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ABSTRACT

The Big Bang–Big Crunch (BB–BC) optimization algorithm is a new optimization method 
that relies on the Big Bang and Big Crunch theory, one of the theories of the evolution of the
universe. In this paper, a discrete Big Bang–Big Crunch algorithm is presented for optimal 
design of structures. The BB–BC is employed to optimize different types of skeletal 
structures with discrete variables including trusses and frames. The results demonstrate the 
efficiency of the discrete BB–BC algorithm compared to other heuristic algorithms.

Keywords: Big Bang–Big Crunch algorithm; truss structures; frame structures; particle 
swarm optimization; heuristic algorithms; discrete variables

1. INTRODUCTION

Scarcity of structural materials and the need for efficiency in today’s competitive world have 
forced engineers to evince greater interest in economical designs for structures. The 
evolutionary algorithms provide efficient tools for performing structural optimum designs and 
this is why these methods have been extensively employed in the field of structural 
engineering [1-15]. The BB–BC algorithm is a recently developed evolutionary algorithm 
which is based on the theory of Big Bang and Big Crunch [16]. According to this theory, in the 
Big Bang phase energy dissipation produces disorder and randomness is the main feature of 
this phase; whereas, in the Big Crunch phase, randomly distributed particles are drawn into an 
order. In fact, BB–BC generates random points in the Big Bang phase and shrinks these points 
into a single representative point via a center of mass in the Big Crunch phase. After a number 
of sequential Big Bangs and Big Crunches, the distribution of randomness within the search 
space during the Big Bang becomes smaller and smaller about the average point computed 
during the Big Crunch, and the algorithm converges to a solution.

Recently, a hybrid Big Bang–Big Crunch optimization (HBB–BC) is implemented to 
solve the truss optimization problems with continuous domains [17]. HBB–BC is based on 
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the Big Bang–Big Crunch (BB–BC) optimization method and the particle swarm 
optimization (PSO) [18]. The HBB–BC not only considers the center of mass as the average 
point in the beginning of each Big Bang, but also similar to particle swarm optimization-
based approaches, utilizes the best position of each particle and the best visited position of 
all particles. As a result, the performance of the BB–BC approach is improved because of 
increasing the exploration of the algorithm.

In practical structural optimization problems, industrial cross sections are used which have 
discrete values and as a result a discrete solution is more suitable than continuous one for this 
kind of the optimization problems [12]. This paper presents a discrete version of HBB–BC. In 
order to have a discrete method, one can utilize a rounding function which changes the agents' 
magnitude by the value of the nearest discrete cross section. Although this change is simple 
and efficient, however it may reduce the exploration of the algorithm [15]. Therefore, we 
utilize an approach to transform a discrete structural optimization problem to a continuous 
one. Then, HBB–BC can easily be utilized to perform the optimum design. Several design 
examples with discrete design variables are tested employing the new method, and their 
results are compared to those of other heuristic algorithms. 

2. DISCRETE OPTIMUM DESIGN OF STRUCTURES

The aim of optimizing structures is to find a set of design variables that has the minimum 
weight satisfying certain constraints. This can be expressed as
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where A is the set of design variables; ng is the number of groups; Di denotes the allowable 
set of values for the design variable xi; W(A) is weight of the structure; nm is the number of 
members of the structure; γ! i represents the material density of member i; Li is the length of 
member i;!Ai is the cross-sectional area of member i; )(Ajg  is design constraints; and n is 

the number of the constraints.
If the design variables represent a selection from a set of parts as

 )(,2,1, ,...,, iriiii dddD  (2)

then the problem is considered as discrete [15], where )(ir  is the number of available 
discrete values for the ith design variable. This paper investigates two types of skeletal 
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structures consisting of trusses and frames. The constraint conditions for these structures are 
briefly explained in the following sections.

2.1 Constraint Conditions for Truss Structures
For truss structures, the stress limitations of the members are imposed according to the 
provisions of ASD-AISC [19], as follows:
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where E is the modulus of elasticity; Fy is the yield stress of steel; Cc is  the slenderness ratio 
dividing the elastic and inelastic buckling regions; λi is the slenderness ratio.

The other constraint is the limitation of the nodal displacements

nniu
i ,....,2,1       i   (5)

where i  denotes the nodal deflection;! u
i is the allowable deflection of node i; and nn is 

the number of nodes.
In addition, the maximum slenderness ratio is limited to 300 for the tension members, 

and it is recommended to be 200 for the compression members according to ASD-AISC 
[19] design code provisions.

2.2 Constraints Conditions for Steel Frames 
Optimal design of frame structures is subjected to the following constrains according to 
LRFD-AISC provisions [20]:

Maximum lateral displacement:

R
H
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(6)

Inter-story displacements constraints:
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The strength constraints:
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where T  is the maximum lateral displacement; H is the height of the frame structure; R is 

the maximum drift index (1/300); id is the inter-story drift; ih  is the story height of the ith 

floor, ns !denotes the total number of stories RI is the inter-story drift index permitted by the 
code of the practice (1/300); uP  is the required strength (tension or compression); nP  is the 

nominal axial strength (tension or compression); c  denotes the resistance factor ( 9.0c
for tension,! 85.0c  for compression);! uxM !and uyM  are the required flexural strengths 

in the x and y directions, respectively;! nxM and nyM  are the nominal flexural strengths in 

the x and y directions; and b  represents the flexural resistance reduction factor ( 90.0b ).

3. HBB–BC METHOD FOR STRUCTURAL DESIGN

3.1 Review of the HBB–BC Method
The BB–BC method consists of two phases [16]: a Big Bang phase, and a Big Crunch 
phase. In the Big Bang phase, candidate solutions are randomly distributed over the search 
space. Similar to other evolutionary algorithms, initial solutions are spread all over the 
search space in a uniform manner in the first Big Bang. 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, 
which is named as the “center of mass”. Here, the term mass refers to the inverse of the 

objective function value. The point representing the center of mass, denoted by c(k)
iA  is 

calculated as [17],
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where ),( jk
iA  is the ith component of the jth solution generated in the kth iteration; N is the 



A DISCRETE BIG BANG – BIG CRUNCH ALGORITHM FOR ... 107

population size in the Big Bang phase; and Merj is the amount of the objective function.
After the Big Crunch phase, the algorithm creates the new solutions to be used as the Big 

Bang of the next iteration step, by utilizing the previous knowledge (center of mass). This is 
accomplished by spreading new off-springs around the center of mass using a normal 
distribution operation in every direction, where the standard deviation of this normal 
distribution function decreases, as the number of iterations of the algorithm increases.
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where jr  is a random number from a standard normal distribution which changes for each 

candidate, and 1  is a parameter for limiting the size of the search space.
These successive explosion and contraction steps are carried out repeatedly until the 

stopping criterion has been met. Here, a maximum number of iterations is utilized as the 
stopping criterion.

In order to improve the exploration ability (global investigation of the search place), this 
paper uses the capabilities of the particle swarm optimization to improve the exploration 
ability of the BB–BC algorithm. The particle swarm optimization is motivated from the 
social behavior of bird flocking and fish schooling which has a population of individuals, 
called particles, that adjust their movements depending on both their own experience and 
the population’s experience [18]. At each iteration, a particle moves towards a direction 
computed from the best visited position (local best) and the best visited position of all 
particles in its neighborhood (global best). The HBB–BC approach similarly not only 

employs the center of mass but also utilizes the best position of each candidate ( ),( jklbest
iA ) 

and the best global position ( )(kgbest
iA ) to generate a new solution [17],
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where α2 and α3 are adjustable parameters controlling the influence of the global best and 
local best on the new position of the candidates, respectively.

The agents of a population-based search algorithm performs three steps in each iteration 
to realize the concepts of exploration and exploitation: self-adaptation, cooperation and 
competition. In the self-adaptation step, each particle improves its performance. In the 
cooperation step, members collaborate with each other by transforming the information. 
Finally, in the competition step, members compete to survive. In the standard BB–BC
algorithm, although cooperation step is satisfied by using the concept of the center of mass 
(Eq. (10)), the self-adaptation and cooperation steps are not considered to be sufficient. 
Adding the capabilities of the PSO algorithm improves these steps. The first term of Eq. 
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(11) represents the cooperation step of the algorithm. The term related to ),( jklbest
iA  can be 

considered as the self-adaptation step of the algorithm that incites particles to improve their 

solutions, and the competition step is indicated by the term related to )(kgbest
iA . Finally, the 

stochastic form of the algorithm is incorporated by using the last term in the Eq. (11). The 
pseudo-code of the HBB–BC algorithm is summarized in Table 1.

Table 1. The pseudo-code of the HBB–BC algorithm

Step 1: Generate initial candidates in a random manner.

Step 2: Calculate the merit function values of all the candidate solutions.

Step 3: Find the center of the mass.

Step 4: Calculate new candidates around the center of the mass.

Step 5: Until meeting a stopping criterion, return to step 2.

3.2 A Discrete HBB–BC Algorithm
One way to solve discrete problems by using continuous algorithm is utilizing a rounding 
function. Although this way is simple and efficient, however it may reduce the exploration 
of the algorithm [15]. Therefore, we utilize a search-space updating mechanism considering 
a continuous search space and a small discrete problem in global and local phases, 
respectively.

According to this methodology, the optimization process is carried out in two phases: the 
global phase and the local phase. In global phase as show in Figure 1, the search space is 
considered as a continuous domain and a search-space updating method, called sub-
optimization mechanism (SOM) [5], is utilized. SOM divides the search space into sub-
domains and performs optimization process into these patches, and then based on the 
resulted solutions the undesirable parts are deleted, and the remaining space is divided into 
smaller parts for more investigation in the next stage. Therefore, SOM, based on the 
principles of finite element method, can be considered as the repetition of the following four 
steps for definite times:

1. Calculate the permissible bounds for each variable;
2. Determine the accuracy value for the variables;
3. Create the series of the allowable values for the variables; and
4. Determine the optimum solution of the current stage.

SOM helps to distribute the initial particles in the first Big Bang. SOM also guides the 
HBB–BC to select a small number of candidates because of reducing the search space. The 
detailed information related to SOM and its application in the HBB–BC algorithm is 
available in Refs. [17,21]. Using SOM, the search space is decreased rapidly around the 
optimum design.



A DISCRETE BIG BANG – BIG CRUNCH ALGORITHM FOR ... 109

Figure 1. The flow chart for the global phase of the discrete HBB–BC algorithm

In the local phase, the final optimum design is obtained by considering a determined 
number of discrete values in the neighborhood of the result gained in the previous phase. 
The local phase implies that the optimal discrete solution is close to the continuous one, 
which is usually the case for the real engineering structures. Now, a rounding function can 
be utilized. In this study, eight numbers are selected as the neighborhood discrete values of 
the global phase' result (ri = 8). Figure 2 shows the flow chart for the local phase of the 
discrete HBB–BC algorithm.
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Figure 2. The flow chart for the local phase of the discrete HBB–BC algorithm

In order to handle the constraints, HBB–BC does not require an explicit relationship 
between the objective function and constraints. Instead, the objective function for a set of 
design variables can be penalized to reflect any violation of the design constraints. In 
utilizing the penalty functions, if the constraints are between the allowable limits, the 
penalty will be zero; otherwise, the amount of penalty is obtained by dividing the violation 
of allowable limit to the limit itself.

4. DESIGN EXAMPLES

In this section, some examples with discrete variables consisting of truss and frame 
structures are optimized with the proposed method. The final results are compared to the 
solutions of other methods to demonstrate the efficiency of the present approach.

For the proposed algorithm, a population of 50 individuals is used for all the examples. The 
value of the constants 1 , 2  and 3  are set to 1.0, 0.40 and 0.80, respectively [17]. The 

algorithms are coded in Matlab and the structures are analyzed using the direct stiffness method.
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4.1 Truss Structures
4.1.1 Design of a 354-bar Braced Dome Truss
The plan, elevation and 3-D views of a braced dome truss as shown in Figure 3 is chosen 
from Ref. [14]. This dome has 40 m (131.23 ft) diameter and it is designed for covering the 
top of an auditorium at an elevation of 10 m (32.8 ft). The dome has a height of 8.28 m 
(27.17 ft), and consists of 127 joints and 354 members. The 354 members are grouped into 
22 independent design variables (Figure 3), which are selected from a database of 37 
circular hollow sections in ASD-AISC [19] steel profile list. For design purpose, the dome is 
subjected to following three load cases considering various combinations of dead (D), snow 
(S) and wind (W) loads calculated according to the provisions of ASCE 7-98 [22]:

(1) D+S,
(2) D+S+W (with negative internal pressure), and 
(3) D+ S+W (with positive internal pressure).

Figure 3. A 354-member braced truss dome (a) 3D view (b) top view and (c) side view

The load cases resulting from unbalanced snow loads are disregarded in the study. The 
illustrations of the three load cases are provided in Figure 4, Ref. [14]. It has been assumed 
that dead and snow loads act on the projected area, while wind load acts on the curved surface 
area. Sandwich type aluminum cladding material is used, resulting in an assumed dead load 
pressure of 200 N/m2 including the frame elements used for the girts. The stress and stability 
limitations of the members are calculated according to the provisions of ASD-AISC [19]. The 
displacements of all nodes are limited to 11.1 cm (4.37 in.) in all directions.
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Figure 4. The three load cases considered for 354-member braced truss dome

This example was solved using 6 meta-heuristic algorithms consisting evolution 
strategies algorithm, simulated annealing, tabu search, ant colony optimization, harmony 
search and genetic algorithms [14]. Simulated annealing technique results in the least 
weight compared to other heuristic algorithm, which is 14,760.8 kg (Table 2). The final 
designs achieved by evolution strategies and particle swarm optimization methods are both 
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14,816.3 kg, and are only 0.3% different from the one located by SA. Ant colony 
optimization, tabu search, harmony search and genetic algorithms achieved 4%, 8.7%, 
8.8%, 12.6% heavier designs, respectively [14].

Table 2. Optimal design comparison for the 354-bar dome shaped truss

Optimal pipe sections

Present workHasançebi  et al. [14]  (SA)

Element 
group

P2 (6.90 cm2)P2 (6.90 cm2)1

P3.5 (17.29 cm2)P3 (14.39 cm2)2

P3 (14.39 cm2)P4 (20.45 cm2)3

P3 (14.39 cm2)P3.5 (17.29 cm2)4

P3 (14.39 cm2)P3 (14.39 cm2)5

P3 (14.39 cm2)P3 (14.39 cm2)6

P3.5 (17.29 cm2)P3 (14.39 cm2)7

P3 (14.39 cm2)P2.5 (10.97 cm2)8

P2.5 (10.97 cm2)P3 (14.39 cm2)9

P3 (14.39 cm2)P3 (14.39 cm2)10

P2.5 (10.97 cm2)P2.5 (10.97 cm2)11

P2.5 (10.97 cm2)P2.5 (10.97 cm2)12

P2.5 (10.97 cm2)P2.5 (10.97 cm2)13

P2.5 (10.97 cm2)P2.5 (10.97 cm2)14

P2.5 (10.97 cm2)P2.5 (10.97 cm2)15

P2.5 (10.97 cm2)P2.5 (10.97 cm2)16

PX2 (9.55 cm2)PX2 (9.55 cm2)17

PX2 (9.55 cm2)PX2 (9.55 cm2)18

P2 (6.90 cm2)P2 (6.90 cm2)19

P2 (6.90 cm2)P2 (6.90 cm2)20

P2 (6.90 cm2)P2 (6.90 cm2)21

P2 (6.90 cm2)P2 (6.90 cm2)22

14,708.9 (32,427.6)14,760.8 (32,542.3)Weight kg (lb)
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The best result of HBB–BC algorithm has the weight of 14,708.9 kg which is 0.4% 
lighter than the result of simulated annealing method. Table 2 gives the comparison of 
optimal pipe section design results of 354-bar dome shaped truss for the HBB–BC and 
simulated annealing algorithms. For the HBB–BC result, the stress and stability limitations 
contrary to node displacements are active constraints. The section of the groups 1, 11, 12, 
13, 14, 16 and 19 are determined considering stability limitations. Therefore for these 
element groups, both simulated annealing method and HBB–BC have found the same 
sections, while for other elements the stress constraints determine the sections.

(b) Top view

(c) Side view

(a) 3D view

Figure 5. A 582-bar tower truss (a) 3D view (b) top view (c) side view
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4.1.2 582-bar Tower Truss Design
A 582-bar tower truss with the height of 80 m is considered as shown in Figure 5. The 
symmetry of the tower around x- and y-axes is considered to group the 582 members into 32 
independent size variables. A single load case is considered consisting of the lateral loads of 
5.0 kN (1.12 kips) applied in both x- and y-directions, and a vertical load of 30 kN (6.74 
kips) applied in the z-direction at all the nodes of the tower. A discrete set of 137 
economical standard steel sections selected from W-shape profile list based on area and 
radii of gyration properties is used to size the variables [14]. The lower and upper bounds on 
size variables are taken as 39.74 cm2 (6.16 in.2) and 1387.09 cm2 (215.0 in.2), respectively. 
The stress limitations of the members are imposed according to Eqs. (3) and (4). The 
limitation of node displacements is 8.0 cm (3.15 in.) in each direction and the maximum 
slenderness ratio is limited to 300 and 200 for tension and compression members, 
respectively.

As reported by Hasançebi et al. [14], PSO has obtained the lightest design compared to 
some other meta-heuristic algorithms such as evolution strategies algorithm, simulated 
annealing, tabu search, ant colony optimization, harmony search and genetic algorithms.
Evolution strategies technique gives the second best answer,  which is only 0.1% heavier
than the result of PSO. The other minimum weights obtained by simulated annealing, tabu 
search, ant colony optimization, harmony search and genetic algorithm are!0.4%, 1.2%, 
1.7%, 3.8% and 5.7% heavier than the one attained by PSO, respectively [14]. Authors have 
solved this problem using a heuristic particle swarm ant colony optimization (HPSACO) 
which is 1.5% lighter than the result of PSO [15].

Table 3 gives the best solution vectors of the PSO, HPSACO and HBB–BC algorithms. 
The optimum result of the HBB–BC approach is 22.37 m3 which it is close to the result of 
PSO. The design history graph is shown in Figure 6. HBB–BC needs nearly 12,500 analyses 
to reach a solution which is less than 50,000 analyses for PSO [14] and more than 8,500 
analyses for HPSACO [15]. The maximum values of displacements in the x-, y- and z-
directions are 8.0 cm (3.150 in), 7.61 cm (2.994 in) and 2.35 cm (0.925 in), respectively. 
The maximum stress and slenderness ratios are 97.67% and 95.36%, respectively.
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Figure 6. Convergence history for the 582-bar truss structure using the HBB–BC algorithm
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Table 3. Optimal design comparison for the 582-bar tower truss

Optimal cross-sectional areas

Present work
Kaveh & Talatahari [15] 

(HPSACO)
Hasançebi et al. [14]  

(PSO)

 Element 
group

W8X24W8X24W8X211

W24X68W12X72W12X792

W8X28W8X28W8X243

W18X60W12X58W10X604

W8X24W8X24W8X245

W8X24W8X24W8X216

W21X48W10X49W8X487

W8X24W8X24W8X248

W10X26W8X24W8X219

W14X38W12X40W10X4510

W12X30W12X30W8X2411

W12X72W12X72W10X6812

W21X73W18X76W14X7413

W14X53W10X49W8X4814

W18X86W14X82W18X7615

W8X31W8X31W8X3116

W18X60W14X61W8X2117

W8X24W8X24W16X6718

W16X36W8X21W8X2419

W10X39W12X40W8X2120

W8X24W8X24W8X4021

W8X24W14X22W8X2422

W8X31W8X31W8X2123

W8X28W8X28W10X2224

W8X21W8X21W8X2425

W8X24W8X21W8X2126

W8X28W8X24W8X2127

W14X22W8X28W8X2428

W8X24W16X36W8X2129

W8X24W8X24W8X2130

W14X22W8X21W8X2431

W8X24W8X24W8X2432

22.3707 
(1365143)

22.0607 (1346227)22.3958 (1366674)
Volume m3

(in3)
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4.2 Frame Structures
4.2.1 Design of a 3-bay, 15-story Frame
The configuration and applied loads of a three-bay fifty-story frame structure [23] is shown 
in Figure 7. The displacement and AISC combined strength constraints are the performance 
constraint of this frame. The sway of the top story is limited to 23.5 cm (9.25 in.). The 
material has a modulus of elasticity equal to E=200 GPa (29,000 ksi) and a yield stress of 
Fy=248.2 MPa (36 ksi). The effective length factors of the members are calculated as 0xK
for a sway-permitted frame and the out-of-plane effective length factor is specified as 
Ky=1.0. Each column is considered as non-braced along its length, and the non-braced 
length for each beam member is specified as one-fifth of the span length.

Figure 7. A three-bay fifteen-story frame
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The optimum design of the frame is obtained after 9,500 analyses by using HBB–BC, 
having the minimum weight of 434.54 kN (97.65 kips). The optimum designs for HPSACO, 
PSOPC and PSO had the weights of 426.36 (95.85), 452.34 kN (101.69 kips) and 496.68 kN 
(111.66 kips), respectively [23]. Table 4 summarizes the optimal designs for these algorithms. 
The global sway at the top story is 11.63 cm, which is less than the maximum sway.

Table 4. Optimal design comparison for the 3-bay 15-story frame

Optimal W-shaped sections

Kaveh & Talatahari [23]
Present work

HPSACOPSOPCPSO

Element group

W24X117W21X111W26X129W33X1181

W21X132W18X158W24X131W33X2632

W12X95W10X88W24X103W24X763

W18X119W30X116W33X141W36X2564

W21X93W21X83W24X104W21X735

W18X97W24X103W10X88W18X866

W18X76W21X55W14X74W18X657

W18X65W26X114W26X94W21X688

W18X60W10X33W21X57W18X609

W10X39W18X46W18X71W18X6510

W21X48W21X44W21X44W21X4411

434.54 (97.65)426.36 (95.85)
452.34 

(101.69)
496.68 

(111.66)
Weight kN (kips)

11.6311.57 11.3610.42The global sway (cm)

4.2.2 Design of a 3-bay 24-story Frame
Figure 8 shows the topology and the service loading conditions for a three-bay twenty four-
story frame consisting of 168 members originally designed by Davison and Adams [24]. 
Camp et al. utilized ant colony optimization [4] and Degertekin developed least-weight 
frame designs for this structure using a harmony search [9].

The frame is designed following the LRFD specification and uses an inter-story drift 
displacement constraint. The material properties are a modulus of elasticity E=205GPa 
(29,732 ksi) and a yield stress of Fy=230.3 MPa (33.4 ksi). 
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Figure 8. A three-bay twenty four-story frame

The effective length factors of the members are calculated as 0xK  for a sway-permitted 

frame and the out-of-plane effective length factor is specified as 0.1yK . All columns and 

beams are considered non-braced along their lengths. Fabrication conditions are imposed on 
the construction of the 168-element frame requiring that the same beam section be used in the 
first and third bay on all floors except the roof beams, resulting in four beam groups. 
Beginning from the foundation, the exterior columns are combined into one group and the 
interior columns are combined together in another group over three consecutive stories. The 
grouping results in 16 column sections and 4 beam sections for a total of 20 design variables 
(see Figure 8). In this example, each of the four beam element groups is chosen from all 267 
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W-shapes, while the 16 column element groups are limited to W14 sections (37 W-shapes).
Table 5 lists the designs developed by the HBB–BC algorithm, by the ant colony 

algorithm [4] and by harmony search [9]. The HBB–BC algorithm required approximately 
10,500 frame analyses to converge to a solution, which is less than the 15,500 analyses 
required by ACO [4] and the 13,924 analyses required by HS [9]. Figure 9 shows the 
convergence history for HBB–BC frame design. The global sway at the top story is 23.52 
cm (9.26 in.) which is less than the maximum sway. 

Table 5. Optimal design comparison for the 3-bay 24-story frame

Optimal W-shaped sections
Present workDegertekin [9]Camp et al. [4]

HSACO

 Element group

W30X90W30X90W30X901
W21X48W10X22W8X182
W18X46W18X40W24X553
W8X21W12X16W8X214

W14X176W14X176W14X1455
W14X159W14X176W14X1326
W14X109W14X132W14X1327
W14X90W14X109W14X1328
W14X82W14X82W14X689
W14X74W14X74W14X5310
W14X38W14X34W14X4311
W14X30W14X22W14X4312

W14X159W14X145W14X14513
W14X132W14X132W14X14514
W14X109W14X109W14X12015
W14X82W14X82W14X9016
W14X68W14X61W14X9017
W14X48W14X48W14X6118
W14X34W14X30W14X3019
W14X26W14X22W14X2620

960.90 (215.93)  956.13 (214.86)980.63 (220.47)Weight kN (kips)
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Figure 9. The convergence for the 3-bay 24-story frame using the HBB–BC algorithm
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5. CONCLUDING REMARKS 

A discrete HBB–BC optimization approach is developed for optimal design of skeletal 
structures. BB–BC relying on the Big Bang and Big Crunch theory of the evolution of the 
universe is implemented to solve the optimization problems. The proposed hybrid BB–BC 
algorithm considers the combination of the center of mass, the best position of each 
candidate and the best visited position of all candidates as an average point in the beginning 
of each Big Bang. One way to design a discrete optimization algorithm is to utilize a 
rounding function. Although this approach is simple, it may reduce the exploration ability of 
the algorithm. Therefore in order to sustain the strength of the exploration, the searching 
process is divided into two phases. Using the global phase by employing SOM, first the 
problem is solved treating all the design variables as continuous and then in the local phase, 
a small domain is considered by selecting few entries from the original discrete domain 
around the optimal values and the solution of this problem utilizes a rounding function. 
SOM is based on a principle similar to that of the finite element method. It works as a 
search-space updating technique and improves the performance of the HBB–BC approach 
by increasing the exploration of the algorithm.

Four design examples consisting of two trusses and two frames are considered to verify 
the efficiency of the present algorithm. The comparisons of the numerical results of these 
structures utilizing the HBB–BC algorithm and those obtained by other heuristics are 
performed to demonstrate the robustness of the present algorithm. These comparisons 
demonstrate that the HBB–BC is an algorithm which can efficiently be utilized as a discrete 
approach to optimize various structures.
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