Pareto fronts, which is the standard approach in most
fields to make the most use of multi-objective optimisation techniques. Only ~13% of
the papers perform benchmarking and normally compare just two or three different
algorithms, without justifying the selection for why these are the state-of-the-art for this
problem type and stating what measures are used to guarantee fair tests are performed.
Only eight of the 321 papers develop specialist Genetic Algorithms for specific
composite optimisation problems; however, only three of these eight papers performed
benchmarking, with two papers comparing against two algorithms and the other paper
showing that the specialist algorithm didn’t achieve the best performance in the
benchmarking. This lack of categorisation of the problems makes tackling the problems
that have already been solved more efficiently a difficult task, helping new authors
understand the current state-of-the-art in composite optimisation must be a key feature
in an area where so many authors are using these tools for the first time.

A small range of Genetic Algorithms from the computational science literature are used:

A range of Genetic Algorithms are used from the most basic versions similar to those
developed in the 1970’s and the latest frequently used version is GA BIANCA.
However, the state-of-the-art Genetic Algorithms, such as MOEA/D for unconstrained
problems, cMLSGA, BCE, HEIA as general solvers, cMLSGA for constrained and
discontinuous problems and cMLSGA, U-NSGA-III, HEIA and BCE for many-
objective problems are not documented. The most frequently used Genetic Algorithm
is NSGA-II, which performs well on a wide range of problems as a general solver where
it is likely that there are multiple dominant characteristics for the optimisation problem.
However, its performance will be compromised on specialist problems and its
performance is now below a number of different algorithms in the computational
evolution literature, meaning it would be ideal to test some of these algorithms on real
problems. The small range of Genetic Algorithms used in composite optimisation
literature restricts the probability of achieving optimal designs and stops progress in
this field. But the poor documentation of the problem types means that specialist solvers
for these problems can’t be developed.

A focus on simplifying the problems: ~71% of papers solve single objective
optimisation problems. In addition ~9% of papers reduce the multi-objective
optimisation problems down to single objective problems by using the weighted sum
approach. ~17% of papers don’t provide information of design variables and ~31%



don’t document the constraints, indicating that they solve simple optimisation problems
with limited numbers of variables and constraints. The optimisation results of these may
have limited use in real-world applications and these problems are all within the bounds
of complexity that Genetic Algorithms are capable of solving. Much of the literature
focuses on solving problems which have previously been tackled, such as layup
optimisation, with incremental steps. While exciting and complex problems such as bi-
level optimisation of the structure and material together, multi-disciplinary optimisation
and fibre weave optimisation are less well explored. Moving the boundaries of what is
possible in optimisation will result in more useful results and make it easier to define
what is not possible.

Based on these findings a series of recommendations are made in the hope of improving
research into optimisation of composite structures.

1. Accurate documentation: better documentation, standardisation, of the information
of the Genetic Algorithm and the methods utilised in the optimisation are required to
allow readers to evaluate the results, repeat their research and make improvements.

2. Treat Genetic Algorithms as a specialisation: understanding the features and
mechanisms of the state-of-the-art Genetic Algorithms and select the most suitable
solvers for the specific composite optimisation problems. There is limited technical
understanding of evolutionary computation demonstrated in the literature.
Understanding the search space and dominant characteristics through benchmarking of
state-of-the-art Genetic Algorithms. Adequate benchmarking processes will help to
select the correct Genetic Algorithms and increase their use.

3. Perform rigorous benchmarkings: it is necessary to benchmark state-of-the-art
Genetic Algorithms on composite optimisation problems as these engineering problems
are dominated by different characteristics. The current computational benchmarking is
simple, making it difficult to select the correct algorithm in these cases. Benchmarking
helps to determine the dominant characteristics of the problem and investigate the best
practices of Genetic Algorithms for the specific problem rather than using them as
optimisation tools. The problem type (e.g constrained or unconstrained, single, multi-
objective or many objectives and continuous or discontinuous variable or objective
space) should be considered when selecting a Genetic Algorithm. Though it is possible
to utilise general solvers such as NSGA-II, HEIA and cMLSGA to ensure a reasonable
result and these often perform well on problems with more than one characteristic.
Additionally, due to the stochastic nature of Genetic Algorithms, it is necessary to run
several cycles to ensure the final solutions have been found depending on the nature of
the objective space. Using metrics to determine the quality of the solution, such as HV
and IGD, will improve the performance. These should be used along with the robustness
of solutions and number of generations to convergence to improve the understanding
generated from the literature being tackled.

4. Solve problems with multiple (many) objectives: Adding more objectives will make
the optimisation more complicated and more realistic for use in industrial applications.
Multi-objective or many objectives problems, those with 4+ objectives, Genetic



Algorithms are recommended over weighted multi-objective Genetic Algorithms when
solving these problems. Better documentation and using state-of-the-art algorithms will
allow these problems to be tackled, with a subsequent evolution in the composite
optimisation literature.

5 Conclusions

The application of Genetic Algorithms to solving composite optimisation problems is
increasing, especially over the last five years. In this paper, 321 papers published between
2008-2017 from 17 journals which cover composite structures and materials are reviewed to
understand the technical challenges related to Genetic Algorithm use and to determine the
implications for the future. Also included is a detailed review of the Genetic Algorithms from
the evolutionary computation literature, with a description of their mechanisms and a prediction
for their suitability to different composite optimisation problems. The review shows that in
general old algorithms are used and that the hyperparameters are poorly selected, necessitating
the need for simple optimisation problems. The database of the papers collected for this
analysis is made available in an attached datasheet. A number of problems are presented in the
literature and can be summarised as follows:

1. poor documentation of the Genetic Algorithms used;

2. little focus on categorising the optimisation problems;

3. a small range of Genetic Algorithms from the computational science literature are
compared,;

4. afocus on simplifying the problems.

This has made determining which methods are most appropriate and effective difficult. In
addition the results are impossible to replicate and best practice has not been collated over this
period, meaning that the field has not evolved. Many of the best Genetic Algorithms in the
computational science literature are not utilised, meaning there is the potential for more
complex problems to be solved, and the focus on simple problems means that the real benefits
of Genetic Algorithms are not seen. Importantly there is no documentation linking the
mechanisms of the Genetic Algorithm to the problem type, making it impossible to solve
difficult and exciting problems of interest to industry. Therefore, a series of recommendations
are listed in this review, categorised corresponding to the problems found in literature, to help
improve composite optimisation. They are summarised as follows:

1. aneed for accurate documentation of hyperparameters and mechanisms in each paper;

2. treat Genetic Algorithms as a specialisation, utilising current state-of-the-art algorithms
with sensible hyperparameters;

3. perform rigorous benchmarkings of different algorithms to help characterise the
problems being solved and to generate a body of best practice;

4. solve problems with multiple (many) objectives, reducing single-objective and
weighted objective instances.
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