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Computational optimization has become a cornersto
structural design, enabling engineers to explore vast d
enhance performance, and reduce material usage
efficiency. This review synthesizes recent ad
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Introduction

Structural design has | pended on engineering
experience, simplified analytical methods, and iterative
trial and error procedures. Although these traditional
approaches have successfully delivered safe and functional
structures for many years, they face clear limitations when
applied to modern engineering problems. Contemporary
structures often involve complex geometries, nonlinear
material behaviour, and multiple, sometimes conflicting,

performance requirements such as strength, durability, cost
efficiency, and sustainability. Evaluating all these factors
simultaneously using conventional methods is difficult,
and exploring only a limited number of design alternatives
restricts innovation and optimization, particularly under
uncertain loading and evolving performance demands.

Computational optimization has emerged as a powerful
response to these limitations by combining algorithmic
search techniques with finite element analysis and
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advanced numerical methods. Instead of relying on
manual iterations, engineers can now use optimization
algorithms to automatically explore vast design spaces and
identify solutions that best meet predefined objectives and
constraints. This shift has fundamentally changed design
practices in civil engineering, mechanical engineering,
aerospace engineering, and architectural engineering,
enabling the systematic evaluation of millions of potential
configurations and leading to lighter, stronger, and more
efficient structures.

The rapid adoption of computational optimization in
structural engineering has been driven by several converging
developments. The continuous growth in computing
power has made it feasible to perform high fidelity
simulations and large-scale numerical analyses within
practical timeframes. At the same time, the development of
advanced optimization algorithms, ranging from traditional
gradient based methods to modern evolutionary and
heuristic techniques, has enabled the effective handling
of nonlinear, discrete, and multi objective design problems.
Seamless integration with CAD and CAE platforms has
further streamlined the workflow, allowing geometry
creation, structural analysis, and optimization to operate
within a unified digital environment.

More recently, machine learning and surrogate modeling
techniques have significantly reduced computational
costs by approximating expensive simulations, making
optimization practical even for highly complex systems.
In parallel, advances in additive manufacturing and digital
fabrication have expanded the feasible design spa
allowing the realization of geometrically comple
materially efficient structures that were previousl|
impractical to build. Together, these development

Table I.Summary of Key

positioned computational optimization as a central tool in
modern structural engineering.

In light of this progress, the present review offers a
comprehensive overview of computational optimization
techniques applied to structural design. It discusses classical
numerical optimization methods, evolutionary algorithms,
and size, shape, and topology optimization, as well as
surrogate based and machine learning driven approaches.
By examining practical applications alongside existing
challenges and future research directions, the review
highlights how computational optimization continues to
redefine the way structures are conceived, analyzed, and
realized.
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Classical Optimization Methods

Classical optimization methods form the theoretical
backbone of computational optimization in structural
engineering. These approaches are grounded in
mathematical programming, numerical analysis, and
calculus based formulations, and they are partic
effective when the design space is continuous, smoo
and differentiable. In such cases, classical methods provide
reliable convergence and strong theoretical guar
making them valuable for foundational s
optimization problems.

Linear and Nonlinear Programmihg

the earliest and most widely used o
in engineering. Linear programimi
both the objective functio
which is often the case j

such as cost minimiza
load sharing in static minate systems. Despite
its restrictive assumptio ar programming remains
computationally efficient and mathematically elegant.

uctural problems

Nonlinear programming significantly extends this capability
by allowing nonlinear objective functions and constraints,
which better represent real structural behavior such as
geometric nonlinearity, material nonlinearity, and large
deformation effects. Most practical structural systems
exhibit nonlinear responses, particularly under high loads

or extre
relevant i
include tru

events, makipg nonlinear programming highly
i i plications.® Typical applications
timization, stiffness maximization,
n, and component level optimization
onlinear stress and displacement constraints.

r strong theoretical foundation, which enables
ictable convergence behavior. However, these methods
are sensitive to the choice of initial design variables and
are prone to converging to local minima in nonconvex
problems. Moreover, their applicability becomes limited
when dealing with discrete variables, discontinuous
responses, or highly complex design spaces.

Gradient Based Optimization

Gradient based optimization techniques improve efficiency
by using derivative information to guide the search toward
optimal solutions. Methods such as steepest descent,
Newton’s method, and quasi Newton algorithms rely on
gradients and, in some cases, Hessians of the objective
function to rapidly converge toward optima [4]. These
techniques are especially effective for large scale problems
with smooth response surfaces.

Among gradient based methods, Sequential Quadratic
Programming has become one of the most popular
approaches in structural optimization. It solves a
sequence of quadratic subproblems that approximate
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the original nonlinear problem, achieving high accuracy
and robustness in constrained optimization. Sequential
Quadratic Programming is widely applied in size and shape
optimization of structural systems where gradients are
available.

Adjoint sensitivity methods further enhance gradient
based optimization by enabling efficient computation of
sensitivities for problems with thousands or even millions of
design variables, such as topology optimization using finite
element models. By solving an adjoint system rather than
computing gradients directly, these methods drastically
reduce computational cost.

The key advantages of gradient based approaches include
fast convergence, suitability for high resolution problems,
and scalability to large design spaces. However, they
are not well suited for nonsmooth, discrete, or highly
nonlinear problems, and their successful implementation
often requires accurate analytical or numerical gradient
computation, which can be challenging in multiphysics
environments.

Evolutionary and Metaheuristic Algorithms

Evolutionary and metaheuristic algorithms offer an
alternative optimization paradigm that does not rely on
gradient information. Inspired by natural evolution, swarm
intelligence, and physical processes, these methods employ
population based or stochastic search strategies. As a result,
they are highly robust to nonlinearity, discontinuities, noisy
objective functions, and local optima, making them well
suited for complex structural design problems.®

Genetic Algorithms

Genetic Algorithms simulate biological evolution through
selection, crossover, and mutation operators. A pop

optimization, structural layout co
objective optimization problem

and flexibility in han
variables. Genetic Al

are also naturally suited
for multi objective optimizatioh, allowing the generation
of Pareto optimal solution Sets. However, these benefits
come at the cost of high computational demand and slower
convergence compared to gradient based methods.

Particle Swarm Optimization

Particle Swarm Optimization is inspired by the collective
motion of birds or fish schools. Candidate solutions,
represented as particles, move through the design space

based on individual experience and group knowledge.
Compared to Genetic Algorithms, Particle Swarm
Optimization requires fewer parameters and often
converges more rapidly.®

In structural engineering, Particle Swarm Optimization has
been applied to shape optimization of beams and shells,
structural damage identification, and optimal material
distribution problem:s. Its simplicity and fast convergence
make it attractive for continuous optimization problems.
Nevertheless, Particle Swarm Optimization may suffer
from premature convergence and reduced effectiveness
in highly constrained or discrete design spaces.

Simulated Annealing and Other Metaheuristics

Simulated Annealing, Ant Colony Optimization, Differential
Evolution, Harmony Search, Firefly Algorith nd Teaching
Learning Based Optimization represent§additional

involving discrete decisions, co
design variables. Their ability tg
them valuable for concep
design proble
irregular.

heuristics. Co onal optimization has revolutionized
thi cess by enabling automated generation and
ment of structural forms based on performance

ria.

opology Optimization

Topology optimization determines the optimal distribution
of material within a predefined design domain. Using finite
element analysis, it identifies regions where material is
necessary for load transfer and removes material where
it is inefficient.” Common approaches include the Solid
Isotropic Material with Penalization method, Evolutionary
Structural Optimization, level set methods, and phase field
formulations.

Topology optimization has been widely applied in
lightweight aerospace and automotive components,
bridge decks, architectural freeform structures, and
designs intended for additive manufacturing. Its ability to
generate innovative, organic geometries that outperform
conventional designs has made it one of the most influential
advances in structural optimization.

Shape Optimization

Shape optimization focuses on modifying structural
boundaries rather than material distribution. By adjusting
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geometry, it aims to reduce stress concentrations, improve
aerodynamic performance, or enhance dynamic behaviour.?
Applications include optimizing wing profiles, reducing
peak stresses in connections, and improving vibration
characteristics of beams and shells.

Size Optimization

Size optimization determines optimal cross-sectional
dimensions or material thicknesses while keeping topology
fixed. Typical applications include truss member sizing,
reinforcement detailing, and composite laminate thickness
optimization. Size optimization is often combined with
topology or shape optimization in multi-level frameworks
to achieve comprehensive structural optimization.

Surrogate Based and Approximation Methods

Structural optimization often requires repeated high-
fidelity simulations, leading to prohibitive computational
costs. Surrogate modelling addresses this challenge by
replacing expensive simulations with approximate models
that capture system behaviour with acceptable accuracy [9].

Common surrogate models include response surface
methodology, polynomial regression, Kriging or Gaussian
process regression, radial basis functions, support vector
regression, and artificial neural networks. These models
significantly reduce computation time while maintaining
reasonable predictive accuracy.

Multi fidelity surrogate approaches combine low fidelity
and high-fidelity models to balance efficiency and precision.
Such techniques have been applied in wind engineering,
multiscale material optimization, and earthquake resigtant
design. While surrogate models improve convergen
reduce cost, they require high quality training data an
careful validation to avoid prediction errors.

Machine Learning in Structural Opti

Machine learning has introduced a par
enabling data driven optimization str
networks can learn complex structur

by allowing agents to |
interaction with the
include automated topology ge
control, and real time mul

. Potential applications
ration, adaptive structural
jective optimization.

Generative models such as generative adversarial
networks and diffusion models can create novel structural
configurations that satisfy performance constraints. These
approaches show promise for conceptual design, facade
pattern generation, and generating high quality initial
designs for topology optimization.°

Applications of Optimization in Structural
Engineering

Computational optimization has found widespread
application across civil, aerospace, automotive, and
architectural engineering. In civil infrastructure, optimization
improves bridge girders, tall building bracing systems, shells,
and seismic resistant structures while reducing material
consumption and embodied carbon.

In aerospace and automotive industries, optimization
enables lightweight, high strength components, crash
energy absorption systems, and lattice structures suitable
for additive manufacturing. Architectural engineering
benefits from optimization by enabling freeform designs
that remain structurally efficient and safe.

Challenges in Computational Opti

engineering acceptance.

Future ections

Future rese ocus on real time optimization
using digital twins, deeper integration with additive
cturing, autonomous design systems, multiscale
multiphysics optimization, and sustainability driven

iv€s. Optimization will play a crucial role in reducing
bodied carbon, enhancing climate resilience, and
oving life cycle performance of structures.

Conclusion

Computational optimization techniques have revolutionized
tructural design, enabling engineers to achieve
unprecedented levels of performance, efficiency, and
innovation. From classical gradient-based methods to
modern evolutionary algorithms, topology optimization,
surrogate modeling, and machine learning, these techniques
allow exploration of complex design spaces beyond human
intuition. Their applications span civil infrastructure,
aerospace, automotive, and architectural engineering, where
optimized solutions reduce weight, improve resilience, and
enhance sustainability. Despite the challenges particularly
in computational cost, uncertainty, manufacturability, and
integration of multi-physics phenomena ongoing advances
in numerical algorithms, high-performance computing, and
Al continue to push the field forward. Future developments
such as digital twins, real-time adaptable structures, and
autonomous generative design promise a new era in which
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structural optimization becomes not just a tool, but a central
component of intelligent, sustainable engineering practice.
Computational optimization will remain at the forefront of
structural innovation, shaping the next generation of built
environments and engineered systems.
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