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A novel population-based algorithm based on the mine bomb explosion concept, called the mine blast
algorithm (MBA), is applied to the constrained optimization and engineering design problems. A com-
prehensive comparative study has been carried out to show the performance of the MBA over other
recognized optimizers in terms of computational effort (measured as the number of function evaluations)
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been solved and the obtained results were compared with other well-known optimizers. The obtained
results demonstrate that, the proposed MBA requires less number of function evaluations and in most
cases gives better results compared to other considered algorithms.
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1. Introduction

Over the last decades, various algorithms have been used to
solve diverse constrained engineering optimization problems. Most
of these algorithms are based on numerical linear and nonlinear
programming methods that require substantial gradient informa-
tion and usually seek to improve the solution in the neighborhood
of a starting point.

These numerical optimization algorithms provide useful strate-
gies to obtain the global optimum using simple and ideal models.
Many real-world engineering optimization problems, however, are
very complex in nature and quite difficult to solve. If a problem has
more than one local optimum, the result may depend on the selec-
tion of an initial point, and the obtained optimal solution may not
necessarily be the global optimum.

Furthermore, the gradient search may become difficult and
unstable when the objective function and the constraints have
multiple or sharp peaks. The computational drawbacks of existing
numerical methods have forced researchers to rely on meta-
heuristic algorithms based on the simulations and mimicking the
behavior of natural phenomena to solve complex engineering opti-
mization problems.
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The common factor in metaheuristic algorithms is that they
combine rules and randomness to imitate natural phenomena [1].
These phenomena include the biological evolutionary process such
as genetic algorithms (GAs) proposed by Holland [2] and Goldberg
[3], swarm behavior such as particle swarm optimization (PSO) pro-
posed by Kennedy and Eberhart [4], and the physical annealing
which is generally known as simulated annealing (SA) proposed
by Kirkpatrick et al. [5].

Among optimization methods, evolutionary algorithms (EAs)
which are generally known as general purpose optimization algo-
rithms are capable of finding the near-optimal solution to the
numerical real-valued test problems. EAs have been successfully
applied to constrained optimization problems [6].

GAs are based on the genetic process of biological organisms
[2,3]. Over many generations, natural populations evolve according
to the principles of natural selection (i.e., survival of the fittest). The
efficiency of the different architectures of evolutionary algorithms
in comparison to other heuristic techniques has been tested in both
generic [7-9] and engineering design [10] problems.

Recently, Chootinan and Chen [11] proposed a constraint-
handling technique by taking a gradient-based repair method.
The proposed technique is embedded into GAs as a special
operator. Tang et al. [12] proposed the improved genetic algo-
rithm (IGA) based on a novel selection strategy to handle
nonlinear programming problems. Accordingly, Yuan and Qian
[13] developed a new hybrid genetic algorithm (HGA) to solve
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twice continuously differentiable nonlinear programming (NLP)
problems.

The HGA combines the genetic algorithm with local solver
differently from some hybrid genetic algorithms. Amirjanov [14]
investigated an approach that adaptively shifts and shrinks the size
of the search space of the feasible region which is called changing
range genetic algorithm (CRGA).

PSO is a recently developed heuristic technique, inspired by
choreography of a bird flock developed by Kennedy and Eberhart
[4]. The approach can be viewed as a distributed behavioral algo-
rithm that performs a multidimensional search. It makes use of a
velocity vector to update the current position of each particle in the
swarm.

In Ref. [15], there are some suggestions for choosing the param-
eters used in PSO. He and Wang [16] proposed an effective
co-evolutionary PSO (CPSO) for constrained problems, where PSO
was applied to evolve both decision and penalty factors. Recently,
Gomes applied PSO on truss optimization using dynamic con-
straints [17]. Coelho [18] studied quantum-behaved PSO (QPSO)
which is derived using mutation operator with Gaussian probabil-
ity distribution. He and Wang [19] developed a new hybrid PSO
(HPSO) with a feasibility-based rule to solve constrained optimiza-
tion problems.

Recently, several hybrid optimization methods have been
proposed for constrained optimization problems [20-22]. In addi-
tion, differential evolution (DE) algorithm which is a scheme for
generating trial parameter vectors has been widely used for con-
strained optimization problems [23,24]. Various other optimization
methods have been developed for solving complex and real-life
problems, particularly for solving engineering constrained prob-
lems [25].

Examples of such methods include teaching-learning-based
optimization (TLBO) [26-28] which is based on the influence of a
teacher on learners, the harmony search (HS) [1] algorithm which is
conceptualized using the musical process of searching for a perfect
state of harmony, and the society and civilization (SC) [29] which
is inspired from intra and intersociety interactions within a formal
society and the civilization model to solve constrained optimization
problems. These algorithms have been applied to numerous engi-
neering optimization problems and have shown the efficiencies in
solving some specific kinds of problem.

This paper introduces a new metaheuristic algorithm, so called
the mine blast algorithm (MBA) which the concepts are inspired
form the explosion of mine bombs in real life situations. Recently,
sizing optimization of truss structures with discrete variables was
solved using the MBA [30]. In this paper, the proposed method
is applied for constrained and engineering design problems with
discrete and continues variables.

The remaining of this paper is organized as follows: Section 2
presents the concepts of the proposed method in details. Guide-
lines for selecting the related MBA parameters and their effects
are also given in Section 2. In Section 3, the performance of MBA
is tested on different constrained optimization and engineering
design problems and the results are compared with other well-
known optimizers in terms of number of function evaluations
(computational cost) and function value (accuracy). Finally, con-
clusions are given in Section 4.

2. Mine blast algorithm
2.1. Basic concepts
The idea of the proposed algorithm is based on the observation

of a mine bomb explosion, in which the thrown pieces of shrapnel
collide with other mine bombs near the explosion area resulting in

their explosion. To understand this situation, consider a mine field
where the aim is to clear the mines. Hence, the goal is to find the
mines, while importantly to find the one with the most explosive
effect located at the optimal point X* which can cause the most
casualties (min or max f(x) per X*).

The mine bombs of different sizes and explosive powers are
planted under the ground. When a mine bomb is exploded, it
spreads many shrapnel pieces and the casualties (f{x)) caused by
each piece of shrapnel are calculated. A high value for casualties
per piece of shrapnel in an area may indicate the existence of other
mines which may or may not have higher explosive power.

Each shrapnel piece has definite directions and distances to col-
lide with other mine bombs which may lead to the explosion of
other mines due to the collision. The collision of shrapnel pieces
with other mines may lead us to discover the most explosive mine.
The casualties caused by the explosion of a mine bomb are con-
sidered as the fitness of the objective function at the mine bomb’s
location. The domain (mine field) solution may be divided into infi-
nite grid where there is one mine bomb in each portion of the
grid.

2.2. Proposed method

The proposed MBA starts with an initial point(s) called the first
shot point(s). The first shot point is represented by X{). The super-
script f refers to the number of first shot point(s) (f=1, 2, 3, ...),
where f can be a user defined parameter. However, the proposed
algorithm can also randomly choose the location(s) of the first shot
point(s) using the lower and upper bound values of a problem.
This algorithm requires an initial population of individuals as is the
case with several other metaheuristic methods. This population is
generated by a first shot explosion producing a number of individ-
uals (shrapnel pieces). The number of initial population (Npop) is
considered as the number of shrapnel pieces (Ns).

The algorithm uses the lower and upper bound values specified
by a problem. It then creates the first shot point value by a small
randomly generated value given as:

Xo = LB + rand x (UB — LB) 1)

where Xj, LB and UB are the generated first shot point, lower and
upper bounds of the problem, respectively. rand is a uniformly
distributed random number between 0 and 1. Although in all opti-
mization simulations conducted in this research one first shot point
was used efficiently, however, more than one first shot points may
be used which results in an increase in the initial population and
subsequently results in an increase in the number of function eval-
uations (computational cost).

Suppose that X is the current location of a mine bomb given as:

X={Xn}, m=1,2,3,...,Ng (2)

in which Ny is the search space dimension equal to the num-
ber of independent variables. Consider that Ns shrapnel pieces are
produced by the mine bomb explosion causing another mine to
explode at X,,+1 location:

m!
f f 1 f
Xns1 =Koy +€XP (— 7| X n=01.23.. @)
n+1
where XQHH), d’;H and m’;ﬂ are the location of exploding mine

bomb collided by shrapnel, the distance and the direction (slope)
of the thrown shrapnel pieces in each iteration, respectively. The

location of exploding mine bomb X);(HH) is defined as:

x = d’; x rand x cos(8),

e(n+1) n=0,1,2,... (4)
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where rand is a uniformly distributed random number and 6 is
the angle of the shrapnel pieces which is a constant value and is
calculated using 0 =360/Ns.

The concept of Eq. (4) is to simulate the explosion of mine bombs
in the real world. Each shrapnel pieces (individual), having vari-
able distances from the point of explosion and definite directions,
explore the domain space in 360° at each iteration specified by 6
and a",; in order to find the best optimal point. The value of 6 is set
to 360/Ns in order to conduct uniform search in the domain space.
This can prevent the accumulation of individuals in a specific region
of the domain search.

The exponential term in Eq. (3) is used to improve the obtained
blast point by influencing the information from previous solutions
(Xﬁ). The distance d{m and the direction of shrapnel pieces m,f1+1
are defined as:

2 2
d{m:\/(xgﬂ_xg) +(F,, ~F), n=0,1,2,3,... (5)
o _F
1= o, n=0,1,2,3,... (6)
Xn+1_X”

where F is the function value for the X. To calculate the initial dis-
tance for each shrapnel pieces dy=(UB—LB) in each dimensions
is used. The initial distance given by the proposed algorithm is
used to search the best solution within a range (LB <dy < UB) that is
computed by the product of the initial distance and arandomly gen-
erated number (for example rand function in MATLAB software).
Furthermore, in order to conduct exploration of the design
space at smaller and larger distances, the exploration factor ()
is introduced. This constant, which is used in the early iterations
of the algorithm, is compared with an iteration number index (k),
and if it is higher than k, then the exploration process begins. The
equations for the exploration of the solution space are given as:

d{l+1:d{lx(|mndn|)2, n=0,1,2,... (7)
XQHH) =d,fHl x cos(f), n=0,1,2,... (8)

where randn is normally distributed pseudorandom number
(obtained using randn function in MATLAB). During the exploration
process when the  is applied, the distance of each shrapnel pieces
is modified using Eq. (7). The square of a normally distributed ran-
dom number offers the advantage of search ability at smaller and
larger distances giving better exploration in early iterations. There-
fore, the exploration process shifts the shrapnel pieces closer to the
optimum point in early iterations. A higher value for the exploration
factor () makes it possible to explore more remote regions (better
exploration), thus, the value of i determines the intensity of the
exploration.

To increase the global search ability of the proposed method,
initial distance of shrapnel pieces are reduced gradually to allow
the mine bombs search the probable global minimum location. The
reduction in df) is given as:

s 1,2,3 9

nzm, n=1,2,3,... 9)
where « and k are reduction constants and iteration number index,
respectively. The choice of « which is user parameter depends on
the complexity of the problem. The effect of « is to reduce the
distance of each shrapnel pieces adaptively using Eq. (9). Thus
the whole interval from lower bound to upper bound for a given
problem is searched. At the final iteration, the value of distance of
shrapnel will be approximately equal to zero (¢=2.2E-16 in MAT-
LAB). The schematic diagram of the algorithm representing two
aspects of the MBA (exploration in color lines and exploitation in
black color lines) is shown in Fig. 1.

Based on Fig. 1, there are two processes for searching the solu-
tion domain in order to find the global optimum solution, the
exploration and exploitation processes. The difference between
these two processes is how they influence the whole search pro-
cess toward the optimal solution. More specifically, the exploration
factor describes the exploration process (color lines in Fig. 1). The
exploration factor (u) represents the number of first iterations.
Hence, if u is set to 10, then for 10 iterations the algorithm uses
Egs. (7) and (8) for calculating the distance of shrapnel pieces and
the location of the exploded mine bomb, respectively.

On the other hand, for the exploitation process (black lines in
Fig. 1), the algorithm is encouraged to focus on the optimal point.
In particular, with respect to the exploitation process, the proposed
algorithm converges to the global optimum solution using Egs.
(4)-(6) to calculate the location of exploded mine bomb, distance
and the direction of shrapnel pieces, respectively. The distance of
shrapnel pieces is reduced adaptively using Eq. (9) in exploitation
process (i.e., as it converges to the optimal solution). The pseu-
docode for the exploration and exploitation processes is as follows:
if u>k
I{xl;loration (Egs.(7) and (8))
else
Exploitation (Eqs. (4)-(6), and (9))
end
where k is the iteration number index.

2.3. Setting the user parameters

Wrong choice of values for algorithm parameters may result in
a low convergence rate, convergence to a local minimum, or unde-
sired solutions. Hence, the following guidelines to fine tune the
parameters are offered:

e For simple to medium complexity optimization problems, a
choice of 10-15 pieces of shrapnel per mine bomb may be suffi-
cient. For more complex problems, higher values for the number
of shrapnel pieces (Ns) is recommended for more mine explo-
sions in the field which allows better search for the design space.
For highly complex problems Ns may be chosen as 50. On the
other hand, increasing the number of shrapnel pieces increases
the computation time in addition to an increase in the number
of function evaluations. In other word, the number of shrapnel
pieces is equal to the number of population (Ns=Npep).
Exploration factor (u) highly depends on the complexity of the
problem, the number of independent variables and constraints,
in addition to the interval span. Usually, for less than four design
variables and moderately complex functions, the value of © may
be taken as zero. Increasing ;« may lead the possibility of getting
trapped in local minima.

Reduction constant («) also depends on the complexity of the
problem, number of decision variables, and interval span. When
the interval span (LB and UB) is large, large value for o should be
chosen for more exploration. That means if we have interval span
[-100,100], then o =100 may not be a good choice and instead
o =1000 may be better choice. A large value for « increases the
probability of finding global minimum but leads to increase in
computational time.

2.4. Effects of algorithm parameters

The choice and tuning of the initial parameters are highly impor-
tant attributes for most metaheuristic algorithms. As explained in
Section 2.3, the wrong choice of user parameters may lead to unsa-
tisfactory results, high computational costs and getting trapped in
local minima.

Please cite this article in press as: A. Sadollah, et al., Mine blast algorithm: A new population based algorithm for solving constrained
engineering optimization problems, Appl. Soft Comput. J. (2012), http://dx.doi.org/10.1016/j.asoc.2012.11.026



dx.doi.org/10.1016/j.asoc.2012.11.026

G Model
ASOC-1808; No.of Pages21

4 A. Sadollah et al. / Applied Soft Computing xxx (2012) xXx—-Xxx

2 of. . X4

. X5(Optimal point
3 7.\:".‘. ~ .

A

>

Fig. 1. Schematic view of the mine blast algorithm including of exploration (color lines) and exploitation (black lines) processes. (For interpretation of the references to color

in this figure legend, the reader is referred to the web version of the article.)

In order to further clarify the setting of the initial parameters
for the proposed method, three cases are provided. In each case,
different results using diverse user parameters are shown. Case 3
represents the best used initial parameters. The number of popu-
lation (Npop) which is considered as the number of shrapnel pieces
(Ns) and number of iterations are assumed constant parameters.

The number of shrapnel pieces (Ns=Npop) was chosen 50 for
pressure vessel and speed reducer design problems. Similarly, the
number of iterations was considered 2000 and 1000 iterations for
pressure vessel and speed reducer design problems, respectively.
These two test functions are given in Appendix B.

The exploration and reduction constants (4 and «) were varied
to see the effects of changing the user parameters for statisti-
cal results. Table 1 demonstrates the effect of choosing initial
parameters for the two considered design problems. The task of
optimization was run for 30 independent runs for both problems.

As can be seen from Table 1 and described in Section 2.3, Case 3
offers superior results compared with other cases in terms of statis-
tical results for both design problems. Using exploration factor (1)
gives the algorithm more freedom to search wider range resulting
in detection of better solutions.

Accordingly, as the name of reduction constant (&) represents,
it divides the distance of each shrapnel pieces to « interval dis-
tances and enables searching within the reduced intervals in each
iteration. The simple concept behind « is that searching in smaller
distance is carried out faster than searching in a large space. Hence,
higher values of « results in increasing the probability of finding
global optimum solution.

2.5. Constraint handling

In the current work, a modified feasible-based mechanism is
used to handle the problem specific constraints which consist of
the following four rules [31]:

e Rule 1: Any feasible solution is preferred to any infeasible solu-
tion.

e Rule 2: Infeasible solutions containing slight violation of the
constraints (from 0.01 in the first iteration to 0.001 in the last
iteration) are considered as feasible solutions.

¢ Rule 3: Between two feasible solutions, the one having the better
objective function value is preferred.

e Rule 4: Between two infeasible solutions, the one having the
smaller sum of constraint violation is preferred.

By using the first and fourth rules, the search is oriented to the
feasible region rather than to the infeasible region, and by employ-
ing the third rule the search is directed to the feasible region with
good solutions [31]. For most structural optimization problems, the
global minimum locates on or close to the boundary of a feasi-
ble design space. By applying rule 2, the shrapnel pieces approach
the boundaries and can reach the global minimum with a higher
probability [32].

Fig. 2 shows the constraint handling approach by the MBA. As
can be seen from Fig. 2, in the search space, shrapnel pieces may
violate either the problem specific constraints or the limits of the
design variables. In this case, the distance of infeasible shrapnel
piece (e.g. X3 in Fig. 2) is reduced adaptively using Eq. (9) whereas
that violated shrapnel piece is also placed in the feasible region.

2.6. Convergence criteria

For termination criteria, as commonly considered in meta-
heuristic algorithms, the best result is calculated where the
termination condition may be assumed as the maximum number
of iterations, CPU time, or ¢ which is a small value and is defined
as an allowable tolerance between the last two results. The MBA
proceeds until the above convergence criteria are satisfied.

nfeasi 14. ce

Feasible space

Shrapnel piece

Fig.2. Schematic view of constraint handling approach using the proposed method.
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Table 1
Effects of the algorithm parameters for two design problems.

Results Pressure vessel problem Speed reducer problem

Case 1 Case 2 Case 3 Case 1 Case 2 Case 3

n=0 n=>5 n=10 n=0 n=>5 n=10

o =5000 o =25,000 o =50,000 =100 a=300 a=500
Best 5935.8659 5949.6481 5889.3216 3000.5738 2997.3158 2994.4824
Mean 6278.2867 6110.8637 6200.6476 3009.2497 3000.8920 2996.6524
Worst 6876.8879 6481.8895 6392.5062 3020.1824 3005.5041 2999.6524
SD 313.56 1773 160.34 5.29 3.25 1.56

2.7. The steps of MBA Table 2

The steps of MBA are summarized as follows:

Step 1: Choose the initial parameters of MBA: Ns, 1, @, and maxi-
mum number of iterations.

Step 2: Check the condition of exploration factor (u).

Step 3: If condition of exploration factor is satisfied, calculate the
distance of shrapnel pieces and their locations according to Eqs.
(7) and (8), respectively. Otherwise, go to Step 10.

Step 4: Calculate the direction of shrapnel pieces according to Eq.
(6).

Step 5: Generate the shrapnel pieces and compute their improved
locations using Eq. (3).

Step 6: Check the constraints for generated shrapnel pieces.

Step 7: Save the best shrapnel piece as the best temporal solution.
Step 8: Does the shrapnel piece have the lower function value than
the best temporal solution?

Step 9: If true, exchange the position of the shrapnel piece with
the best temporal solution. Otherwise, go to Step 10.

Step 10: Calculate the distance of shrapnel pieces and their loca-
tions using Egs. (4) and (5) and return to Step 4.

Step 11: Reduce the distance of the shrapnel pieces adaptively
using Eq. (9).

Step 12: Check the convergence criteria. If the stopping criterion is
satisfied, the algorithm will be stopped. Otherwise, return to Step
2.

3. Experimental studies

In this section, the performance of MBA is examined by solving
several constrained optimization problems. In order to validate the
proposed method for constraint problems, first, eight constrained
benchmark problems (see Appendix A) have been examined and
then, the resulting performance of MBA against eight engineering
benchmark design problems (see Appendix B) that are widely used
in literatures were tested and the results have been compared with
other well-known optimizers. Obtained optimization results were
compared in terms of statistical results and NFEs.

The number of function evaluations (NFEs) (computational cost)
which is considered as the best NFEs corresponding to the obtained
best solution in this paper, is calculated by the product of the
number of shrapnel pieces and the number of iterations (i.e.
NFEs = Ns x Iteration number). In other words, the NFEs considered
in this paper is the one found for the best optimal solution.

The reported benchmark problems include objective functions
and constraints of various types and natures (quadratic, cubic, poly-
nomial and nonlinear) with various number of design variables, and
number of inequality and equality constraints.

The proposed algorithm was coded in MATLAB programming
software and the simulations and numerical solutions were run
on a Pentium V 2.53 GHz with 4 GB RAM. The task of optimizing
each constrained benchmark and mechanical design problems was
executed using 100 independent runs. Relatively simple constraint

User parameters used for MBA for sixteen constrained and engineering problems.

Problem N; o nw Max iteration
Problem 1 20 500 0 500
Problem 2 15 20,000 0 1000
Problem 3 30 1000 0 300
Problem 4 25 300 0 100
Problem 5 15 1000 0 300
Problem 6 50 100,000 10 2500
Problem 7 50 20,000 5 1000
Problem 8 50 5000 0 500
Three-bar truss 40 5000 0 500
Pressure vessel 50 50,000 10 2000
Spring design 50 5000 0 1000
Welded beam 30 150,000 5 2000
Speed reducer 50 500 10 500
Gear train 20 1000 0 500
Belleville spring 50 100,000 10 300
Rolling element bearing 50 5000 10 1000

functions to complex and nonlinear programming (NLPs) problems
were solved in this research.

The maximization problems were transformed into minimi-
zation ones using —f(x). All equality constraints were converted
into inequality ones, |h(x)|—§ <0 using the degree of violation
§=2.2E—16 that was taken from MATLAB software. The user param-
eters of MBA which were used for benchmark constrained functions
and engineering problems are presented in Table 2.

3.1. Constrained problem 1

This minimization problem, originally introduced by Braken
and McCormick [33], is a relatively simple constrained minimi-
zation problem. The optimum solution is obtained at X*=(0.82288,
0.91144) with an objective function value equal to f{X*) = 1.393454.
Homaifar and his colleagues [34] solved this problem using the GA.

Fogel [35] compared the result of evolutionary programming
(EP) with results obtained using GA. Lee and Geem [1] applied
harmony search (HS) method and found their best solution after
approximately 40,000 searches. By applying the MBA, the best
solution obtained at X*=(0.822875, 0.911437) with an objective
function value equal to f{X*)=1.3934649 only after 2140 function
evaluations. The standard deviation (SD) of the proposed method
for this problem is equal to zero, which indicates that the worst,
mean, and best solutions are the same.

Table 3 represents the comparison of the best solution and the
corresponding design variables among different optimizers. As can

Table 3

Comparison of results obtained from different methods for constrained problem 1.
Method X1 Xo h(X) 2(X) fiX)
EP 0.8350 0.9125 1.0E-02 —7.0E-02 1.3772
GA 0.8080 0.8854 3.7E-02 5.2E-02 1.4339
HS 0.8343 09121 5E-03 54E-03 1.3770
MBA 0.822875 0.911437 1.11E-16 0 1.3934649
Optimal ~ 0.82288 091144 7.05E—-09 1.73E-08  1.393454
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Fig. 3. Function values versus number of iterations for the constrained problem 1.

Table 4

Comparison of best solution for constrained problem 2.
Method X1 X, h(X) fiX)
CULDE —-0.707036 0.500000 1.94E-04  0.749900
MBA —0.706958 0.499790 8.82E-15  0.750000
Optimal -0.70711 0.5 0 0.750000

be seen from Table 3, the optimization results obtained by MBA
is very close to the optimal solution and MBA outperformed other
considered optimizers in terms of the objective function value, con-
straint accuracy, and NFEs. Fig. 3 shows the function values versus
the number of iterations for the constrained problem 1.

3.2. Constrained problem 2

For this minimization problem, MBA is compared with six-
teen optimizers: CRGA [14], self adaptive penalty function
(SAPF) [36], cultured differential evolution (CULDE) [37], simple
multi-membered evolution strategy (SMES) [38], homomorphous
mappings (HM) [39], adaptive segregational constraint handling
evolutionary algorithm (ASCHEA) [40], PSO, particle swarm opti-
mization with differential evolution (PSO-DE) [41], stochastic
ranking (SR) [42], differential evolution (DE) [43], differential evo-
lution with level comparison (DELC) [44], differential evolution
with dynamic stochastic selection (DEDS) [45], hybrid evolution-
ary algorithm and adaptive constraint handling technique (HEAA)
[46], improved stochastic ranking (ISR) [47], & constraint simplex
method (o Simplex) [48], and artificial bee colony (ABC) [49].

Table 4 represents the comparisons between optimal solutions
and related design variables for two methods. The comparison of
statistical results for constrained problem 2 is given in Table 5. From
Table 5, MBA reached the optimal solution as most of the algorithms

Table 5
Comparison of statistical results obtained using different algorithms for constrained
problem 2. “N.A” means not available.

Method Worst Mean Best SD NFEs

HM 0.75 0.75 0.75 N.A 1,400,000
ASCHEA N.A 0.75 0.75 N.A 1,500,000
CRGA 0.757 0.752 0.750 2.5E-03 3000
SAPF 0.757 0.751 0.749 2E-03 500,000
CULDE 0.796455 0.757995 0.749900 1.71E-02 100,100
SMES 0.75 0.75 0.75 1.52E-04 75,000
PSO 0.998823 0.860530 0.750000 8.4E-02 70,100
PSO-DE 0.750001 0.749999 0.749999 2.5E-07 70,100
DE 0.74900 0.74900 0.74900 N.A 30,000
SR 0.750 0.750 0.750 8E-05 350,000
DELC 0.750 0.750 0.750 0 50,000
DEDS 0.7499 0.7499 0.7499 0 225,000
HEAA 0.750 0.750 0.750 3.4E-16 200,000
ISR 0.750 0.750 0.750 1.1E-16 137,200
o Simplex 0.7499 0.7499 0.7499 49E-16 308,125
ABC 0.75 0.75 0.75 0 240,000
MBA 0.750011 0.750003 0.750000 3.29E-06 6405
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Fig. 4. Function values versus number of iterations for the constrained problem 2.

considered in this paper. However, except for CRGA, MBA offered
better results compared to all considered optimizers in terms of
NFEs as shown in Table 5.

Fig. 4 depicts the function values with respect to the number of
iterations for the constrained problem 2. By observing Fig. 4, MBA
reached the near optimal solution in the early iterations of the algo-
rithm. This advantage is seen in other constrained problems and
may be considered as a superiority factor of the proposed method.

3.3. Constrained problem 3

The constrained minimum solution is located at X* =(2.246826,
2.381865) with an objective function value equal to
fiX*)=13.59085. The MBA was applied and found its optimal
solution at X*=(2.24683, 2.381997) with a corresponding function
value f(X*)=13.590842 using 4560 function evaluations. The
HS reached the same optimal value after 15,000 searches. The
statistical results (worst, mean, best solution, and SD) are given as
13.592670, 13.591027, 13.590842, and 3.64E—04, respectively.

The MBA'’s best solution was compared to the previous solu-
tions reported by Deb [50] and HS, as shown in Table 6. Deb solved
this problem using the hybrid GA-based method with tournament
selection (TS-R method) and with Powell and Skolnick’s constraint
handling method (PS method), and obtained the best solution of
13.59085 using TS-R method, which showed an excellent agree-
ment with the optimal solution. The MBA superiority on HS is in
terms of NFEs, function value, and constrained accuracy. Fig. 5 rep-
resents the function values versus the number of iterations for the
constrained problem 3.

3.4. Constrained problem 4

This maximization problem was previously solved using HM,
SR, ASCHEA, cultural algorithms with evolutionary programming
(CAEP) [51], HPSO, hybrid nelder-mead simplex search and particle
swarm optimization (NM-PSO) [52], PSO-DE, PSO, GA [11], SMES,
CRGA, SAPF, CULDE, DE, DELC, DEDS, ISR, HEAA, ABC, and « Simplex.
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Fig. 5. Function values versus number of iterations for the constrained problem 3.
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Table 6

Comparison of optimization results obtained from previous studies for constrained problem 3. “N.A” stands for not available.

D.vV GA with PS (R=0.01) GAwithPS(R=1) GA with TS HS MBA Optimal solution
X1 N.A N.A 2.246826 2.246840 2.246833 2.246826
X, N.A N.A 2.381865 2.382136 2.381997 2.381865
g21(X) N.A N.A N.A —2.09E-06 0 3.52E-07
2(X) N.A N.A N.A —-0.222181 -0.222183 —0.2221829
fiX) 13.58958 13.59108 13.59085 13.590845 13.590842 13.59085

Table 7

Comparison of statistical results obtained from MBA and previous studies for constrained problem 4.
Method Worst Mean Best SD NFEs
HM —0.0291438 —0.0891568 —0.0958250 N.A 1,400,000
ASCHEA N.A —0.095825 —0.095825 N.A 1,500,000
PSO —0.02914408 —0.09449230 —0.09582594 9.4E-03 10,600
PSO-DE —0.0958259 —0.0958259 —0.0958259 1.3E-12 10,600
SR —0.0958250 —0.0958250 —0.0958250 2.6E-17 76,200
CAEP —0.0958250 —-0.0958250 —0.0958250 0 50,020
DE —0.0958250 —0.0958250 —0.0958250 N.A 10,000
HPSO —0.0958250 —0.0958250 —0.0958250 1.2E-10 81,000
NM-PSO —0.0958250 —-0.0958250 —0.0958250 3.5E-08 2103
CRGA —0.095808 —0.095819 —0.095825 4.40E-06 64,900
SAPF —0.092697 —0.095635 —0.095825 1.055E-03 500,000
GA —0.0958250 —-0.0958250 —0.0958250 2.70E-09 4486
SMES —0.095825 —0.095825 —0.095825 0 240,000
CULDE —0.095825 —0.095825 —0.095825 1E-07 100,100
DELC —0.095825 —0.095825 —0.095825 1.0E-17 5000
DEDS —0.095825 —-0.095825 —0.095825 4.0E-17 225,000
HEAA —0.095825 —0.095825 —0.095825 2.8E-17 200,000
ISR —0.095825 —0.095825 —0.095825 2.7E-17 160,000
o Simplex —0.095825 —0.095825 —0.095825 3.8E-13 306,248
ABC —0.0958250 —0.095825 —0.095825 0 240,000
MBA —0.0958250 —0.0958250 —0.0958250 0 1600

The comparison of the obtained results for different algo-
rithms is given in Table 7. The MBA obtained its best solution
after 1600 function evaluations. From Table 7, although most con-
sidered methods reached the optimal solution, however, MBA
found its optimal solution with the lowest NFEs and SD equal
to zero. Fig. 6 represents the function values versus the num-
ber of iterations for this problem. As shown in Fig. 6, the MBA
reached close to the optimum value in the early iterations of the
algorithm.

3.5. Constrained problem 5

This minimization problem was previously solved using HM,
ASCHEA, filter simulated annealing (FSA) [53], GA, NM-PSO, SR,
CRGA, CULDE, PSO-DE, PSO, SAPF, SMES, DE, DELC, DEDS, ISR, HEAA,
ABC, and « Simplex. The comparison of the obtained results for
different algorithms is given in Table 8. Almost all considered opti-
mizers found the best solution, however MBA reached its best
solution faster with considerably less NFEs. Fig. 7 shows the func-
tion values in terms of the number of iterations for the constrained
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Fig. 6. Function values versus number of iterations for constrained problem 4.

problem 5. By observing Fig. 7, the proposed algorithm converged
to near optimum point in the early iterations.

3.6. Constrained problem 6

For this minimization problem, best solution for a number of
optimizers was compared in Table 9. Table 10 represents the com-
parison of statistical results for the constrained problem 6 obtained
using MBA, and the results reported by HM, ASCHEA, IGA, GA
[11], GA1 [50], GA2 [54], CRGA, SMES, SAPF, PSO, SR, DE, CULDE,
HS, coevolutionary particle swarm optimization using gaussian
distribution (CPSO-GD) [55], DELC, DEDS, ISR, HEAA, o Simplex,
ABC, particle evolutionary swarm optimization (PESO) [56], co-
evolutionary differential evolution (CoDE) [57], and TLBO.

From Table 10 optimizers TLBO, « Simplex, ISR, DEDS, DELC,
CULDE, SR, and GA have given more accurate optimal solutions
as compared to MBA. However, the MBA requires comparatively
less NFEs and offers satisfactory solution. CRGA outperformed MBA
with 50,000 function evaluations, while MBA surpassed CRGA in
terms of function value (accuracy). Fig. 8 illustrates the function
values versus the number of iterations for constrained problem 6.
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Fig. 7. Function values versus number of iterations for the constrained problem 5.
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Table 8
Comparison of statistical results obtained from MBA and other optimizers for the constrained problem 5.
Method Worst Mean Best SD NFEs
HM —5473.9 —6342.6 —6952.1 N.A 1,400,000
ASCHEA N.A —6961.81 —6961.81 N.A 1,500,000
CULDE —6961.813876 —6961.813876 —6961.813876 1E-07 100,100
DE —6961.814 —6961.814 —6961.814 N.A 15,000
FSA —6961.8139 —6961.8139 —6961.8139 0 44,538
GA —6961.8139 —6961.8139 —6961.8139 0 13,577
CRGA —-6077.123 —6740.288 —6956.251 2.70E+2 3700
NM-PSO —6961.8240 —6961.8240 —6961.8240 0 9856
PSO-DE —6961.81388 —6961.81388 —6961.81388 2.3E-09 140,100
PSO —6961.81381 —6961.81387 —6961.81388 6.5E-06 140,100
SR —6350.262 —6875.940 —6961.814 160 118,000
SMES —6962.482 —6961.284 —6961.814 1.85 240,000
SAPF —6943.304 —6953.061 —6961.046 5.876 500,000
DELC —6961.814 —6961.814 —6961.814 7.3E-10 20,000
DEDS —6961.814 —6961.814 —6961.814 0 225,000
ABC —6961.805 —6961.813 —6961.814 2E-03 240,000
HEAA —6961.814 —6961.814 —6961.814 4.6E-12 200,000
ISR —6961.814 —-6961.814 —6961.814 1.9E-12 168,800
o Simplex —6961.814 —6961.814 —6961.814 1.3E-10 293,367
MBA -6961.813875 -6961.813875 ~6961.813875 0 2835
Table 9
Comparison of the best solution given by previous studies and the proposed method for constrained problem 6.
DV IGA HS MBA Optimal
Xi 2.330499 2.323456 2.326585 2.330499
X2 1.951372 1.951242 1.950973 1.951372
X3 —0.477541 —0.448467 —0.497446 —0.477541
X4 4.365726 4.361919 4.367508 4.365726
Xs —0.624487 —0.630075 —0.618578 —0.624487
X6 1.038131 1.03866 1.043839 1.038131
X7 1.594227 1.605348 1.595928 1.594227
21(X) 4.46E-05 0.208928 1.17E-04 4.46E-05
2(X) —252.561723 —252.878859 —252.400363 —252.561723
23(X) —144.878190 —145.123347 —144.912069 —144.878190
24(X) 7.63E—-06 —0.263414 1.39E-04 7.63E—-06
fiX) 680.63006 680.6413574 680.6322202 680.6300573
3.7. Constrained problem 7 SAPF, DELC, DEDS, ISR, HEAA, ABC, and « Simplex. Table 11 com-
pares the results for CULDE, HS, GA1, GA2, and MBA with optimal
This minimization problem was previously solved using HM, solution. The statistical optimization results for different algo-

ASCHEA, SR, CAEP, HPSO, CRGA, DE, CULDE, PSO-DE, PSO, HS, SMES, rithms are given in Table 12. The MBA reached the optimal solution

Table 10

Comparison of statistical results for various algorithms including MBA for the constrained problem 6.
Method Worst Mean Best SD NFEs
HM 683.1800 681.1600 680.9100 411E-02 1,400,000
ASCHEA N.A 680.641 680.630 N.A 1,500,000
IGA 680.6304 680.6302 680.6301 1.00E-05 N.A
GA 680.6538 680.6381 680.6303 6.61E-03 320,000
GA1 680.6508 680.6417 680.6344 N.A 350,070
GA2 N.A N.A 680.642 N.A 350,070
CRGA 682.965 681.347 680.726 5.70E-01 50,000
SAPF 682.081 681.246 680.773 0.322 500,000
SR 680.763 680.656 680.63 0.034 350,000
HS N.A N.A 680.6413 N.A 160,000
DE 680.144 680.503 680.771 0.67098 240,000
CULDE 680.630057 680.630057 680.630057 1E-07 100,100
PSO 684.5289146 680.9710606 680.6345517 5.1E-01 140,100
CPSO-GD 681.371 680.7810 680.678 0.1484 N.A
SMES 680.719 680.643 680.632 1.55E-02 240,000
DELC 680.630 680.630 680.630 3.2E-12 80,000
DEDS 680.630 680.630 680.630 2.9E-13 225,000
HEAA 680.630 680.630 680.630 5.8E-13 200,000
ISR 680.630 680.630 680.630 3.2E-13 271,200
o Simplex 680.630 680.630 680.630 2.9E-10 323,426
PESO 680.630 680.630 680.631 N.A 350,000
CoDE 685.144 681.503 680.771 N.A 248,000
ABC 680.638 680.640 680.634 4E-03 240,000
TLBO 680.638 680.633 680.630 N.A 100,000
MBA 680.7882 680.6620 680.6322 3.30E-02 71,750
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Table 11
Comparison of best solution for the constrained problem 7 given by various optimizers.
D.V CULDE HS GA1 GA2 MBA Optimal
X1 78.000000 78.0 80.39 78.0495 78.00000 78.00000
X, 33.000000 33.0 35.07 33.007 33.00000 33.00000
X3 29.995256 29.995 32.05 27.081 29.99526 29.99526
X4 45.000000 45.0 40.33 45.00 44.99999 45.00000
Xs 36.775813 36.776 33.34 4494 36.77581 36.77581
21(X) 1.35E-08 4.34E-05 —0.343809 1.283813 1.33E-08 -9.71E-04
22(X) —92.00000001 —92.000043 -91.656190 —93.283813 -91.99999 -92
23(X) -11.15945 -11.15949 -10.463103 -9.592143 -11.159499 —1.11E+01
24(X) —8.840500 —8.840510 —9.536896 —10.407856 —8.84050 -8.87
g5(X) —4.999999 —5.000064 —4.974473 —4.998088 —4.99999 -5
g6(X) 4.12E-09 6.49E-05 —-0.025526 1.91E-03 —3.06E-09 9.27E-09
fX) —30665.5386 -30665.500 —30005.700 -31020.859 —30665.5386 -30665.539
Table 12
Comparison of statistical results for various optimizers for the constrained problem 7.
Method Worst Mean Best SD NFEs
HM —30645.900 —30665.300 -30664.500 N.A 1,400,000
ASCHEA N.A —30665.5 -30665.5 N.A 1,500,000
SR -30665.539 -30665.539 -30665.539 2E-05 88,200
CAEP -30662.200 -30662.500 -30665.500 9.3 50,020
PSO —30252.3258 —30570.9286 —30663.8563 81 70,100
HPSO -30665.539 —30665.539 -30665.539 1.7E-06 81,000
PSO-DE —30665.5387 —30665.5387 —30665.5387 8.3E-10 70,100
CULDE —30665.5386 —30665.5386 —30665.5386 1E-07 100,100
DE -30665.509 —30665.536 -30665.539 5.067E-03 240,000
HS N.A N.A —30665.500 N.A 65,000
CRGA -30660.313 —30664.398 -30665.520 1.6 54,400
SAPF -30656.471 —30655.922 -30665.401 2.043 500,000
SMES -30665.539 -30665.539 -30665.539 0 240,000
ABC -30665.539 —30665.539 —30665.539 0 240,000
DELC -30665.539 —30665.539 -30665.539 1.0E-11 50,000
DEDS -30665.539 —30665.539 -30665.539 2.7E-11 225,000
HEAA -30665.539 —30665.539 -30665.539 7.4E-12 200,000
ISR -30665.539 —30665.539 -30665.539 1.1E-11 192,000
o Simplex —30665.539 —30665.539 —30665.539 4.2E-11 305,343
MBA —30665.3300 —30665.5182 —30665.5386 5.08E—-02 41,750

faster (less NFEs) than other compared algorithms in this paper
as shown in Table 12. The function values versus the number of
iterations for the constrained problem 7 are shown in Fig. 9.

3.8. Constrained problem 8

This minimization problem has n decision variables and one
equality constraint. The optimal solution of the problem is at X*
(1/4/m, ..., 1//n)with a corresponding function value of f{x)=—1.
For this problem n is considered equal to 10. This problem was
previously solved using HM, ASCHEA, PSO-DE, PSO, CULDE, SR, DE,
SAPF, SMES, GA[11], CRGA, DELC, DEDS, ISR, HEAA, « Simplex, PESO,
CoDE, ABC, and TLBO.

The statistical results of optimization for twenty-one algorithms
including MBA are shown in Table 13. From Table 13, TLBO, ABC,
HEAA, DELC, SMES, and SR have found the best optimal solution
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Fig. 8. Function values versus number of iterations for constrained problem 6.

as compared to MBA. However, MBA requires comparatively less
NFEs and provides a reasonably accurate solution. Fig. 10 shows
the function values with respect to the number of iterations for the
constrained problem 8.

3.9. Engineering benchmark constrained and mechanical design
problem

3.9.1. Three-bar truss design problem

The three-bar truss problem is one of the engineering minimi-
zation test problems for constrained algorithms. The comparison of
best solution for MBA, DEDS, and PSO-DE is presented in Table 14.
The comparison of statistical results for MBA with previous studies
including DEDS, PSO-DE, HEAA, and SC is presented in Table 15.
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Fig. 9. Function values versus number of iterations for the constrained problem 7.
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Table 13
Comparison of statistical results given by various algorithms for the constrained problem 8.
Method Worst Mean Best SD NFEs
HM -0.9978 —0.9989 —0.9997 N.A 1,400,000
ASCHEA N.A —0.99989 -1.0 N.A 1,500,000
PSO —1.0042690 —1.0048795 —1.0049865 1.0E+0 140,100
PSO-DE —1.0050100 —1.0050100 —1.0050100 3.8E-12 140,100
CULDE —0.639920 —0.788635 —0.995413 0.115214 100,100
CRGA —-0.9931 —-0.9975 —0.9997 1.4E-03 67,600
SAPF —-0.887 —0.964 —1.000 3.01E-01 500,000
SR —1.0000 —1.0000 —1.0000 1.9E-04 229,000
ISR —1.001 —-1.001 —-1.001 8.2E-09 349,200
DE -1.0252 -1.0252 -1.0252 0 8,000,000
SMES —1.000 —1.000 —1.000 2.09E-04 240,000
GA —0.99979 0.99992 0.99998 5.99E-05 320,000
DELC —-1.000 —-1.000 -1.000 2.1E-06 200,000
DEDS —1.0005 —1.0005 —1.0005 1.9E-08 225,000
HEAA —-1.000 —-1.000 —1.000 5.2E-15 200,000
« Simples —1.0005 —1.0005 —1.0005 8.5E-14 310,968
PESO —0.464 —0.764813 —0.993930 N.A 350,000
ABC -1 -1 -1 0 240,000
TLBO -1 -1 -1 0 100,000
MBA —0.996539 —-0.999147 —0.999813 5.44E-04 14,950
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Fig. 10. Function values versus number of iterations for constrained problem 8.

Table 14

Comparison of best solution obtained by previous algorithms for three-bar truss

design problem.

D.V DEDS PSO-DE MBA

Xi 0.78867513 0.7886751 0.7885650
Xa 0.40824828 0.4082482 0.4085597
g1(X) 1.77E-08 —5.29E-11 —5.29E-11
22(X) —-1.4641016 —1.4637475 —1.4637475
g3(X) —0.53589836 —0.5362524 —0.5362524
fiX) 263.8958434 263.8958433 263.8958522

The optimization results obtained by all considered methods
slightly outperformed the results given by MBA in terms of statis-
tical results. However, the proposed MBA offered its best solution
with less NFEs as indicated in Table 15. Fig. 11 shows the func-
tion values versus the number of iterations for the three-bar truss
design problem.

3.9.2. Pressure vessel design problem
In the pressure vessel design problem, proposed by Kannan and
Kramer [58], the aim is to minimize the total cost, including the cost

Table 15
Comparison of statistical results obtained using various algorithms for the three-bar
truss design problem.

Method  Worst Mean Best SD NFEs

SC 263.969756  263.903356  263.895846  1.3E-02 17,610
PSO-DE  263.895843  263.895843  263.895843 4.5E-10 17,600
DEDS 263.895849  263.895843  263.895843  9.7E-07 15,000
HEAA 263.896099 263.895865  263.895843  4.9E-05 15,000
MBA 263.915983  263.897996  263.895852  3.93E-03 13,280

Fig. 11. Function values versus number of iterations for three-bar truss problem.

of material, forming, and welding. A cylindrical vessel is capped at
both ends by hemispherical heads as shown in Fig. 12. They are four
design variables in this problem: Ts (x1, thickness of the shell), Ty
(x5, thickness of the head), R (x3, inner radius), and L (x4, length of
the cylindrical section of the vessel). Among the four design vari-
ables, Ts (x1) and Ty, (x3) are expected to be integer multiples of
0.0625 in, and R and L are continuous variables.

Table 16 represents the comparisons of best solution for MBA
and other reported methods. This problem has been solved pre-
viously using other optimizers including GA based co-evolution
model (GA3) [59], GA through the use of dominance-based tour
tournament selection (GA4) [60], CPSO, CDE, HPSO, NM-PSO, G-
QPSO, QPSO, PSO, PSO-DE, unified particle swarm optimization
(UPSO) [61], ABC [62], (i + 1)-ES [63], and TLBO.

The reported optimization results were compared with the pro-
posed method in terms of statistical results as given in Table 17.
From this table, MBA outperforms all other algorithms in terms
of best solution. However, the NFEs for MBA are higher as

L

Fig. 12. Pressure vessel design problem.
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Table 16
Comparison of best solution obtained from various previous studies for pressure vessel problem.
DV GA3 GA4 CPSO HPSO NM-PSO G-QPSO CDE MBA
X 0.8125 0.8125 0.8125 0.8125 0.8036 0.8125 0.8125 0.7802
X, 0.4375 0.4375 0.4375 0.4375 0.3972 0.4375 0.4375 0.3856
X3 40.3239 42,0974 42.0913 42.0984 41.6392 42.0984 42.098411 40.4292
Xa 200.0000 176.6540 176.7465 176.6366 182.4120 176.6372 176.637690 198.4964
g1(X) —3.42E-02 —2.01E-03 —~1.37E-06 —8.80E—07 3.65E—-05 —8.79E-07 —6.67E—07 0
2(X) —5.28E—02 —3.58E—02 —3.59E—04 —3.58E—02 3.79E-05 —3.58E—02 —3.58E—02 0
2(X) —~304.4020 —-24.7593 —~118.7687 3.1226 -1.5914 -0.2179 -3.705123 —86.3645
2a(X) —400.0000 —63.3460 —63.2535 —63.3634 —57.5879 —63.3628 —63.362310 —41.5035
fiX) 6288.7445 6059.9463 6061.0777 6059.7143 5930.3137 6059.7208 6059.7340 5889.3216
Table 17
Comparison of statistical results given by different methods for pressure vessel design problem.
Method Worst Mean Best SD NFEs
GA3 6308.4970 6293.8432 6288.7445 7.4133 900,000
GA4 6469.3220 6177.2533 6059.9463 130.9297 80,000
CPSO 6363.8041 6147.1332 6061.0777 86.45 240,000
HPSO 6288.6770 6099.9323 6059.7143 86.20 81,000
NM-PSO 5960.0557 5946.7901 5930.3137 9.161 80,000
G-QPSO 7544.4925 6440.3786 6059.7208 448.4711 8000
QPSO 8017.2816 6440.3786 6059.7209 479.2671 8000
PSO 14076.3240 8756.6803 6693.7212 1492.5670 8000
CDE 6371.0455 6085.2303 6059.7340 43.0130 204,800
UPSO N.A 9032.55 6544.27 995.573 100,000
PSO-DE N.A 6059.714 6059.714 N.A 42,100
ABC N.A 6245.308 6059.714 205 30,000
(Ju+A)-ES N.A 6379.938 6059.7016 210 30,000
TLBO N.A 6059.71434 6059.714335 N.A 10,000
MBA 6392.5062 6200.64765 5889.3216 160.34 70,650
10X . ' . . ( , ' problem for testing different optimization methods, such as GA3,
GA4, CAEP, UPSO, CPSO, HPSO, NM-PSO, G-QPSO, QPSO, PSO-DE,
8 PSO, DELC, DEDS, HEAA, SC, DE, CDE, (u +A)-ES, ABC, and TLBO.
g The obtained statistical results by the considered methods and
g § MBA are given in Table 19. As it can be seen in Table 19, MBA
_§ requires only 7650 function evaluations for solving this problem
§ 4 with function value of 0.012665, while G-QPSO, QPSO, and PSO
bl || S require 2000 function evaluations with function values of 0.012665,
L\_,__\__ 0.012669, and 0.012857, respectively. The best function value is
. , A ) ! ! ! ! ! 0.0126302 with 80,000 function evaluations obtained by NM-PSO.
200 400 600 800 1000 1200 1400 1600 1800 2000

Number of iterations

Fig.13. Function values versus number of iterations for the pressure vessel problem.

compared to TLBO, PSO, QPSO, and G-QPSO algorithms. Fig. 13
shows the function values versus the number of iterations for pres-
sure vessel design problem.

3.9.3. Tension/compression spring design problem

The tension/compression spring design problem is described in
Arora [64] for which the aim is to minimize the weight (f{x)) of a ten-
sion/compression spring (as shown in Fig. 14) subject to constraints
on minimum deflection, shear stress, surge frequency, limits on
outside diameter, and design variables. The design variables are
wire diameter d(x; ), mean coil diameter D(x; ), and number of active
coils P(x3).

The comparison of best solution among several algorithms is
given in Table 18. This problem has been used as a benchmark

d->| |-

Fig. 14. Tension/compression string design problem.

For other algorithms in Table 19, MBA shows superiority in
terms of NFEs and the obtained function value. However, TLBO and
ABC algorithms have both given the same function value while
they require slightly higher NFEs as compared to MBA. Fig. 15
shows the function values versus the number of iterations for ten-
sion/compression spring problem.

3.9.4. Welded beam design problem

This design problem, which has been often used as a benchmark
problem, was firstly proposed by Coello [59]. In this problem, a
welded beam is designed for minimum cost subject to constraints
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Fig. 15. Function values versus number of iterations for tension/compression spring
problem.
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Table 18

Comparison of best solution obtained from various algorithms for the tension/compression spring problem.
D.V DELC DEDS CPSO HPSO NM-PSO G-QPSO HEAA MBA
X1 0.051689 0.051689 0.051728 0.051706 0.051620 0.051515 0.051689 0.051656
X, 0.356717 0.356717 0.357644 0.357126 0.355498 0.352529 0.356729 0.355940
X3 11.288965 11.288965 11.244543 11.265083 11.333272 11.538862 11.288293 11.344665
g1(X) —3.40E-09 1.45E-09 —8.25E-04 —3.06E-06 1.01E-03 —4.83E-05 3.96E-10 0
2(X) 2.44E-09 —1.19E-09 —2.52E-05 1.39E-06 9.94E-04 —3.57E-05 —3.59E-10 0
23(X) —4.053785 —4.053785 —4.051306 —4.054583 —4.061859 —4.0455 —4.053808 —4.052248
g4(X) —-0.727728 —-0.727728 —-0.727085 —0.727445 —0.728588 —-0.73064 —-0.727720 —0.728268
fiX) 0.012665 0.012665 0.0126747 0.0126652 0.0126302 0.012665 0.012665 0.012665

Table 19

Comparisons of the statistical results given by different algorithms for the tension/compression spring problem.
Method Worst Mean Best SD NFEs
GA3 0.0128220 0.0127690 0.0127048 3.94E-05 900,000
GA4 0.0129730 0.0127420 0.0126810 5.90E-05 80,000
CAEP 0.0151160 0.0135681 0.0127210 8.42E-04 50,020
CPSO 0.0129240 0.0127300 0.0126747 5.20E-04 240,000
HPSO 0.0127190 0.0127072 0.0126652 1.58E-05 81,000
NM-PSO 0.0126330 0.0126314 0.0126302 8.47E-07 80,000
G-QPSO 0.017759 0.013524 0.012665 0.001268 2000
QPSO 0.018127 0.013854 0.012669 0.001341 2000
PSO 0.071802 0.019555 0.012857 0.011662 2000
DE 0.012790 0.012703 0.0126702 2.7E-05 204,800
DELC 0.012665575 0.012665267 0.012665233 1.3E-07 20,000
DEDS 0.012738262 0.012669366 0.012665233 1.3E-05 24,000
HEAA 0.012665240 0.012665234 0.012665233 1.4E-09 24,000
PSO-DE 0.012665304 0.012665244 0.012665233 1.2E-08 24,950
SC 0.016717272 0.012922669 0.012669249 5.9E-04 25,167
UPSO N.A 0.02294 0.01312 7.20E-03 100,000
CDE N.A 0.012703 0.01267 N.A 240,000
(u+A)-ES N.A 0.013165 0.012689 3.9E-04 30,000
ABC N.A 0.012709 0.012665 0.012813 30,000
TLBO N.A 0.01266576 0.012665 N.A 10,000
MBA 0.012900 0.012713 0.012665 6.30E-05 7650

on shear stress (7), bending stress (o) in the beam, buckling load
on the bar (Py), end deflection of the beam (§), and side constraints.
There are four design variables for this problem including h(x;),
I(x>), t(x3), and b(x4) as shown in Fig. 16.

The optimization methods previously applied to this problem
include GA3, GA4, CAEP, CPSO, HPSO, NM-PSO, HGA, MGA [65], SC,
DE, UPSO, CDE, ABC, (u + A)-ES, and TLBO. The comparison for the
best solution given by such algorithms is presented in Table 20.

The comparison of the statistical results is given in Table 21.
Among those studies, the best solution was obtained by NM-PSO

Py

Fig. 16. Welded beam design problem.

with an objective function value of f(x)=1.724717 after 80,000
function evaluations. By applying the proposed method, the best
solution of f{x)=1.72536 was obtained. It is worth to mention that
the number of function evaluations for the MBA is 42,960. The opti-
mization results obtained by NM-PSO, PSO-DE, HPSO, CAEP, ABC,
and TLBO outperformed the results obtained by MBA in terms of
the best solution. However, while offering satisfactory result, MBA
requires less NFEs as compared to the NM-PSO, PSO-DE, HPSO, and
CAEP.

Fig. 17 shows the function values versus the number of itera-
tions for the welded beam design problem. One of the advantages
of the MBA over other metaheuristic algorithms is that the function
values are reduced to near optimum point at the early itera-
tions. This may be due to the searching criteria and constraint
handling approach for MBA where it searches a wide region
of problem domain and rapidly focuses on the near optimum
solution.

Function values

2
L
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Fig. 17. Function values versus number of iterations for the welded beam problem.
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Table 20

Comparison of the best solution obtained from various algorithms for the welded beam problem.
D.vV GA4 HGA CPSO CAEP CPSO HPSO NM-PSO MBA
Xi1(h) 0.205986 0.2057 0.202369 0.205700 0.202369 0.20573 0.20583 0.205729
Xo(1) 3.471328 3.4705 3.544214 3.470500 3.544214 3.470489 3.468338 3.470493
X5(t) 9.020224 9.0366 9.048210 9.036600 9.04821 9.036624 9.036624 9.036626
Xa(b) 0.206480 0.2057 0.205723 0.205700 0.205723 0.20573 0.20573 0.205729
21(X) —0.103049 1.988676 —13.655547 1.988676 —12.839796 —0.025399 —0.02525 -0.001614
22(X) -0.231747 4481548 —-78.814077 4.481548 —1.247467 —0.053122 —0.053122 —-0.016911
23(X) —5E-04 0 —3.35E-03 0 —1.49E-03 0 0.0001 —2.40E-07
24(X) —3.430044 —3.433213 —3.424572 —3.433213 —3.429347 —3.432981 —-3.433169 —3.432982
25(X) —0.080986 —0.080700 —-0.077369 —0.080700 —0.079381 —0.08073 —0.08083 —0.080729
26(X) —-0.235514 —0.235538 —-0.235595 —0.235538 —-0.235536 —-0.235540 —0.235540 —0.235540
g7(X) —58.646888 2.603347 —4.472858 2.603347 -11.681355 —0.031555 —0.031555 —0.001464
fX) 1.728226 1.724852 1.728024 1.724852 1.728024 1.724852 1.724717 1.724853

Table 21

Comparison of the statistical results obtained from different optimizers for welded beam problem.
Method Worst Mean Best SD NFEs
GA3 1.785835 1.771973 1.748309 1.12E-02 900,000
GA4 1.993408 1.792654 1.728226 7.47E-02 80,000
CAEP 3.179709 1.971809 1.724852 443E-01 50,020
CPSO 1.782143 1.748831 1.728024 1.29E-02 240,000
HPSO 1.814295 1.749040 1.724852 4.01E-02 81,000
PSO-DE 1.724852 1.724852 1.724852 6.7E-16 66,600
NM-PSO 1.733393 1.726373 1.724717 3.50E-03 80,000
MGA 1.9950 1.9190 1.8245 5.37E-02 N.A
SC 6.3996785 3.0025883 2.3854347 9.6E-01 33,095
DE 1.824105 1.768158 1.733461 2.21E-02 204,800
UPSO N.A 2.83721 1.92199 0.683 100,000
CDE N.A 1.76815 1.73346 N.A 240,000
(p+X)-ES N.A 1.777692 1.724852 8.8E-02 30,000
ABC N.A 1.741913 1.724852 3.1E-02 30,000
TLBO N.A 1.72844676 1.724852 N.A 10,000
MBA 1.724853 1.724853 1.724853 6.94E-19 47,340

3.9.5. Speed reducer design problem

In this constrained optimization problem (see Fig. 18), the
weight of speed reducer is to be minimized subject to constraints
onbending stress of the gear teeth, surface stress, transverse deflec-
tions of the shafts, and stresses in the shafts [63]. The variables x;
to x7 represent the face width (b), module of teeth (m), number of
teeth in the pinion (z), length of the first shaft between bearings (11 ),
length of the second shaft between bearings (I, ), and the diameter
of first (d;) and second shafts (d), respectively.

This is an example of a mixed integer programming problem.
The third variable x3 (number of teeth) is of integer values while
all other variables are continuous. There are 11 constraints in this
problem resulting in high complexity of the problem [66] (the solu-
tion reported in [66] is infeasible).

The comparison of best solution with previous methods is given
in Table 22. The statistical results of nine optimization methods
including DELC, DEDS, PSO-DE, ABC, TLBO, modified differential
evolution (MDE) [67,68], SC, HEAA, and (i + A)-ES is compared with
the proposed method which is given in Table 23.

From Table 23, among the compared optimization algorithms,
DELC and DEDS have found the best solution so far. Although, MBA
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Fig. 18. Speed reducer design problem.

could not match the best solution obtained by DELC and DEDS,
however, it detected its best solution (second best solution) with
considerably less NFEs. Fig. 19 depicts the reduction of function
values versus the number of iterations for speed reducer design
problem.

3.9.6. Gear train design problem

Gear train design aims to minimize the cost of the gear ratio of
the gear train as shown in Fig. 20. The constraints are only limits on
design variables (side constraints). Design variables to be optimized
are in discrete form since each gear has to have an integral number
of teeth.

Constrained problems with discrete variables may increase the
complexity of the problem. The decision variables of the problem
are ny, ng, np, and ng which are denoted as x1, X5, X3, and x4, respec-
tively. The lower and upper bounds of integer design variables are
12 and 60, respectively. The gear ratio is defined as ngnp/ngn,.
Table 24 shows the comparison of the best solution for ABC and
MBA in terms of the value of design variables and function value.
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Fig. 19. Function values versus number of iterations for the speed reducer problem.
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Table 22
Comparison of best solution obtained using different optimizers for speed reducer design problem.
D.V DEDS DELC HEAA MDE PSO-DE MBA
X1 3.5+09 3.5+09 3.500022 3.500010 3.5000000 3.500000
X, 0.7+09 0.7+09 0.70000039 0.70000 0.700000 0.700000
X3 17 17 17.000012 17 17.000000 17.000000
X4 7.3+09 7.3+09 7.300427 7.300156 7.300000 7.300033
Xs 7.715319 7.715319 7.715377 7.800027 7.800000 7.715772
Xs 3.350214 3.350214 3.350230 3.350221 3.350214 3.350218
X7 5.286654 5.286654 5.286663 5.286685 5.2866832 5.286654
fX) 2994.471066 2994.471066 2994.499107 2996.356689 2996.348167 2994.482453
Table 23
Comparison of statistical results using various algorithms for speed reducer design problem.
Method Worst Mean Best SD NFEs
SC 3009.964736 3001.758264 2994.744241 4.0 54,456
PSO-DE 2996.348204 2996.348174 2996.348167 6.4E—06 54,350
DELC 2994.471066 2994.471066 2994.471066 1.9E-12 30,000
DEDS 2994.471066 2994.471066 2994.471066 3.6E-12 30,000
HEAA 2994.752311 2994.613368 2994.499107 7.0E-02 40,000
MDE N.A 2996.367220 2996.356689 8.2E-03 24,000
(u+A)-ES N.A 2996.348 2996.348 0 30,000
ABC N.A 2997.058 2997.058 0 30,000
TLBO N.A 2996.34817 2996.34817 0 10,000
MBA 2999.652444 2996.769019 2994.482453 1.56 6300
25210 ; . . ; . . .
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Fig. 20. Great train design problem.

MBA found the function value same as ABC, however, with different
values for design variables as shown in Table 24.

The statistical results for optimization of gear train problem
using different optimizers are given in Table 25. In terms of sta-
tistical results, MBA surpassed other reported optimizers with
acceptable NFEs as shown in Table 25. However, ABC obtained
the best solution faster (less NFEs) than other methods. Fig. 21
demonstrates the reduction of function values (gear ratio cost) with
respect to the number of iterations.

3.9.7. Belleville spring design problem

The Belleville spring problem, as shown in Fig. 22, is a minimi-
zation problem in which one parameter existing in the constraints
is to be selected according to the design variable ratios. The objec-
tive is to design a Belleville spring having minimum weight and
satisfying a number of constraints. This problem has 4 design vari-
ables: external diameter of the spring (D), internal diameter of the

Table 24
Comparison of best solution obtained using ABC and MBA for gear train problem.
D.V ABC MBA
X 49 43
X, 16 16
X3 19 19
Xq 43 49
fX) 2.700857E—12 2.700857E—12

Number of iterations

Fig. 21. Function values versus number of iterations for the gear train problem.

spring (D;), thickness of the spring (t), and the height (h) of the
spring, as shown in Fig. 22.

The subjected constraints concern the compressive stress,
deflection, height to deflection, height to maximum height, outer
diameter, inner diameter, and slope. The problem for the Belleville
spring was studied by Coello [69], Gene AS I, Gene AS II [70], Sid-
dal [71], ABC, and TLBO. Table 26 represents the comparisons of
different optimizers for the best obtained solution.

The obtained statistical results for Belleville spring problem
were compared in Table 27. It is observed from Table 27 that MBA
surpassed ABC and TLBO for offering the best solution in terms of
SD and NFEs. The best solution obtained by all three algorithms is
same. However, TLBO performs slightly better than MBA in terms

D.
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Fig. 22. Belleville spring design problem.
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Table 25
Comparison of statistical results using various algorithms for gear train problem.
Method Worst Mean Best SD NFEs
UPSO N.A 3.80562E-08 2.700857E—-12 1.09E-07 100,000
ABC N.A 3.641339E-10 2.700857E-12 5.52E-10 60
MBA 2.062904E-08 2.471635E-09 2.700857E-12 3.94E-09 1120
Table 26
Comparison of best solution obtained using TLBO and MBA for Belleville spring problem.
D.V Coello Gene AS1 Gene AS 11 Siddal TLBO MBA
Xi 0.208 0.205 0.210 0.204 0.204143 0.204143
X, 0.2 0.201 0.204 0.200 0.2 0.2
X3 8.751 9.534 9.268 10.030 10.03047 10.0304732
X4 11.067 11.627 11.499 12.010 12.01 12.01
g(X1) 2145.4109 —10.3396 2127.2624 134.0816 1.77E-06 4.58E-04
g(X2) 39.75018 2.8062 194.222554 —12.5328 7.46E-08 3.04E-07
g(X3) 0.00000 0.0010 0.0040 0.0000 5.8E-11 9.24E-10
8(Xa) 1.592 1.5940 1.5860 1.5960 1.595857 1.595856
8(Xs) 0.943 0.3830 0.5110 0.0000 2.35E-09 0
8(Xs) 2.316 2.0930 22310 1.9800 1.979527 1.979526
g(X7) 0.21364 0.20397 0.20856 0.19899 0.198966 0.198965
fiX) 2.121964 2.01807 2.16256 1.978715 1.979675 1.9796747
Table 27
Comparison of statistical results using three optimizers for the Belleville spring problem.
Method Worst Mean Best SD NFEs
ABC 2.104297 1.995475 1.979675 0.07 150,000
TLBO 1.979757 1.97968745 1.979675 0.45 150,000
MBA 2.005431 1.984698 1.9796747 7.78E-03 10,600

of mean and worst solutions. As shown in Fig. 233, the convergence
rate of ABC and TLBO is nearly same with slight dominance of TLBO
over ABC. However, as shown in Fig. 23b, MBA converged to near
optimum solution at early iterations compared to other optimizers
in this paper.
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Fig. 23. Comparison of convergence rate for the Belleville spring design problem
using: (a) TLBO and ABC, (b) MBA.

3.9.8. Rolling element bearing design problem

The objective of this problem is to maximize the dynamic load
carrying capacity of a rolling element bearing, as demonstrated in
Fig. 24. This problem has 10 decision variables which are pitch
diameter (D), ball diameter (Dp,), number of balls (Z), inner and
outer raceway curvature coefficients (f; and f5), Kpmin, Kpmax &, €,
and ¢ (see Fig. 24). The five latter variables only appear in con-
straints and indirectly affect the internal geometry. The number
of balls (Z) is the discrete design variable and the remainder are
continuous design variables. Constraints are imposed based on
kinematic and manufacturing considerations.

The problem of the rolling element bearing was studied by GA
[72], ABC, and TLBO. Table 28 shows the comparison of best solution
for three optimizers in terms of design variables and function val-
ues, and constraints accuracy. The statistical optimization results
for reported algorithms were compared in Table 29.

From Table 29, the proposed method detected the best solu-
tion with considerable improvement over other optimizers in this

B, D,
//////” N2,
%, el d,
cE>Re n
Vi R
/ ?
T
d;
! D
7
ro

Fig. 24. Rolling element bearing design problem.
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Table 28
Comparison of the best solution obtained using three algorithms for the rolling
element bearing problem.

D.V GA TLBO MBA

X1 125.7171 125.7191 125.7153

X5 21.423 21.42559 21.423300

X3 11 11 11.000

X4 0.515 0.515 0.515000

X5 0.515 0.515 0.515000

Xs 0.4159 0.424266 0.488805

X7 0.651 0.633948 0.627829

Xs 0.300043 0.3 0.300149

Xo 0.0223 0.068858 0.097305

X0 0.751 0.799498 0.646095

2(X1) —0.000821 0 0

2(X2) —13.732999 13.15257 -8.630183

g(X3) —2.724000 1.5252 —-1.101429

2(Xa) 3.606000 0.719056 —2.040448

2(Xs) —0.717000 16.49544 —0.715366

2(Xs) —4.857899 0 —23.611002

a(X7) —0.003050 0 —0.000480

2(Xs) —0.000007 2.559363 0

2(Xo) —0.000007 0 0

g2(X10) —0.000005 0 0

fX) 81843.3 81859.74 85535.9611
Table 29

Comparison of statistical results using four optimizers for the rolling element bear-
ing problem.

Method  Worst Mean Best SD NFEs

GA N.A N.A 818433 N.A 225,000
ABC 78897.81 81496 81859.7416  0.69 10,000
TLBO 80807.8551 81438.987 81859.74 0.66 10,000
MBA 84440.1948  85321.4030  85535.9611 211.52 15,100

paper. In terms of statistical results, MBA offered better results
with acceptable NFEs against other considered algorithms. Fig. 25
compares the convergence rate for used optimizers.

From Fig. 25a it is seen that the convergence rate of ABC and
TLBO is nearly same with a slightly higher mean searching capa-
bility for TLBO. However, MBA reached the best solution at 302
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Fig. 25. Comparison of convergence rate for the rolling element bearing design
problem using: (a) TLBO and ABC, (b) MBA.

iterations (iteration number for obtained best solution = NFEs/Ns),
offering the best solution so far as shown in Fig. 25b.

These overall results may suggest that the proposed MBA may
be considered as an effective optimization technique for solving
constrained optimization problems. The MBA may be considered as
an attractive alternative optimizer for constrained and engineering
optimization offering faster convergence and solution quality.

4. Conclusions

This paper presented a new optimization technique, called the
mine blast algorithm (MBA). The fundamental concepts and ideas
which underlie the method are inspired from the explosion of mine
bombs in real world. In this paper, the MBA is proposed for solv-
ing sixteen constrained optimization and engineering problems.
Computational results in this paper, based on the comprehensive
comparative study, illustrate the attractiveness of the proposed
method for handling numerous types of constraints. The obtained
results show that the proposed algorithm generally offers better
solutions than other optimizers considered in this research in terms
of objective function values for some problems and the number of
function evaluations (computational cost) for almost every prob-
lem. Also, the MBA method may be used for solving the real world
optimization problems which may require significant computa-
tional efforts with acceptable degree of accuracy for the solutions.

Although, the proposed method is capable in finding global opti-
mum point, however, in case of obtaining unsatisfactory results,
the tuning of initial parameters (as in other metaheuristic algo-
rithms) is a crucial step. In general, the MBA offers competitive
solutions compared with other metaheuristic optimizers based on
the experimental results in this research. However, the computa-
tional efficiency and quality of solutions given by the MBA depends
on the nature and complexity of the underlined problem. This is
true for most metaheuristic methods.
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Appendix A.

A.1. Constrained problem 1
min f(x) = (x1 - 2)* +(x — 1)°
subject to:

h(x)=x1 —2x+1=0
gx)=—(x3/4)-x3+1=0

-10<x; <10, i=1,2

A.2. Constrained problem 2
min f(x) :x% +(x = 1)
subject to:

h(x)=% -x3=0

-1<x<1, i=1,2
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A.3. Constrained problem 3
fX)= (2 +x0 = 11)" 4 (11 +8 - 7)°
subject to:

21(x) = 4.84 — (x; —0.05)% — (x, —2.5)> > 0
©(X) =X +(x— 2.5 -4.84>0

O0<x;<6, i=1,2

AA4. Constrained problem 4

sin3(2m(1) sin(2mx;)
x3(x1 +x3)

max f(x) =

subject to:

g1(x)=x2 —x+1<0

A.5. Constrained problem 5
min f(x) = (x; — 10)> + (x, — 20)°

subject to:

g1(x)=—(x; =5 —=(x, —5)> +100 < 0
2(x)=(x1 —6)* +(x, —5)> —82.81 <0
13 <x; <100

0<xy; <100

A.6. Constrained problem 6

min f(x) = (x; — 10)* +5(xa — 12)% + x3 +3(x4 — 11)% + 10x¢
+ 7x% + X3 — 4xgX7 — 10X — 8x7
subject to:

g1(x) =127 — 2x3 —3x5 —x3 —4x5 —5x5 > 0
82(x) =282 — 7x; — 3%, — 10x2 — X4 + x5 > 0
g3(x) = 196 — 23x; — X3 — 6x2 + 8x%7 > 0

8a(x) = —4x2 — X3 +3x1Xp — 2X3 — 5xg + 11x; > 0

-10<x;<10, i=1,2,3,4,5,6,7

A.7. Constrained problem 7

min f(x) = 5.3578547x3 + 0.8356891xx5
+37.293239x1 +40729.141
subject to:
21(x) = 85.334407 + 0.0056858x2x5 + 0.0006262x1 X4
—0.0022053x3x5 — 92 < 0

g>(x) = —85.334407 — 0.0056858x,xs5
~0.0006262x;X4 — 0.0022053x3x5 < 0

g3(x) = 80.51249 + 0.0071317x,x5 + 0.0029955x, X,
+0.0021813x3 — 110 < 0

g4(x) = —80.51249 — 0.0071317x,x5 — 0.0029955x1 X2
—0.0021813x3 +90 < 0

g5(x) = 9.300961 + 0.0047026x3x5 + 0.0012547x;x3
40.0019085x3x%4 — 25 < 0

g6(x) = —9.300961 — 0.0047026x3x5 — 0.0012547x, X3
—0.0019085x3x4 +20 < 0

78 <x1 <102
33 <xy <45

27 <x; <45, i=3,4,5

A.8. Constrained problem 8

min f(x) = ~(va)" - ] [

i=1

subject to:

Appendix B.

B.1. Three-bar truss design problem
min f(x) = (2v2x1 +x3) x |
subject to:

g](x): MF—UEO
V2x2 + 2x1%;
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Table B1
Variation of f{a) with a.
a <14 1.5 1.6 1.7 1.8 19 2 2.1 2.2 23 2.4 2.5 2.6 2.7 >2.8
fla) 1 0.85 0.77 0.71 0.66 0.63 0.6 0.58 0.56 0.55 0.53 0.52 0.51 0.51 0.5
X
BHX) = 52— P-0<0 ,
x/jxl + 2X1X2 g4(x) = 0.]047])(1 +0.04811x3x4(14 +x2)—-5<0
=0.125-x; <0
g3(x)= —=————P-0<0 g5(x) 1<
N2x5 + X1
. 86(x) = 8(x) — dmax <0
O0<x;<1, i=1,2

I=100cm, P =2 kN/cm?, o =2 kN/cm?

B.2. Pressure vessel design problem

min f(x) = 0.6224x1X3x4 + 1.7781x,x3 + 3.1661x2x4 + 19.84x3x3
subject to:

g1(x) = —x1 +0.0193x

22(x) = —x2 +0.00954x3 <0

g3(x) = —mx3x4 — (4/3)7x3 + 1,296,000 < 0

84(x)=x4—240 <0

0 <x; <100,

i=1,2

10 <x; <200, i=3,4

B.3. Tension/compression spring design problem
f(x) = (x3 + 2)x0x3
subject to:

g1(x)=1—(x3x3/71,785x}) < 0

(%) = (4% — x1x2/12,566(x2x3 —x7)) +(1/5108x3) —1 <0
g3(x) = 1 - (140.45x; /x3x3) < 0

g4(X) = (%2 +x1)/1.5-1<0

0.05 <x; <2.00

0.25 <x; <1.30

2.00 <x3 <15.00

B.4. Welded beam design problem
fx)= 1.10471x%x2 +0.04811x3x4(14 + x2)

subject to:

g1(X) = 7(X) — Tmax < 0
g2(x)=0(x) —omax <0

g3(x)=x1 —x4 <0

g71(x) =P —Pc(x) <0

01<x;<2, i=1,4
0.1<x;<10, i=2,3
where
X2 2 / P 7" MR
T(x) = \/(r’)2 +2rT s+ (), U= , =—
2R V2x1Xy J

2 2
_ X2 /% (X1+X3)
M_P(L+2), R=\|Z+ (5 .

2
2 {«ﬁxmz ﬁ; + (Xl ;X3)2] }

3 4.013E/(x2x8/36
0= =2 b= (3%/36)
X4X5 Ex3x4 L
(1%, /E
2L\ 4G

P=6000lb, L=14in, E=30x10° psi, G=12x 10° psi

Tmax = 13,600 psi, omax = 30,000 psi, Jmax = 0.25 in

B.5. Speed reducer design problem

min f(x) = 0.7854x1x3(3.3333x2 + 14.9334x; — 43.0934)
—1.508x1(xg +X3) +7.4777(x3 +x3)

+0.7854(x4X2 + X5x2)

subject to:

27
gix)=—5—-1=<0
X1X5X3
397.5
LK)=—55-1=0
X1X5X5
1.93x§l
BK)=—73=-1<0
X2XX3
1.93x3
gax)=——7=2>-1<0
X2X7X3
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[(745(xa/x2%3)) +16.9 x 10°] /2

3
110x}

g(x) = -1=<0

[(745(xs /x2x3)) + 157.5 x 10°] /2

-1<0
3 <
85x7

86lX) =

X
go(x) = %, 1<0

_ 1.5%+1.9

g1o(x) = T 1<0

1.1x;+ 1.9
g = """ -1<0
X5

where
2.6 <x1<3.6, 0.7<x=<0.8,

17 <x3 <28, 7.3<Xx4

<83, 73<x5<83, 29<x3<39, 50<x7<5.5

B.6. Gear train design problem
min f(x) = ((1/6.931) — (x3X2/x1x4))’
subject to:

12 <x; <60

B.7. Belleville spring design problem
min f(x) = 0.070757(D? — D?)t
subject to:
4ESmax Omax
—_ h— + >0
(1- n2)aD3 [’3 ( 2 ) yt] :

4ESmax

_ I 3
gz<x)_<(1,u2)aD§ [(h 2y a)rHD

23(X) =381 —Omax = 0

g1(x)=5-

—Pmax =0

d=0max

g4(x)=H-h-t>0
g5(X) =Dmax —De > 0

g6(x)=De—-D; =0

g =03 5 >
where
oo L(u)i po S (B220).
wInkK K 7 InK \ InK
- % (%) Prmax = 54001b,
E = 30e6 psi

Smax = 0.21n,
=12.01in,

a= l’l/t
Values for f{a) vary as shown in Table B1.

n=0.3,
K :DE/DI'7

S =200KPsi, H =2in,
41 =f(a)a,

Dmax

B.8. Rolling element bearing design problem

max Cy = f.Z?/3D}-8 if D < 25.4mm
Cq =3.647f,z*3D}* ifD > 25.4mm

subject to:

$o

:2sin’l(D D, SH1=0
b/Dm)

g1(x)

82(x) = 2Dp — Kpmin(D —d) = 0
83(x) = Kpmax(D —d) - 2D, > 0
84(x)={Bw—Dyp <0

85(x)=Dm —0.5(D+d)>0
g6(x)=(0.5+¢e)D+d)—Dp >0
g7(x) = 0.5(D — Dy — Dp) — €Djy = 0
g(x)=f; = 0.515

go(x) = fo = 0.515

where

1-y\ "7 (2, - 1)\ 4
fC:37.91[1+{1.04(1+),) (fo(Zf,-—l))

y0.3(1 _ y)1.39 2f1 0.41
” { 1+ H%l]

-0.3

_ 1 (D —d)/2 = 3(T/4))* + {D/2 — T/4 — Dyy* — (d/2+ T/4)’]
9o = 2m — 2cos ( 2((D— d)/2 — 3(T/4)(D/2 ~ /4~ Dy}

_Dy o n _To —D—d—
y_Dmv fl_Dba fO—Db7 T_D d 2Db
D=160, d:90, BWZBO, ri:r0:11.033

0.5(D+d) < D <0.6(D+d), 0.15(D—d) <D,

<0.45D-d), 4<Z<50, 0.515<f;andf, < 0.6,

0.4 < Kppin < 0.5, 0.6 <Kpmax <0.7, 03 <e<0.4, 0.02
<e<0.1, 06<¢=<0.85.
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