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Abstract:

This article aims to demonstrate the difference in results for minimal weight
optimization for a 17 bar truss sizing and shape optimization problem. In
order to attain results which can be produced in practice Euler bucking,
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minimal element length, maximal stress and maximal displacement
constraints were used. Using the same initial setup, optimization was

conducted using particle swarm optimization algorithm and compared to
genetic algorithm. Optimal results for both algorithms are compared to
initial values which are analytically calculated. The individual element
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lengths are observed, along with the overall weight, surface area and

included number of different cross-sections.
1. INTRODUCTION

Truss structural optimization in general
considers the optimization of sizing, shape and
topology of a structure. The implementation of all
of these aspects is not always possible, or even in
some cases favorable, so combinations of two are
most frequently employed. Previous research [1]
shows the difference in results comparing
individual aspect optimization and combinations of
optimization aspects. Aside from a complete
simultaneous sizing, shape, and topology
optimization, the next most favorable type in
terms of mass decrease is sizing and shape
combined. The decrease in complexity of this
approach is also an important factor, since the
search-space becomes drastically more discretized
when including topological optimization, making a
global optimum even harder to achieve. A balance
of input effort and achieved effects is grater using
this combination.

The bulk of research in the truss optimization
field is generally based on applying novel
optimization algorithms to solve standardized
problems [2-7]. This type of research provides
valuable data on parameter settings for truss

problems and shows improvements in
convergence and resulting weights.

In order for the optimization process to result in
trusses which can be implemented in practice,
realistic variables and constraints. For sizing
optimization discrete cross-section sets must be
used to give results representative of available
stock in a given material. This is best described in
papers [1,8,9] where authors showed how
continuous sizing variables lead to wunusable
solutions. Realistic and definable constraints are
just as important, and they allow for the design of
trusses which can hold up in practice. These

include, other than the typical stress and
displacement constraints, Euler bucking
constraints, minimal element length and

cardinality constraints [10-13]. The use of these
constraints in research are more and more
frequent and are becoming a norm in truss
optimization.

2. MATERIAL AND METHOD
This research is aimed at presenting the

improvements gained using sizing and shape
optimization simultaneously on a 17 bar truss
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example. The proposed optimization algorithms
used are genetic algorithm and particle swarm
optimization. These optimization algorithms are
not novel, however they provide comparable
results to newer methods, and their greatest
advantage is their availability and ease of use. The
results will be compared not just in terms of goal
function, but also the other important aspects of
total length, outer area and used number of
different cross-sections.

For the purposes of this research an original
software was developed in Rhino 6 using
Grasshopper’s Karamba 3D and Silvereye plugins
which use genetic algorithm and particle swarm
optimization operators.

3. OPTIMIZATION

Structural optimization problems mostly have
the goal function of finding the minimal weight,
which is also the case in this research. In order to
validate only practically applicable results a variety
of constraints must be introduced. The static
constraints used are minimal and maximal allowed
stress and minimal length of individual elements
and point displacement while buckling constraints
is a dynamic constraint. The goal function for
minimal weight is given as follows (Eg. 1):
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where the number of truss elements is n, the
length of the /" element is /;, the number of nodes
is k, the cross-section diameter is d, the i element
stress is o; and j node displacement is uj. Axial
compression force is Faicomp and Euler’s critical load
of the /" element is F; Eg. 2:
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E is the modulus of elasticity for the defined
material, and the minimum area moment of inertia
of the i" element cross-section which changes in
each iteration with the change of element
diameter is /.. The change in element length with

the change in node position also changes in each
iteration. The complexity of finding a global
maximum is therefore very complex as the search-
space has a varying, or dynamic, constraint.

In addition to these constraints, the minimal
element length constraint is implemented due to
the possibility of a global extreme value having a
small length which could not be produced. The
value assigned to this constraint is taken from
engineer experience or design guidelines given in
literature or corresponding standards [1]. This
constraint is given as (Eg. 3):

I >1 for i=1...,n
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The it" element length /; is between nodes a (i,
Yia) and b (xi, yiv), in that order.

(3)

3.1 PSO Algorithm

Particle swarm optimization (PSO) is a swarm
intelligent-based algorithm which searches the
entirety of the acceptable domain. This gives it an
advantage in that it uses only one phase, which
effects the algorithm’s performance and
controllability. Due to its outstanding
characteristics PSO has been used in many fields to
solve complex problems.

The key operating principle is centered on
particle acceleration, the distance from a particle
position to the best value of a particle and its
position from the globally best particle. Potential
solutions are the positions of particles in a given
moment. Only the best position is accepted and
passed through an iterative process of
optimization. Every new result is defined by two
components, velocity, v;, and position, x;. The
number of positions and accelerations is n
depending on the total defined number of particles.
Every new value is derived as follows (Eg. 4):

X =X tO

new, i

new, i (4)

where i=1,2,...,N, is the total size of the
population (Eg. 5):

¥
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(5)

Constants ¢, and c¢; are both suggested in
literature as 1.5. Random values r, and rq are from

143



N. Petrovic et al. / Advanced Engineering Letters Vol.1, No.4, 142-147 (2022)

the interval between 0 and 1. Current particle
position is defined as x,;. Particle intensity is w
(inertia weight) and is defined as (Eg. 6):

... —@ .
o = @, ——>——"—- |teration
Iteration,,, (6)
Values wma=0.9 and wmi»=0.4 are defined in
literature.

3.2 Genetic algorithm

Genetic algorithm, or GA, is a heuristic method
for optimizing whose operation is based on
mimicking natural processes [14]. The algorithm
contains three basic operators: selection,

crossover, and mutation which are illustrated in Fig.

1.

| Design fitnes function, Population size, Generation limit |
Y
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G
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STOP (Results)

Fig. 1. Genetic algorithm

Selection is the process of transferring genetic
information through generations, while crossover
represents the operations between two parents,
where an exchange of genetic information and
new generations are made. A mutation operator
creates a random change in the genetic
composition for some individuals for overcoming
early convergence.

Algorithm operation is founded on survival of
the fittest through evolution by exchanging genetic

material. Selection ranks individuals using values
from the fitness function that defines the quality of
an individual.

Both these algorithms have been used in
research over the years. Their application spans
many different fields and they have been used
successfully to find optimal solutions for complex
problems with few known inputs [15].

4. TEST EXAMPLE

The initial truss model bar and node layout for
the 17 bar truss example is given in Fig. 2. Thisis a
commonly used example. The  material
characteristics for all bars are: Young modulus
206842.719 MPa and density of 7.4 g/cm?3. There is
only one point load applied in node 9 which is
444.82 kN, in the -y direction.
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Fig. 2. The 17 bar truss problem [12]

Each bar cross-section is an independent
variable. There is only one fixed constraint for
displacement on all nodes of +0.0508 m in any
direction. Cross-section variables are taken from
the same discrete set as in [12].

5. RESULTS AND DISCUSSIONS

The initial model was first analytically
calculated and it was determined that the cross-
section for all elements should be a diameter of
105 mm (86.590 cm?), resulting in a structure
weighing 3181.777 kg. This result matches the
result in [12] and will be used as a benchmark to
measure the improvement made by using sizing
and shape optimization.

The optimal solution achieved using GA used a
population size of 100 with a 2x initial boost, 45%
inbreeding and maintaining 5% from previous
generations. The optimal solution using PSO used
100 iterations with a max velocity of 0.200 and a
swarm size of 20. Both algorithms used the same
initial setup with the layout from Fig. 2 and
diameters for all bars from the analytical
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calculation. All results were achieved using an
original software solution developed for Rhino 6
using Grasshopper’s Karamba 3D and Silvereye

plugins.

Table 1 gives the optimal cross-sections for
each bar including the total weight, length and
outer area for both GA and PSO.

Table 1. Optimal results

Element Cross-section areas (cm?)

Analytical GA PSO

1 86.590 70.882 38.485

2 86.590 23.758 50.265
3 86.590 86.590 122.718

4 86.590 7.069 3.801

5 86.590 33.183 63.617

6 86.590 28.274 4.524

7 86.590 70.882 78.540

8 86.590 9.621 44.179

9 86.590 63.617 4.524

10 86.590 2.545 63.617

11 86.590 50.265 56.745

12 86.590 11.341 9.621

13 86.590 33.183 44.179

14 86.590 63.617 23.758

15 86.590 56.745 0.283

16 86.590 23.758 38.485

17 86.590 63.617 44,179
Weight (kg) 3181.777 | 1456.573 | 1455.92
Total length (m) 50.545 48.145 49.401
Total area (m?) 4.377 0.200 0.200

Table 2 gives the optimal coordinates of nodes
for each solution.

Table 2. Optimal node positions

Coordinates [m]
Node GA PSO

X y X y
1 0 0 0 0
2 0 2.54 0 2.54
3 2.694 -0.122 3.304 -0.275
4 2.749 2.41 2.451 2.343
5 5.124 0.136 5.497 0.425
6 5.228 2.389 6.275 2.426
7 7.52 0.458 7.883 2.12
8 7.992 2.21 7.883 -0.051
9 10.16 1.118 10.16 0.513

Fig. 3 shows the differences in element length
between the analytical, GA and PSO solutions.

For both optimization algorithms the process
was repeated ten times each, and the best result
was used from each algorithm. It should also be

noted that the resulting optimal solutions did not
vary greatly between each of the 10 solutions. Fig.
4 and 5 show the resulting shapes for GA and PSO

respectively.
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Fig. 3. Individual element lengths for all solutions

Fig. 4. GA optimized shape

Fig. 5. PSO optimized shape
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