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Abstract

This article examines and implements meta-heuristic
algorithms to solve five engineering problems. The
problems have been investigated in a constrained manner
and optimized using firefly, colonial competition, frog, ant
and gray wolf algorithms. For each algorithm, a dynamic
adaptive factor is introduced to balance the convergence
rate and optimal search. The results show that each
algorithm performs better in specific problems: firefly in
spring tension, frog in three-bar truss, colonial competition
in speed reducer and gear design, and gray wolf in pressure
tank. The article concludes that choosing the right
algorithm depends on the type of problem and
environmental conditions.

Key words: Constrained engineering design optimization
problems, continuous and discrete design variables, meta-
heuristics, Imperialist Competitive, ants, Frog, grey wolf
firefly.

1. Introduction

Numerous optimization algorithms have been proposed to
solve various engineering design optimization problems,
which  usually  involve  nonlinear  constraints.
Optimization algorithms can generally be divided into two
categories: stochastic algorithms and deterministic
algorithms. Traditional optimization methods, such as the
gradient descent method, quasi-Newton methods, and the
interior-point Newton method, are usually based on
gradients and require different algorithms and conditions
depending on the objective functions. However, these
methods are often inefficient and inaccurate when dealing
with  complex, high-dimensional, and nonlinear
optimization problems, especially when objective
functions and  constraints are  discontinuous.
To overcome these issues, many stochastic optimization
algorithms have been proposed, including particle swarm
optimization, genetic algorithms, firefly algorithms, ant
colony optimization, artificial bee colony optimization,

frog leaping algorithms, imperialist —competitive
algorithms, and grey wolf optimization algorithms. These
stochastic optimization methods are typically meta-
heuristics inspired by physical and natural phenomena.

2. Solution Methods

Meta-heuristic algorithms are a set of advanced methods
used in optimization and complex problem-solving. These
algorithms are inspired by natural and social processes and
behaviors, such as food searching in animal societies. The
main goal of meta-heuristic algorithms is to find the most
optimal solutions within the search space and to avoid
getting trapped in local optima.
Some of these methods, such as the ant colony
optimization algorithm, are particularly suitable for
problems with discrete variables. The five solution
methods selected in this paper are suitable for problems
with continuous variables, discrete variables, or a
combination of both.

2.1 Dynamic Adaptive Factor

The dynamic adaptive factor is introduced to balance the
convergence rate and the global search ability during the
optimization process. This factor adjusts the search speed
according to the problem environment, aiming for better
optimization by dynamically adapting to environmental
conditions. Through this dynamic adjustment, the
algorithms are able to enhance the convergence rate and
perform a more effective search within the solution space.

3. Introduction to Engineering Optimization Problems
3.1 Introduction to Constrained Engineering
Optimization Problems

In this section, five constrained engineering optimization
problems—each involving objective functions, design
variables, and various constraints—are selected. The
performance of the firefly algorithm, the imperialist
competitive algorithm, and other proposed algorithms is
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evaluated in terms of solution quality, stability, and
convergence rate.

3.2 Constrained Optimization
Continuous Variables

- Tension/Compression Spring Design Problem: The
objective of the spring design problem is to minimize its
weight while satisfying constraints on minimum
deflection, shear stress, frequency, and maximum outer
diameter.

Problems with

- Three-Bar Symmetrical Truss Design Problem: The
three-bar symmetrical truss structure, made of steel, is
subjected to two constant loads P1=P2=PP_1=P_2 =PP1
=P2=P. The goal is to achieve the optimal design by
minimizing the volume subject to stress constraints. The
design variables are the cross-sectional areas of the three
bars, denoted as x1x_1x1, x2x_2x2, and x3x_3x3.

- Speed Reducer Design Problem: The objective is to
minimize the weight of a speed reducer while considering
strength constraints related to the bending stress and
surface stress of the gear teeth, as well as shaft stresses and
deflections.

- Pressure Tank Design Problem: The aim is to minimize
the total construction cost, including material, forming,
and welding costs. The design variables are the shell
thickness (TsT_sTs), head thickness (ThT_hTh), inner
radius (RRR), and cylindrical section length (LLL) of the
tank. TsT_sTs and ThT_hTh are discrete variables and
must be integer multiples of 0.0625.

3.3 Engineering Optimization Problems with Discrete
Variables - Gear Set Design Problem: The goal is to
minimize the error between the obtained gear ratio and the
required gear ratio (1/6.931), under the constraint that the
number of teeth of the four gears must fall within specified
permissible ranges.

4. Results

4.1 Sensitivity Test

Generally, the convergence number in a meta-heuristic
algorithm indicates the number of iterations required to
reach the global optimum. A lower convergence number
signifies faster and better convergence to the optimal
solution. In this study, sensitivity tests are conducted on
the key parameters of the meta-heuristic algorithms to
determine the best parameter settings that achieve optimal
convergence for all problems.
For instance, in the frog-leaping algorithm used for the
three-bar truss design problem, parameters such as the
maximum number of iterations, initial population of frogs,
number of memeplexes, and size of memeplexes have been
evaluated. The final results of the sensitivity analysis for
the frog algorithm are shown in Figure 1 alongside other
meta-heuristic algorithms.

4.2 Execution Speed Evaluation
According to Table 1, the execution speeds of five meta-
heuristic algorithms are evaluated for the three-bar truss
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Fig 1. Convergence history of the cost function of the
truss design problem

problem, based on a fixed fitness value achieved within
100 iterations.

Table 1- The result of the test of the average
execution time of the algorithms

Algorithm type Execution time
1 gray wolf 18
Colonial
2 competition 24
3 firefly 25
4 frog 40
5 Ant colony 42
5. Conclusion

In this article, five problems in the field of mechanical
engineering have been examined along with their
limitations and related results. Gray wolf algorithms, ant
colony algorithm, firefly algorithm, colonial competition
and frog algorithms have been evaluated in solving these
problems and the relevant results have been described. One
of the innovations of this article is satisfying the
constraints of the problems, which is done initially due to
the limited search range and creating a random
neighborhood in the area that satisfies the constraints.
Another point is the use of the dynamic adaptive factor in
all these algorithms, so that by changing the search speed
and adapting it to the environmental conditions, it leads to
better optimization.

The results of these algorithms are compared with the
results of other researchers in Tables 1to 5. As an example,
the results of solving the three-bar truss design problem by
five meta-heuristic optimization algorithms show that the
frog algorithm has a more accurate answer in this problem
with an accuracy of 0.136%. In fact, for different
problems, according to whether the problem is discrete or
continuous, a specific optimization algorithm provides a
more accurate answer for each problem. These results
show that the above algorithms can improve accuracy and
speed in different problems at the same time, and this is a
manifestation of Swarm intelligence.
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