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Abstract

Optimisation algorithms play an important role in the solution of nonlinear engineering design
problems, particularly where objective functions exhibit complex, nonconvex, and potentially
multimodal behaviour. Classical gradient-based methods, including the Method of Moving
Asymptotes (MMA) and Sequential Quadratic Programming (SQP), are widely recognised for their
computational efficiency and rapid local convergence; however, their performance may be sensitive
to the presence of local extrema. In contrast, metaheuristic approaches such as Particle Swarm
Optimisation (PSO) generally provide enhanced global exploration capabilities, albeit often at
significantly greater computational expense. This study presents a preliminary investigation of a
hybrid optimisation framework termed the Constrained Adaptive Model-based Exploration
Optimiser (CAMEO). The proposed approach combines bounded stochastic exploration with
constrained local refinement in an attempt to improve robustness within multimodal optimisation
landscapes whilst retaining the efficiency associated with deterministic optimisation methods. The
performance of the proposed framework was examined using a series of benchmark optimisation
problems and compared against MMA, SQP, and PSO. The numerical results indicate that CAMEO
is capable of attaining solutions closer to the global optimum in several test cases, whilst maintaining
stable convergence characteristics.

Keywords: structural otimisation; hybrid optimisation; CAMEO optimisation; hybrid optimisation
algorithms; global optimisation; constrained optimisation

1. Introduction

Structural optimisation has become a central tool in the design of lightweight, high-performance
components across aerospace, automotive, and civil engineering [1-4]. Its modern practice
encompasses sizing, shape, and topology optimisation[5,6], often under multiple constraints such as
volume fraction, stress, displacement, buckling, manufacturability, and frequency requirements.

The increasing demand for structures that exhibit enhanced mechanical efficiency while
minimising material consumption has driven substantial advances in optimisation techniques and
computational methods. Contemporary structural optimisation generally encompasses three
principal categories: sizing optimisation, shape optimisation, and topology optimisation [5,6]. Sizing
optimisation focuses on determining the optimal dimensions or thicknesses of structural members;
shape optimisation seeks the most efficient geometric boundary configuration; whilst topology
optimisation addresses the optimal distribution of material within a prescribed design domain.

In practical engineering applications, structural optimisation problems are rarely governed by a
single objective or constraint. Instead, they are typically formulated under multiple and often
competing requirements, including limitations on volume fraction, stress, displacement, buckling
resistance, manufacturability, and dynamic characteristics such as natural frequencies. These
constraints ensure that the optimised structure not only achieves minimal weight or maximal
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stiffness, but also satisfies safety, performance, and fabrication considerations. Consequently,

modern optimisation frameworks frequently integrate multi-physics analysis and advanced

numerical techniques to accommodate the increasing complexity of engineering design problems.
Formally, a broad class of structural optimisation problems may be expressed as

min __, f,(x) subjectto f(x)<0,i=1....,m, x, Sx<x_., )

where X denotes the design variables (e.g., element densities, thicknesses, or geometric

parameters), Jo is the objective, and 7 represent inequality constraints. Obtaining the global
optimum in practical structural optimisation problems remains a significant challenge. Structural
design problems are generally characterised by nonlinear structural responses, multiple constraints,
and intricate interactions amongst design variables. Consequently, the associated objective functions
frequently exhibit highly non-convex landscapes containing numerous local optima. Under such
conditions, conventional gradient-based optimisation methods may converge prematurely to locally
optimal solutions that fail to represent the true global optimum. This issue becomes particularly
pronounced in large-scale structural systems where the dimensionality of the design space is high
and the relationships between variables are strongly coupled.

In addition to the mathematical complexity of the optimisation landscape, structural
optimisation problems commonly require repeated evaluations through computationally expensive
numerical simulations, most notably finite element analysis (FEA). Each design iteration may involve
solving large systems of equations to evaluate stresses, deformations, stability behaviour, or dynamic
responses. As the number of design variables and constraints increases, the computational burden
associated with exploring the design space grows substantially. This challenge is further exacerbated
in topology optimisation and multidisciplinary optimisation problems, where thousands or even
millions of degrees of freedom may be involved [7-9].

To address these difficulties, considerable research has focused on the development of robust
global optimisation strategies capable of balancing exploration and exploitation within complex
search spaces. Metaheuristic algorithms, including genetic algorithms, particle swarm optimisation,
simulated annealing, and differential evolution, have gained widespread attention due to their ability
to escape local optima and search globally without requiring gradient information. Nevertheless,
such methods often demand a large number of function evaluations, which may become
prohibitively expensive when coupled with high-fidelity numerical simulations. Accordingly, recent
developments increasingly incorporate surrogate modelling, machine learning techniques, and
reduced-order models to alleviate computational costs whilst maintaining optimisation accuracy.

These challenges become even more pronounced in non-parametric optimisation problems,
where the number of design variables is not explicitly prescribed by a small set of parameters but
instead arises from the discretisation of the design domain. A notable example is topology
optimisation, where the structural domain is typically discretised into a large number of finite
elements. Each element introduces an additional design variable, resulting in optimisation problems
with thousands or even millions of variables. The large dimensionality of the design space
substantially increases the complexity of the optimisation process and amplifies the risk of
convergence to suboptimal local minima.

Moreover, the computational effort associated with such problems is often dominated by
repeated numerical analyses required to evaluate the structural response. Consequently,
optimisation algorithms must achieve meaningful improvements in the objective function using a
limited number of major iterations. At the same time, they must remain robust in the presence of
numerical noise in sensitivity information and adapt effectively to variations in the local curvature of
the objective landscape. These requirements place stringent demands on the design of optimisation
algorithms intended for large-scale structural problems.

In practice, structural optimisation methodologies can broadly be classified within the family of
deterministic gradient-based optimisation methods, which exploit sensitivity information to
efficiently navigate the design space. Among the earliest and most widely applied approaches in
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structural optimisation is the Optimality Criteria (OC) method [10], which updates the design
variables directly from the first-order optimality conditions of the constrained optimisation problem.
Owing to its simplicity and very low computational cost per iteration, the OC method has historically
been popular in structural design problems, particularly when the optimisation problem involves a
limited number of constraints. However, despite its computational efficiency, the OC method lacks
the robustness required for more general optimisation problems and may exhibit sensitivity to the
optimisation landscape. In particular, due to its purely local update mechanism, the method has a
tendency to converge to nearby local extrema when the objective function is strongly nonconvex. To
address these limitations, more advanced gradient-based optimisation algorithms have been
developed. Among these, the Method of Moving Asymptotes (MMA) [11-13] and Sequential
Quadratic Programming (SQP) [14] have become widely adopted in structural optimisation. Both
methods make systematic use of gradient information to construct improved approximations of the
optimisation problem at each iteration, thereby enhancing numerical stability and robustness. As a
result, these algorithms are capable of achieving rapid and reliable convergence while maintaining
good scalability for problems involving a large number of design variables, which explains their
widespread adoption in engineering optimisation workflows.

The second category includes metaheuristic or population-based algorithms, such as Particle
Swarm Optimisation (PSO) [15-17], Genetic Algorithms (GA) [18-21], and Differential Evolution.
These approaches aim to explore the design space more globally by relying primarily on objective
function evaluations rather than gradient information. In principle, such algorithms can provide
improved robustness against local minima by sampling multiple regions of the search space
simultaneously [22,23].

However, in large-scale structural optimisation problems the practical applicability of
metaheuristic methods is often limited. In particular, modern generative design and non-parametric
optimisation frameworks—such as topology optimisation—frequently involve extremely high-
dimensional design spaces arising from the discretisation of the structural domain. In these settings
the number of design variables may reach several thousands or even millions, making population-
based approaches computationally prohibitive due to the large number of function evaluations
required per iteration. Consequently, deterministic gradient-based algorithms remain the preferred
tools for such problems.

Nevertheless, the purely local nature of gradient-based optimisation methods implies that their
performance may depend strongly on the initial design and the structure of the optimisation
landscape. When the objective function exhibits multiple local minima, these algorithms may
converge to suboptimal designs if no mechanism for broader exploration is present. This observation
motivates the development of optimisation strategies capable of retaining the computational
efficiency and stability of gradient-based methods while incorporating a controlled degree of
exploration within the design space. The present work introduces a new optimisation framework i.e.,
Constrained Adaptive Model-based Exploration Optimiser (CAMEO). The novelty of the proposed
method lies in its ability to combine the computational efficiency and stability of gradient-based
optimisation with a controlled exploration mechanism designed to mitigate the limitations of purely
local search strategies. In particular, CAMEO integrates a model-based local refinement step with a
limited exploratory sampling strategy guided by surrogate information derived from gradient and
curvature estimates. This hybrid formulation allows the algorithm to retain the scalability required
for large-scale structural optimisation problems while introducing a structured mechanism for
exploring alternative regions of the design space when necessary.

The remainder of this paper is organised as follows: Section 2 reviews existing optimisation
approaches and discusses their limitations in attaining global extrema. Section 3 introduces the
proposed CAMEO optimisation framework and presents its mathematical formulation. Section 4
describes the benchmark test functions used for evaluation. Section 5 presents the comparative results
between CAMEO and existing optimisation methods. Finally, Section 6 summarises the main
conclusions of the study.
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2. Background and Motivation

Structural optimisation problems are typically characterised by high-dimensional design spaces,
nonlinear responses, and the presence of multiple constraints. These characteristics often lead to
complex optimisation landscapes that may contain numerous local extrema. Consequently, the
selection of an appropriate optimisation algorithm plays a critical role in determining both the
computational efficiency and the quality of the obtained design.

Over the past decades, several optimisation approaches have been successfully applied to
structural optimisation problems. Among these, gradient-based deterministic algorithms remain the
most widely used in engineering practice due to their efficiency and scalability. At the same time,
population-based metaheuristic algorithms have been investigated as potential alternatives for
exploring complex design spaces. However, each class of methods possesses inherent advantages
and limitations, which motivates the development of hybrid optimisation strategies.

Gradient-based optimisation methods have become the primary tools for solving large-scale
structural optimisation problems due to their computational efficiency and strong convergence
properties. When reliable sensitivity information is available, these methods can exploit gradient
information to rapidly identify descent directions and achieve significant improvements in the
objective function within relatively few iterations. As a result, gradient-based algorithms are
generally regarded as both fast and reliable, particularly for high-dimensional problems where
exhaustive search strategies would be computationally infeasible.

Despite these advantages, gradient-based methods inherently perform local search, meaning
that their convergence behaviour is strongly influenced by the initial design and the structure of the
optimisation landscape. In problems characterised by multiple local minima or highly nonlinear
responses, such methods may converge to suboptimal solutions if no mechanism for broader
exploration is incorporated. Consequently, while gradient-based approaches provide excellent
efficiency and scalability, they may lack robustness in strongly multimodal optimisation problems.
Among the most widely used gradient-based algorithms in structural optimisation are MMA [11,12]
and SQP [14,24].

MMA has become one of the most widely adopted techniques for structural optimisation. MMA
constructs a sequence of convex separable approximations of the original nonlinear optimisation
problem and introduces adaptive asymptotes that stabilise the optimisation process. This mechanism
effectively regularises the search direction and provides behaviour similar to a trust-region strategy.
As a result, MMA demonstrates excellent robustness in problems involving bound constraints and
multiple inequality constraints, and it has become a standard solver in many topology optimisation
frameworks.

Another widely used gradient-based approach is SQP. SQP methods solve a quadratic
programming (QP) subproblem at each iteration, constructed from a quadratic approximation of the
objective function and a linearisation of the constraints. When accurate gradient information is
available, SQP can achieve rapid local convergence and high solution accuracy. Nevertheless, as with
most local optimisation methods, SQP may exhibit sensitivity to the initial design and may converge
to suboptimal local minima when the optimisation landscape is strongly nonconvex.

On the other hands, Population-based metaheuristic algorithms, such as PSO [25], GA [19], and
Differential Evolution, have been proposed as alternative approaches capable of exploring the design
space more globally. Unlike gradient-based algorithms, these methods rely primarily on objective
function evaluations and stochastic search mechanisms, allowing them to investigate multiple
regions of the design space simultaneously. Although such methods can be effective for moderate-
dimensional optimisation problems, their direct application to large-scale structural optimisation is
often limited. In particular, non-parametric optimisation frameworks—such as topology
optimisation—typically involve very large numbers of design variables resulting from the
discretisation of the structural domain. In such cases, the population sizes and number of generations
required by metaheuristic algorithms can lead to prohibitively high computational costs, especially
when each objective evaluation involves a finite element analysis. Furthermore, constraint handling
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in metaheuristic algorithms is frequently implemented through penalty functions, which may lead
to inefficient searches in infeasible regions of the design space or unstable convergence behaviour.

3. The Proposed Method: CAMEO
3.1. CAMEO Overview

To address the limitations discussed above, this work proposes a new optimisation algorithm
i.e., Constrained Adaptive Model-based Exploration Optimiser (CAMEOQO). The proposed method is
designed to retain the computational efficiency and scalability of gradient-based optimisation while
introducing a controlled exploration mechanism capable of improving robustness in multimodal
optimisation landscapes.

The CAMEOQ algorithm follows a hybrid strategy that alternates between two complementary
steps. The first step consists of a model-based exploration phase, during which a small number of
candidate search directions are generated around the current design point using stochastic
perturbations guided by local model information. The second step involves a constrained refinement
phase, where the most promising candidate solution is improved through the solution of a stabilised
quadratic approximation of the optimisation problem subject to the relevant bounds and constraints.

This combination of exploration and refinement enables the algorithm to investigate nearby
regions of the design space without sacrificing the fast convergence behaviour associated with
deterministic optimisation methods. Consequently, CAMEQO can be viewed as a compromise
between purely local optimisation techniques, such as MMA and SQP, and global metaheuristic
algorithms such as PSO.

3.2. Merit Function for Constraints

For general inequality constraints, CAMEO uses a merit function that measures both objective
and infeasibility:

i) = £,(0+ p Y [max(O, LD, ()

where £~ 0 is the penalty parameter. In practice, P may be increased gradually with iteration
count to encourage feasibility as the search proceeds.

3.3. Local Quadratic Model

Around the current iterate " , CAMEO forms a quadratic approximation of the objective:

Jo(x +p)= fo(xk)"'vfo(xk)Tp"'lpT P>
2 &)

where "~ is a symmetric positive definite matrix representing local curvature. When second

derivatives are unavailable, H, is updated using a BEGS-type formula:
Hs.siH,  yyl
FE T s =X X Ve = V() = V().

H.,,=H —

T T’
s, Hys, S Vi

4)

H, « H, +el

A small diagonal regularisation ensures numerical stability.

3.4. Bounded Step and Move Limits

Structural optimisation commonly benefits from move limits to prevent instabilities. CAMEO
defines a bounded step region

x,—A, <x,+p<x,+A,, and x <x, +p<x_., 5)
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where A, may be proportional to (Xiax = X ) or to “asymptote-like” ranges. The feasible set for

the step is a simple box:

PSP py- 6)

3.5. Constraint Linearisation

fi(x)<0

For inequality constraints
order approximation:

with available gradients, CAMEO can incorporate a first-

[ +p)= fi(x)+Vfi(x,) p<0.
This yields a QP-like subproblem for the refinement stage:

. 1
min,, Vfo(xk)Tp+EpTHkp (8)

@)

subjectto  Vfi(x,) p<—f(x,),i=L,...m, p,<p<p,. )

When a QP solver is unavailable, projected-gradient refinement may be used as a practical
alternative for bound-only problems.

3.6. Model-Based Exploration Step

(N
P

To avoid purely local behaviour, CAMEO samples a small population of trial steps

within the move-limited box, centred on a descent-like direction —V/o (%) . A typical sampling rule

is:
. 0 , ,
p(j) = H[PL’PU] (p( ) +O-kDé:(./) )’ é:(./) - N(O’ I), (10)
where D scales each coordinate by the current step box size, IT s projection onto bounds, and

Ok decays with iteration to transition from exploration to exploitation. Each candidate is scored
using the quadratic model and the penalty merit surrogate, and the best candidate becomes the initial
point for constrained refinement.

3.7. Algorithm Summary

As illustrated in Figure 1, at each iteration (k):

1. Compute f, (xk ) , Vfy(x,), and optionally constraints f; (x, ), Vfi(x,).

2. Build or update H, .

3. Sample candidate steps and select the most promising by a model-based merit criterion.

4.  Refine the step by solving the constrained quadratic subproblem (or an approximate projected
method).

5. Apply astabilised step acceptance rule (e.g., feasibility check and/or backtracking).

6. Update 0, 0, and move limits as needed.

This structure is designed to be compatible with structural optimisation loops where gradients
are computed by adjoint methods and where stable, bounded updates are essential.
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[ Start ]
v

Initialise design variables, bounds, and
algorithm parameters

v

Evaluate objective, constraints, and
sensitivities

v

Construct local model and update
curvature information

v

Generate exploratory candidate steps

v

Evaluate exploratory candidate

v

Perform constrained local refinement

v

Update design variables

Convergence
satisfied?

o)

Figure 1. Flowchart of the proposed CAMEQO optimisation algorithm.

4. Test Functions and Experimental Set-Up

To illustrate behaviour on nonconvex landscapes, three analytic functions are selected as
representative test cases. Each problem is posed as a bound-constrained minimisation

M /09 (11)
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4.1. Hump Camel Function

The Hump Camel function (as illustrated mathematically in Eq. 12, and graphically in Figure 2)
is a well-known two-dimensional benchmark function frequently used to evaluate the performance
of optimisation algorithms. The function set to be minimized and define over the domain

x=(X,Y)e[-2,2]

, and exhibits a smooth nonlinear surface with multiple curvature regions.
Although the function contains only a single global minimum, its polynomial structure introduces
nontrivial gradients and curvature variations that can challenge optimisation algorithms, particularly

those sensitive to local landscape features. The global minimum occurs at (X,¥)=(0,0) , where the
objective value equals zero. Due to its analytical simplicity and well-defined optimum, the Three-
Hump Camel function is widely used to assess convergence behaviour, stability, and accuracy of
optimisation methods.

6
(X, Y)=2X>-1.05X" +X?+XY+Y2. (12)

f(x,v)
)
Function value

-

Figure 2. Hump Camel Function.

4.2. Beale Function

The Beale function represents a classical two-dimensional benchmark used to assess
optimisation algorithms, as defined mathematically in Eq. (14) and depicted in Figure 3. It is defined

x=(X,Y)e[-1.5,4]x[-1.5,4].

over the domain, i.e., ; and presents a highly nonlinear landscape
characterised by strong variable coupling and curved valleys. These features make the function
challenging for optimisation algorithms, particularly those that rely solely on local gradient
information, as the search trajectory may be sensitive to the initial starting point.

Fio(X,Y)=sin(X +Y)+(X —Y)> —1.5X +2.57 +1. 14
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f(X,Y)

~
S
Function value

Figure 3. Beale function.

5. Numerical Invesigation

The performance of the considered optimisation algorithms was first examined using the Three-
Hump Camel function, a commonly used benchmark function for evaluating optimisation methods
due to its nonlinear structure and the presence of a well-defined global minimum. The objective of
this experiment was to assess the convergence behaviour and solution quality obtained by four
different optimisation strategies: MMA, SQP, PSO, and the suggested CAMEOQ algorithm. Figure 4
illustrates the final objective values obtained by each algorithm. The results reveal noticeable
differences in the convergence performance and solution accuracy among the tested methods.

The CAMEO algorithm demonstrated strong convergence behaviour, consistently approaching
the theoretical minimum of the test function. The obtained objective value is very close to zero,
indicating that the algorithm successfully identified the region of the global optimum. This result
confirms the ability of CAMEO to effectively combine local gradient information with its model-
based exploration mechanism, enabling it to navigate the optimisation landscape efficiently.

The PSO algorithm also converged towards a near-optimal solution, achieving an objective value
comparable to that obtained by CAMEO. This behaviour is expected given the exploratory nature of
PSO, which enables the algorithm to search multiple regions of the design space simultaneously.
However, such population-based approaches typically require a larger number of function
evaluations, which may become computationally expensive in practical structural optimisation
problems where each evaluation may involve costly numerical simulations. In contrast, the SQP
algorithm exhibited moderate performance. While the method converged to a feasible solution, the
obtained objective value remained higher than those produced by CAMEO and PSO. This outcome
reflects the local search characteristics of SQP, which may lead to convergence toward nearby
stationary points when the optimisation landscape contains multiple potential minima. The MMA
algorithm produced the least favourable result in this particular test case, yielding an objective value
significantly higher than the global optimum. Although MMA is widely recognised for its robustness
and efficiency in many structural optimisation applications, particularly topology optimisation
problems, its purely local update strategy may occasionally limit its ability to escape unfavourable
regions of the design space when the initial design is not sufficiently close to the optimal basin.
Overall, the results presented in Figure X highlight the effectiveness of the CAMEO optimisation
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framework. By integrating controlled exploration with a model-based refinement strategy, CAMEO
demonstrates the capability to achieve high-quality solutions while retaining the computational
efficiency associated with gradient-based optimisation methods. This balance between exploration
and exploitation represents a key advantage of the proposed method when compared with both
purely local optimisation algorithms and population-based metaheuristic approaches.

11111

Hump Camel Function
MMA SQP PSO CAMEO

0.0005

=

0.001

0.0015

0.002

Figure 4. Optimisation results for the Hump Camel function using MMA, SQP, PSO, and CAMEO.

The performance of the optimisation algorithms considered was further evaluated using the
Beale function. This function is known for its highly nonlinear surface and strong interaction between
variables, which can convergence toward the global optimum challenging for certain optimisation
methods. The results obtained from the comparative study between MMA, SQP, PSO, and CAMEO
are presented in Figure 5. The figure illustrates the final objective values obtained by each
optimisation algorithm after convergence.

The CAMEO algorithm demonstrated excellent optimisation performance, achieving a solution
extremely close to the global minimum of the Beale function. The obtained objective value is nearly
zero, indicating that the algorithm successfully identified the optimal region of the search space. This
behaviour confirms the capability of the proposed method to effectively balance local refinement and
controlled exploration of the design space.

The PSO algorithm also converged toward a near-optimal solution, producing an objective value
comparable to that obtained by CAMEO. However, population-based algorithms such as PSO
typically require a larger number of function evaluations to achieve such results, which may limit
their practical efficiency in engineering optimisation problems involving expensive numerical
simulations. The SQP algorithm achieved moderate optimisation result, converging to a feasible
solution but with an objective value slightly higher than those obtained by PSO and CAMEO. This
behaviour reflects the local search characteristics of SQP, which may cause the algorithm to converge
toward nearby stationary points depending on the initial conditions. In contrast, the MMA algorithm
produced a significantly higher objective value, indicating that the optimisation process converged
to a less favourable region of the search space. While MMA is widely recognised for its stability and
robustness in many structural optimisation problems, particularly topology optimisation, its purely
local update strategy may limit its ability to escape unfavourable regions when the landscape exhibits
strong nonlinear behaviour. Overall, the results demonstrate that the proposed CAMEO algorithm
provides competitive optimisation performance, successfully achieving near-optimal solutions while
maintaining the efficiency associated with gradient-based optimisation approaches.
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Figure 5. Optimisation results for the Beale function using MMA, SQP, PSO, and CAMEO.

7. Conclusions

This work presented the Constrained Adaptive Model-based Exploration Optimiser (CAMEO)
as a hybrid optimisation approach designed to combine the efficiency of gradient-based methods
with controlled exploration capabilities. The algorithm integrates a model-based exploratory step
with a constrained local refinement stage, allowing it to maintain stable convergence while improving
robustness in nonlinear optimisation landscapes. The performance of CAMEO was evaluated using
benchmark optimisation functions and compared with three established optimisation methods:
MMA, SQP, and PSO. The results demonstrated that CAMEO was able to achieve objective values
close to the global optimum, showing performance comparable to PSO while maintaining the
computational efficiency associated with deterministic optimisation techniques. In contrast, purely
local methods occasionally converged to less favourable solutions depending on the problem
landscape. Overall, the proposed method provides a balanced optimisation strategy that combines
exploration and fast local convergence, making it a promising approach for nonlinear engineering
optimisation problems. Future work will focus on applying CAMEO to large-scale structural
optimisation problems involving high-dimensional design spaces and computationally intensive
simulations.
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