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Summary: Optimum design of truss structures is considered as a benchmark problem in
the field of the structural optimization. In order to solve this hard combinatorial
problem, it is necessary to implement adequate optimization tool that would provide
sufficiently wide range of possible solutions within a reasonable time as well as to
obtain good exploration and exploitation of search space. The aim of presented study
was to compare efficiency of different multi-objective algorithms in solving this task.
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1. INTRODUCTION

Truss structures optimization usually involves determining optimum values for member
cross-sectional areas that would minimize the weight of a given truss structure while
satisfying a number of inequality constraints that limit design variables sizes. However,
minimum weight is often not the only goal, because limiting deformations is often more
important demand in order to achieve usability demands in exploitation during the
structure’s life-cycle. These cases belong to the field of multi-objective optimization.

The main task of every optimization tool is to perform effective and efficient exploration
of a given search space. This search for an optimal solution should be versatile enough to
both intensively explore promising areas of the search space around high quality
solutions, and to reach its unexplored areas. Two basic concepts for reaching these goals
are usually called intensification and diversification. These terms originate from the tabu
search field, but same or related concepts can also be found in other methods, such as
evolutionary algorithms, denoted as exploitation (related to intensification) and
exploration (related to diversification). The main difference between intensification and
diversification is that intensification feature of a given search tool focuses on examining
neighbors of elite solutions, while the diversification encourages the search process to
examine unvisited regions and to generate solutions that differ in various significant
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ways from those seen before [1]. A metaheuristic will be successful on a given
optimization problem if it can provide a good balance between the exploitation of the
accumulated search experience and the exploration of the search space to identify
regions with high quality solutions in a problem specific, near optimal way [2].

The aim of presented research was to explore applicability of three different meta-
heuristics, namely genetic algorithm, tabu search and Big Bang — Big Crunch algorithm
in finding optimum design features of a given truss structure. Obtained results indicate
that the Big Bang — Big Crunch algorithm outperforms two other methods in exploration
and exploitation of a search space by producing much better Pareto fronts of possible
solutions.

2. PROBLEM FORMULATION

Mathematically, the optimal design of a truss can be formulated as finding set of
variables [A1, Az, ..., An], Ai € D, where A; is the cross-sectional area of a member i, n is
the number of members in a givent russ structure, and D denotes the allowable set of
values for the design variable A;, in order to minimize both the nodal displacements (1)
and the total weight of structure (2):
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Where n, is nuber of nodes; W(A) is weight of the structure; n is the number of members
of the structure; vy; represents the material density of member i and L; is the length of
member i, subject to constraints:
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Since the presented problem has two objective functions, an appropriate solving method
is the multi-objective tool that would be able to locate multiple Pareto optimal solutions
in a single run. A solution is said to be Pareto optimal if and only if it is not dominated
by any other solution in the performance space. If one solution dominates another, it
implies that the first one is non-inferior to the second one for all the considered
performance criteria but it is better than it for at least one criterion. All Pareto solutions
form a Pareto front in the performance space.

Analysis of the whole Pareto front provides useful information on trade-off relationship
between the fitness functions and enables a decision maker to consider different
alternatives and make a choice that would represent acceptable compromise for
conflicting objectives. In hard combinatorial problems such as this one it is impossible to
conduct thorough search for Pareto solutions within the whole search space without
appropriate optimization tool.
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3. OPTIMIZATION TOOLS

Genetic algorithms (GA) are a special class of global optimization methods, based on the
theory of evolution. GAs do not operate on a single trial solution, but on a group of
solutions, called population. A solution (called a string) is a vector of all parameters
which are to be optimized. After application of evolution inspired operators such as
fitness, crossover and mutation, the best solutions are being transformed and saved,
forming the next generation, which means that the whole population moves towards
better solutions, and finally to the global optimum [3, 4]. Although GAs have been
proven able to locate promising regions for global optima in a search space, they
sometimes can have a problem with finding the exact (global) minimum or maximum,
especially if the search space is very large. In the field of optimization problems, tabu
search (TS) is often used as a ‘higher” heuristic procedure for enabling the other methods
to avoid the trap of local optimum [5, 6]. TS operates on a single solution at a time and
uses problem-specific operators to explore a search space and memory (called the tabu
list) while keeping track of parts already visited. By guiding the optimization to the new
areas, TS is able to overcome local minima and to reach the global optimum [1].

The Big Bang — Big Crunch algorithm (BB-BC) is relatively new evolution algorithm
introduced in 2006 by Erol and Eksin [7], inspired by a theory of the evolution of the
universe, namely the Big Bang and Big Crunch theory. Every step of the algorithm
consists of two phases: a Big Bang phase, and a Big Crunch phase. In the Big Bang
phase, candidate solutions are randomly distributed over the search space. The Big Bang
phase is followed by the Big Crunch phase. The Big Crunch is a convergence operator
that has many inputs but only one output, named as the center of mass, where the term
mass refers to the inverse of the fitness function value. After calculating the center of
mass, the algorithm generates new candidate solutions for the next Big Bang phase using
a normal distribution around the previous center of mass. After the new population is
generated, algorithm moves onto the next Big Crunch phase by calculating new center of
mass. This sequence of explosion and contraction is repeatedly carried out until a
stopping criterion has been met, whether it is reaching maximum number of iterations or
obtaining a convergence.

4. COMPARISON CRITERIA

Basically, every multi-objective optimizer aims at three goals: a) to find out the true
Pareto front or to converge as close as possible to it; b) to cover as wide as possible span
of solutions, and c) to discover solutions as diverse as possible along the obtained Pareto
front. In order to provide a quantitative performance assessment for different multi-
objective optimizing algorithms, it is necessary to establish exact criteria for measuring
and comparing their effectiveness. A variety of such metrics and methods have been
proposed in literature [8—10]. Method used in this study is based on a set of three
metrics, namely: Coverage, Spacing and Maximum Spread [10, 11].

Coverage (C-metric) provides comparison between two Pareto fronts. If A and B be are
two approximations to the Pareto front, then C(A, B) is the percentage of the solutions in
B that are dominated by at least one solution in A:
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Spacing (S-metric) indicates how evenly the solutions are distributed along the
discovered Pareto-front:
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where npr is the number of members in Pareto front and d; is the Euclidean distance (in
the objective space) between the member i in Pareto front and its nearest member. A
smaller value of S implies a more uniform distribution of solutions in Pareto front.

Maximum Spread (MS-metric) measures how “well” obtained Pareto front covers the
true Pareto front:
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where m is the number of objectives, fimax and fimin are the maximum and minimum of the
ith objective in obtained Pareto front, respectively, and Finax and Fimin are the maximum
and minimum of the ith objective in true Pareto front, respectively. A larger value of MS
inicates a better spread of solutions. Since the true Pareto front in this study is not
known, Fimax and Fimin are considered as the maximum and minimum of the ith objective
in all obtained Pareto fronts by various algorithms.

5. NUMERICAL EXAMPLE

Comparative analysis was performed on standard benchmark problem of 56-bar truss
structure [12, 13] with members grouped into three groups as shown in Figure 1.
Optimization task is to simultaneously minimize total structural volume Fix (and
consequently the weight and ammount of material) and total displacement of the node 1,
Fax). Therefore, objective functions are:

56
Fl(x) = Z_l:AiIi (7)

Fw =+ 55 + 512y + 6, (8)
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Load consists of 4 kN force in the Y-direction and 30 kN force in the Z-direction in joint
1, while other free nodes are loaded with 4 kN force in Y -direction and 10 kN force in Z-
direction. Vertical displacements of joints 4, 5, 6, 12, 13 and 14 are restricted to 4 mm,
and displacement in joint 8 in Y-direction is limited to 2 mm. The modulus of elasticity
is 210 kN/mm? for all members, while minimum and maximum cross-sectional areas of
members are 200 mm? and 2000 mm?, respectively.
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Figure 1. Truss geometry and member grouping
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6. RESULTS AND DISCUSSION

In order to evaluate performance of described algorithms, they were run five times.
Extreme solutions after five runs of each algorithm are presented in Table 1 and
performance metrics values are presented in Table 2. Comparison of results in Table 1
indicates that BB-BC algorithm outperforms GA and TS in solving this task and
obtained better extreme results for the both fitness functions.

Table 1. Best results after five runs

Algorithm Best extreme sc3)lution 1 Best extreme sglution 2
(mm, m°) (mm, m°)
GA (2.25; 0.4035) (7.67,0.1278)
TS (2.75; 0.4111) (7.87,0.1315)
BB-BC (2.23; 0.4029) (7.54, 0.1245)
Table 2. Performance metrics values
C-metric
Algorithm Run 1 Run 2 Run 3 Run 4 Run 5
GAVvs. TS 0.34 0.38 0.29 0.31 0.38
TSvs. GA 0.11 0.16 0.22 0.24 0.20
GA vs. BB-BC 0.29 0.26 0.22 0.31 0.17
BB-BC vs. GA 0.38 0.36 0.34 0.35 0.40
TS vs. BB-BC 0.11 0.15 0.22 0.17 0.20
BB-BCvs. TS 0.58 0.51 0.47 0.60 0.52
S-metric
Algorithm Run 1 Run 2 Run 3 Run 4 Run 5
GA 22.32 19.98 24.66 23.40 25.00
TS 47.54 42.49 38.99 41.71 39.96
BB-BC 11.98 10.44 13.02 15.93 12.12
MS-metric
Algorithm Run 1 Run 2 Run 3 Run 4 Run 5
GA 0.95 0.96 0.94 0.97 0.92
TS 0.92 0.91 0.89 0.92 0.90
BB-BC 1.00 1.00 0.97 0.95 0.99

Differences in quality of obtained Pareto fronts can be further discussed according to the
results of three considered performance metrics given in Table 4. Values of the
preformance metrics indicate that the BB-BC algorithm obtained better Pareto fronts in
comparison with other two methods. Values of the S-metric indicate that BB-BC
provided very uniform distribution of solutions along the Pareto front, while the
solutions obtained by the GA can be considered as satisfying. High values for the TS
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indicate that this method had problems with being trapped in local optimum points.
Values of the MS-metric indicate that solution obtained by all three methods are close
enough to the real Pareto front.

7. CONCLUSION

In this paper comparative analysis of three metaheuristics is performed in order to find
the most apropriate metodology for solving combinatorial problem of multi-objective
truss optimization. Results indicate that the Big Bang — Big Crunch algorithm
outperforms tabu search and genetic algorithm both in finding better extreme solutions
and considering quality of pbtained Pareto front.
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YINIOPE/IHA AHAJIM3A BUIIEKPUTEPUJYMCKHUX
METOJA OITUMHU3ALINJE KOHCTPYKLIMJA

Peszume: Onmumanno npojekmosarse peuemkacmux Hocaud cmampa ce cmanoapoHum
npo6emMom y nosby ONMUMATHOZ OUMEH3UOHUCAA KOHCmpyKkyuja. [a 6u ce pewio ogaj
mexcax KOMOUHAMOPHU NpobieM, HEeONXOOHO je npumeHumu oozosapajyhy memooy
onmumuzayuje koja he 3a npuxammugo epeme NpysCUmMuU O00B0LHO WUPOK CHEKMAp
Mmoeyhux pewersa anu u 06e3dbemuou memessHy U c8eoOyxeammy npempazy obracmu
deunucanocmu. Llunv npuxazanoe ucmpadcusarwa 6uo je Oa ce ynopeou
0e0MBOPHOCH PASIUYUMUX BUULEKDUMEPUJYMCKUX MEMOOd ONMUMU3AYU]e Y Peuasarsy
0802 3a0amkKa.

Kawyune peuu: Pewiemkacma KOHCmMPYKyuja, suiuespumepujymcka npempazd, 2eHemcku
aneopummu, maby npempaza, Benuxu npacax — 6e1uKo caxircumarbe

| CONFERENCE PROCEEDINGS INTERNATIONAL CONFERENCE (2016) |



