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SUMMARY

This paper presents a modified genetic algorithm (GA) using a new crossover operator (ADX) and
a novel statistic correlation mutation algorithm (CAM). Both ADX and CAM work with population
information to improve existing individuals of the GA and increase the exploration potential via
the correlation mutation. Solution-based methods offer better local improvement of already known
solutions while lacking at exploring the whole search space; in contrast, evolutionary algorithms
provide better global search in exchange of exploitation power. Hybrid methods are widely used
for constrained optimization problems due to increased global and local search capabilities. The
modified GA improves results of constrained problems by balancing the exploitation and exploration
potential of the algorithm. The conducted tests present average performance for various CEC’2015
benchmark problems, while offering better reliability and superior results on path planning problem
for redundant manipulator and most of the constrained engineering design problems tested compared
with current works in the literature and classic optimization algorithms.

KEYWORDS: Genetic algorithm; Design optimization; Real variables; Engineering design.

1. Introduction

Problem optimization is the search for optimal parameter values for functions. These functions have
certain numbers of parameterized variables to maximize or minimize the results according to the
objective of the problem. In most real-coded problems, it is infeasible to use brute-force algo-
rithms or similar techniques to search for optimal parameters; the implementation of a heuristic
or refined stochastic process can help to achieve satisfactory results.! In evolutionary comput-
ing, there are various techniques and algorithms for problem optimization inspired by nature.
Among the most famous heuristic methods are genetic algorithm (GA), particle swarm optimiza-
tion (PSO), artificial bee colony algorithm (ABC), and harmonic balance (HB).? In addition, there
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1596 CAM-ADX: A new genetic algorithm

are hybrid heuristic models that use combinations of different evolutionary techniques with the aim
of increasing optimization power.>

This kind of functions are well known in the literature and tested in mathematical and metaheuris-
tics optimization. Mathematical optimization often uses techniques such as dynamic programming,
linear/non-linear programming, simulated annealing, etc. These methods area solution-based and use
gradient information to improve already known solutions near their starting points. While these meth-
ods have a better exploitation potential, they lack on exploring the whole search space, thus losing
some exploration potential compared with metaheuristics. Although pure evolutionary approaches
offer better exploration on search spaces, they may not obtain satisfactory results in consequence of
bad local optimization compared with solution-based algorithms.*°

A lot of work using evolutionary computation have been put toward constrained optimization,
specially combined with other solution-based techniques. These hybridized algorithms have bal-
anced exploration and exploitation potential, providing result improvement for many well-known
optimization problems. Garg* shows a hybrid technique using PSO and GA for solving constrained
optimization problems. Patwal et al.” proposed a novel modified PSO using mutation strategies. Rani
et al.® implemented an optimistic and pessimistic viewpoint in a fuzzy environment for numeri-
cal problem optimization; also Garg® ' proposed an evolutionary algorithm based on biogeography
for reliability redundancy allocation problems, and the application of PSO in a fuzzy environment
for multi-objective reliability redundancy problem optimization. In ref. [11], Garg created a novel
hybridized technique using lambda-tau methodology and PSO, also analyzing the behavior and sen-
sitivity of industrial system. All the works cited have one or more evolutionary programming methods
implemented to optimize functions; they emphasize the importance of the exploration and local
exploitation of optimization algorithms. By mixing global search and local optimization, superior
numerical results are achieved for the problems tested, also increasing reliability and robustness of
stochastic/evolutionary algorithms in real-life scenarios.

Exploration and exploitation are broad concepts in various areas of knowledge. Exploration
is the capacity to explore or seek out objectives in unknown areas, while exploitation is the
capacity to improve or optimize areas previously explored. In nature, the characterization of explo-
ration/diversification is the search for food in unknown locations, while exploitation/intensification
is analogous to returning to previously discovered locations to obtain more food. Evolutionary
algorithms stand out for their power to identify solutions of two different types: global search (explo-
ration) and local search (exploitation). Global search is characterized as the algorithm’s capacity for
finding potentially better (new) results within an unknown search space of the problem, while local
search involves the capacity to improve on solutions to the problem that have previously been iden-
tified.'? In terms of the power of exploration and exploitation of evolutionary algorithms, Crepinsek
et al.'® found/stated that the greater the power of exploration/exploitation, the better the results
obtained within the algorithm.

The efficiency of GA depends on various factors and parameters, requiring adjustments according
to the optimization problem. One of the factors that directly affects GA optimization is the diversity of
the population. A population with very low diversity has high probability of converging very rapidly
and stagnating at an unsatisfactory result, indicating that the solution became stuck at a local optimum
in the search space.'* For a GA to be effective, an appropriate level of exploration and exploitation
is required. A low level of exploration implies that the algorithm has difficulty in exploring the
search space in the direction of the best individual, while a low level of exploitation may prevent the
improvement of the current best individual.!3 1544

The crossover operation of GAs is one of the most important phases in the algorithm; through
the generation of new individuals based on already existing solutions (parents), the search power
for an optimal solution is more effective. Among the most widespread types of crossover used with
real-coded GAs are arithmetic crossover (blend crossover — BLX/ARX)!8 and binary crossover for
real numbers (simulated binary crossover — SBX).!>2° Many of these crossovers have difficulties
in problems with real-coded values with constrained search spaces, since they may become stuck
in local optima or end up generating individuals that are infeasible for the solution. In addition,
the genes of the new individuals created are generally limited to values between the parent genes,
making it difficult to identify other areas in the search space (exploration) when the population is
highly concentrated in a specific area.?!2*
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Fig. 1. Crossover types according to the spread factor.

Based on the above, this study proposes a new crossover method and correlation adjustment
method to replace the mutation operator; the main objective of the proposed algorithm is to improve
exploitation and exploration potential of real-coded GAs. Using ADX and CAM produces more fea-
sible individuals than other crossover methods, thus increasing the diversity of the population and
achieving better fitness values. The results using classic engineering problems and benchmark func-
tions show superior performance and convergence for most of the optimizations. When analyzing
the population diversity, the proposed method shows better performance with ADX+CAM versus
compared works.

The remainder of this paper is organized as follows. Sections 2 and 3 present detailed operations
of the new adjusted crossover (ADX) and the correlation adjustment mutation (CAM). Section 4
presents the computational cost analysis for the proposed methods. Section 5 compares the results
obtained for the CEC’2015 problems with the top five algorithms of the competition. Section 6
applies the proposed GA to a path planning problem for a redundant manipulator. In Sections 7 and 2,
we analyze the results obtained for constrained benchmark engineering problems by comparing the
proposed method with other classic crossover operators and classic traditional optimization algo-
rithms (particle swarm optimization and simulated annealing). Section 9 compares the engineering
benchmark problems results with other works in the literature. The paper is concluded at Section 10.

2. Adjusted Crossover
In recent years, there has been an increase in research on crossover operators for real-coded GAs.
Crossover operators are essential for GAs, and current crossover studies using real coding appear
very promising. A comparative analysis between crossover operators using binary and real coding
proved to be better than binary coding; however, there is still a need for operators with better levels
of exploitation in the search space of the problem.?%23-?7

Adjusted crossover (ADX) is the proposed crossover operator for real-coded GAs, using two indi-
viduals chosen by the selection method. It crosses each gene, subtracting gene values and multiplying
by a certain weight, adding to or subtracting from the original parent gene. It provides increased
exploitation potential for the GA, improving already known solutions.

The main objective of this crossover is to create offspring that are not too different from the
parent genes, avoiding infeasibility by breaking restrictions and increasing the exploitation potential.
According to a spread factor (8) denoted by (Eq. (1)):

(&} +C2
pP1+p2

)]

where c¢ is the children genes and p is the parent genes; this factor shows whether the offspring
generated enclose the parent genes, the parent genes enclose the offspring gens, or if both genes
are stationary Fig. 1. The proposed crossover creates offspring with contracting or expanding types,
while SBX creates stationary types; and ARX, contracting types only.
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1. Create an ascending list (worst to best) of individuals selected for crossover to
the next generabtion
2. Create an integer array whose size is equal to the number of genes possessed by
cach individual
3. Determine the direction for optimizing each gene and inszert the corresponding
value into the array {1 for increasing value, -1 for decreasing valus).
4. Choose two of the individuals to crossover, for each gene:
a. adijustvalue parentGenel - parentGene?2
k. Check the direction on the previously created array, is ascending:
i. newGene = parentGene + adjustValue * crossoverWeight
. I1f descending:
i. newGene parentGene - adjustValue * crossoverWeight
d. Set newGene to the new offspring
5. Hepeat from step 4

Fig. 2. ADX algorithm.

The ADX operation is described next (Eq. (2)). First, the operator creates a gradient array VZ})
of the individuals chosen by the GA selection method in ascending order of fitness (from worst to
best). Each position i of this array will contain whole values of 1 or —1, indicating whether the gene
in position i tends to increase or decrease to optimize the problem, respectively.

Given a parent with genes Py ={xj, x5, ..., x;} and another parent with genes P, = {y;, y,

., yi}, the descendents generated will be the result of the combination of the genes of each parent,
creating two offspring: X; = {g(1), g(2), ..., g(i)} and X, = {h(1), h(2), ..., h(i)}, where:

fGiy) =G —y) Xa
—
Xi +f(xi’ )’i), VG[Z] =1

g(i) = —>
x; — flxi, yi), VGli] = =1
—
h(l) — yi +f(-xiv yi)v VG[Z] - 1 (2)

Yi _f(xi7 yi)7 VG_[Z)] =—1

The variable « is the weight defined in ADX and may assume continuous values between 0 and 1.
This weight is the adjustment level of the value added to the original gene. The pseudocode of the
proposed crossover is shown in Fig. 2:

Figure 3 shows an example of crossover using ADX. The ADX creates offspring with adjusted
genes based on the gradient array, the parent genes, and the weight «. This method increases the
exploitation potential of the optimization and can avoid breaking variable restrictions. By doing
smooth adjustments, the ADX can create better feasible individuals.

3. Correlation Adjustment Mutation

After the crossover of the GA, the less fit individuals are discarded, preserving the more fit for the
next generation (elitism process). The ADX increases the exploitation potential of the GA, improving
existing solutions for the problem. To increase the exploration capabilities for searching new solution
areas of the search space, this section proposes the CAM operator.

The proposed method adjusts all the population according to the results of the correlation tests
between the fitness and the gene. This will spread the population through the search space providing
increased exploration to the GA.

CAM is a correlation adjustment algorithm used in the mutation phase of a generation in the GA. It
uses data from the entire population to determine coefficients of adjustment for the genes (variables).
Through a simple random selection of a subgroup of individuals, CAM attempts to readjust the genes
of each individual selected to improve its fitness (as in Fig. 5).

CAM uses Kendall’s tau correlation coefficient test,”®2° which assesses the degree of similar-
ity between two datasets. The Kendall coefficients may vary with continuous values from [-1, 1].
A positive value indicates a positive association. A negative value indicates a negative association.
The greater the magnitude, the stronger the association.
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Table I. A matrix that the CAM algorithm assembles using the less fit individuals from the

population at the end of each generation.

Gene 1 Gene 2 Gene m Fitness F(x)
Individual 1 G(1,1) G(1,2) G(1,m) F(gll,gl2...glm)
Individual 2 G22,1) G(2,2) G(2,m) F(g21,g22...g2m)
Individual n G(n,1) G(n,2) G(n,m) F(gnl,gn2...gnm)
Step 1 Step 2
Parent 1 (x) ‘ 3 34 5 Genle subtraction 2 18 3
result
1, =yl I(x; —y) % al
— Y ¥ Y Y vy
Result multiplied
Parent 2 (¥) ‘ 1 16 | 8 th:“a;j:‘; ;:e;m::n 0.04 | 0.36 | 0.06
! {a = 0.02) .
Step 3
Gene direction array (FG_[!:i} -1 -1 +1
Offspring 1 (g (D)) 2.96 | 33.64||5.06 | TL_%* fGuyif 76T =1
Offspring 2 (h(i)) 0.96 | 15.64 | B.06
——
| x— Gy VG =1 |

Fig. 3. Example of ADX crossover.

1599

For example, consider data from a set n of pairs (x, y1), (x2,¥2) ... (x,, ¥,). The Kendall tau

coefficient equation is given by (Eq. 3):

where:

2)—(Y)
T=—

n(n—1)

2

e Z: number of concordant pairs (when x; > x; and y; > y; or x; <x; and y; < ;)
e Y: number of discordant pairs (when x; > x; and y; < y; or x; < x; and y; > y;)

3)

After finalizing the crossover and mutation process, CAM will assemble a matrix N x (M + 1)
of the individuals from the population used during the current generation, with N as rows and M as

columns, as in Table I:

e N is the number of individuals

e M is the number of genes (variables) that comprise an individual
e The last column from the matrix will contain the fitness value corresponding to each individual

in N

After creating the matrix, CAM will apply the Kendall correlation test between the Gene
{1,2,...,m} column in relation to data from the Fitness column. It is then possible to measure
whether the variable will affect fitness in a concordant (+) or discordant (—) manner. The closer ©

is to 1 or —1, respectively, the values will either have a strong positive or negative association.
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Apply Kendall Correlation Test

Population gl B2 g3 Fitness
Individual 1 Individual 5 10 3z 1] 209
Bl=3g2=4g3=5

Fitness = 2 Individual 4 321 15 3 10.89
Individual 3 25 20 35 5.12
Individual 2 1 16 4 23

Individual 3

gl=25g2=20g3=35 Individual 1 3 4 5 2

Fitness = 5.12

Kendall Test Result 06 0.8

Considering ¢ = 0.1 it
For individual 1: 3- (3 x 0.6 x 0.1) = g1 = 2.82 (new g1 for Individual 1)

Individual 4
g1=321g2=15g3=3
Fitness = 10.89

Individual 5
gl=10g2=32g3=0 New genes of the individual 1 for the next generation:
Fitness = 209 gl=282 g2=376 g3i=54

Fig. 4. Applying CAM on first gene (g/) of individual 1. The same process is applied on every gene (g) of each
selected individual of the population before the next generation.

CAM adjustment on random selected Population after CAM phase
individuals
New Position
New Position 0
New Position @
Possible Possible
Optimum Optimum
Space Space

Fig. 5. After applying CAM, the dispersion of the population increased in the search space, and some individuals
got closer to a possible optimal solution calculated based on the correlation matrix applied to the genes of the
population. It is then possible to increase the level of diversity (search power) of a population without losing
the capacity to intensify the results already obtained.

Consider that ¢ (coefficient of precision) and k (number of iterations) are whole values manually
selected in the algorithm. CAM will try to adjust the genes of an individual, such that for each
individual i selected (Eq. 4):

S 3Gl m) =G m) + Gl m) x T x ¢ 4)

where:

G(i,m): cell from the matrix containing the value of gene m from individual i
c: coefficient of precision

m: gene index, according to Table I

k: number of iterations on an individual’s gene

7,,: results of the Kendall test for gene m in terms of fitness

Figure 4 illustrates the application of CAM with one iteration (k = 1) on the population before
proceeding to the next generation of the GA (Figure 5).
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4. ADX and CAM Computational Cost Analysis

The computational cost of the GA is given by time needed to create the population (7p), eval-
uation of fitness (7f), selection method (7s), crossover operator (7¢), and mutation phase (7m).
Considering that 7p and Ts are the same for all the problems tested, 7f is problem-dependent; this
section considers only Tc and Tm computational costs to analyze ADX and CAM effects.

Tc time relies on the crossover approach used. For SBX!” and ARX,'® both crossover operators
use two parents to create two offspring. SBX swaps some genes between parents, and ARX creates a
random value between the range of the parent gene values; we can call the swap/create phase of the
crossovers Tsc. Each Tsc happens n times during g generations, where Pn is the number of each pair
selected and Gn is the number of generations of the GA. The computational cost (Cc) of SBX and
ARX can be given by (Eq. 5):

Cc=Gn x Pn x Tsc 5)

The ADX crossover also creates values according to the parent gene (7'sc), but before the creation,
the crossover creates and initializes a gradient array based on all selected individuals for the ADX
operator; if we consider array initialization, the crossover adds an additional time 7i to the crossover
phase. The ADX computation cost can be given by 7i + Tsc.

For each generation Gn of the algorithm, ADX uses Gn x Ti more time in comparison with other
crossovers operators. The computational cost Cc of ADX can be given by (Eq. 6):

Cc=Gn[Ti+ (Pn x Tsc)] (6)

The standard mutation phase verifies the chance of changing a random gene for everyone before
going to the next generation. For each individual i there is a chance r that the gene will suffer a muta-
tion (7m), where r is generally a value between 0.01 and 0.05. The computational cost of mutation
can be given by (Eq. 7):

Cc=Gn(ix r x Tm) (7)

The CAM phase, unlike standard mutation, for each generation needs to build a correlation matrix
i x j where i is the number of individuals selected for the next generation and j is the number of
genes on an individual; this build phase is denoted by Tcm. After the matrix is built, the algorithm
will change all the genes (j) of some i individuals of the population. If we consider 7m the time
to change one gene, in the CAM phase we denote j x Tm the time to change all the genes of an
individual. The computational cost Cc of the CAM phase in comparison with standard mutation can
be given by (Eq. 8):

Cc=Gn[Tem+ (i x j x Tm)] (8)

ADX and CAM add more computational cost for the overall performance of the GA, meaning that
the algorithm will take more time and processing to finish execution compared with other crossovers
(SBX and ARX) and standard mutation operators.

5. CEC’2015 Benchmark Problems

For benchmark problems, the GA tested the problems proposed in the Competition of Single-
Objective Computationally Expensive Numerical Optimization of 2015 IEEE Congress on
Evolutionary Computation (CEC’2015).% It consists of 15 optimization functions (F1-15) that are
separated by the following category:

Unimodal functions: F1, F2

Simple multimodal functions: F3-F5
Hybrid functions: F6-F8
Composition functions: F9-F15

The proposed GA (ADX+CAM) results of the 15 optimization functions are presented in Tables II
and IIT; according to ref. [30], the GA used 500 function evaluations (Fes) for 10D and 1500 for
30D, where D is the dimension of the solution matrix. Each value of the matrix is initially assigned
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Table II. Results of CEC’2015 benchmark functions for 10D.

10D Function Best Worst Median Mean Std. Dev.
Unimodal Fl 1.16E4+09 7.80E+09 4.78E+09 4.63E+09 1.98E+09
F2 1.73E4-04 1.48E4-05 6.03E+04 7.19E+04 3.43E4-04

Simple multimodal F3 3.08E+02 3.13E402 3.11E+02 3.11E+02 1.66E4-00
F4 1.37E+403 2.75E+03 1.95E+03 1.97E+03 3.70E+02

F5 5.01E402 5.04E402 5.03E4-02 5.03E+02 9.00E—-01

F6 6.01E+02 6.04E+02 6.03E4+02 6.03E4+02 7.57E—01

F7 7.05E+02 7.38E+02 7.24E+02 7.23E+02 9.20E+00

F8 8.81E+02 5.45E404 4.34E+03 1.42E4-04 1.74E4-04

F9 9.03E+4-02 9.05E+02 9.04E+02 9.04E+02 3.07E—01

Hybrid FI10 4 49E+04 1.71E+07 1.16E+06 2.21E+06 3.80E+06
Fl1 1.11E4+03 1.17E4+03 1.12E4-03 1.13E+03 1.90E+01

FI2 1.27E+03 2.76E+03 1.56E+03 1.60E+03 2.97E+02

Composition Fi3 1.65E+03 2.25E+03 1.73E+03 1.83E+03 1.92E402
Fl4 1.60E4+03 1.64E+03 1.61E403 1.62E4-03 1.16E401

FIl5 1.92E+03 2.17E+03 2.02E+03 2.02E+03 7.83E+01

Table III. Results of CEC’2015 benchmark functions for 30D.

30D Function Best Worst Median Mean Std. Dev.
Unimodal F1 1.68E+410 3.28E+10 2.22E+10 2.31E4+10 4.21E4+09
F2 7.02E+04 4.64E+05 1.90E+05 2.10E+05 9.65E+04

Simple multimodal F3 3.31E402 3.48E+02 3.39E+02 3.39E+02 3.93E4-00
F4 4.23E4+03 6.60E+4-03 5.29E+4-03 5.40E+03 6.31E4-02

F5 5.02E+02 5.06E+02 5.04E+02 5.04E+02 9.67E—01

F6 6.03E4-02 6.04E4-02 6.04E4+02 6.04E+402 3.64E—01

F7 7.24E4-02 7.73E402 7.41E402 7.42E+402 1.22E401

F8 1.02E+04 2.14E+06 2.62E+05 3.84E+05 4.74E+05

F9 9.13E+02 9.14E+02 9.14E+02 9.14E+02 2.17E—-01

Hybrid F10 4.54E+06 1.66E+4-08 2.00E+4-07 3.36E+4-07 4.22E+07
F11 1.14E+403 1.37E+03 1.21E+03 1.22E+03 6.76E+01

FI2 1.81E4+03 3.42E403 2.40E+03 2.44E+03 4.58E+02

Composition FI3 1.65E4-03 2.25E403 1.73E4-03 1.83E4-03 1.92E4-02
Fi4 1.60E+03 1.64E+03 1.61E+03 1.62E+03 1.16E+01

FI5 1.92E4+03 2.17E403 2.02E403 2.02E4+03 7.83E4+01

by a random number between [-100, 100]. For 10D tests, we used a population with five individu-
als through 100 generations; for 30D tests, the parameters were increased to six individuals in the
population with 250 generations. Only one individual is passed through generations by elitism, and
tournament operator was used for the selection method. The weights of ADX and CAM coefficient
precision were empirically set to 0.01.

The following tables compare the mean results of best algorithms®® submitted by participants of
the CEC’2015 benchmark optimization competition. Best results are highlighted in bold.

Table IV shows the results for F1 and F2 unimodal functions; the proposed GA (ADX+CAM)
achieved better results than humanCog on F1 (30D) and F2 (10D).

In the simple multimodal category (Table V), for the F4 problem, ADX+CAM obtained better
performance than humanCog in 10D and achieved the best performance in 30D, falling behind only
for MVMO. Also, the proposed algorithm got better result in F8 (30D) than the humanCog. For F3,
F5, F6, F7, F8 (10D) and F9 problems, the ADX+CAM showed worse performance compared with
other contestants.

For hybrid and composite functions in Tables VI and VII, the ADX+CAM only got better result in
F10 (30D) than the humanCog. For all other functions, the proposed method failed to keep up with
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Table IV. Results of unimodal functions means comparison.

Unimodal functions

F1 F2
10D 30D 10D 30D

MVMO?! 1.93E+02 2.09E+03 1.68E—02 6.93E—03
Tuned CMAES3? 1.17E+06 1.52E406 4.78E+04 1.44E+405
CMAS-ES_QR?* 4.43E+06 8.50E+05 2.58E+04 9.17E+04
iSRPSO3? 7.40E+06 7.19E+08 3.19E+04 7.67E+04
humanCog** 3.27E4+09 4.74E+10 7.80E+04 1.13E405
ADX+CAM 4.63E+09 2.31E+10 7.19E+04 2.10E+05

Table V. Results of simple multimodal functions means comparison.

Simple multimodal functions

F3 F4 F5
10D 30D 10D 30D 10D 30D
MVMO?3! 9.40E+00 3.79E+01 4.65E+02 1.43E+03 1.13E+00 1.68E+00
TunedCMAES>2 7.62E+00 2.43E+01 1.34E403 6.11E+03 2.77E+00 3.13E+00
CMAS-ES_QR30 2.79E+00 1.15E+01 1.73E+03 6.68E+03 3.20E+00 4.55B+00
iSRPSO33 6.60E-+00 2.57E+01 9.25E+02 5.41E+03 2.46E+00 4.24E+00
humanCog>* 1.12E+01 4.13B401 2.09E+03 7.99E+03 2.82E+00 4.39E400
ADX+CAM 3.11E+02 3.39E+02 1.97E+03 5.40E+03 5.03E+02 5.04E4-02
F6 F7 F$ F9
10D 30D 10D 30D 10D 30D 10D 30D
MVMO3! 326E—01 5.20E—01 637E—01 4.39E—01 4.14E+01 4.03E+02 4.01E+00 1.34E+01

TunedCMAES32  6.00E—01 7.16E-01 631E—01 7.28E—01 3.68E+01 2.84E+01 4.17E+00 1.39E+01
CMAS—ES_QR30 4.17E—01 7.28E—01 5.52E—01 7.47E—01 4.68E+00 1.74E+01 3.96E+00 1.34E401

iSRPSO33 529E-01 6.35E—01 5.71E-01 5.68E—01 5.03E400 6.26E4+02 3.95E+00 1.36E+01
humanCog34 3.63E400 S5.03E400 2.74E+01 8.86E+01 7.77E403 5.24E4+06 4.16E+00 1.39E+01
ADX+CAM 6.03E+02 6.04E402 7.23E+02 7.42E4+02 142E+04 3.84E4+05 9.04E+02 9.14E402

Table VI. Results of hybrid functions means comparison.

Hybrid functions
F10 F11 F12
10D 30D 10D 30D 10D 30D
MVMO?! 4.97E+02 9.29E+04 1.17E401 1.43E+02 2.00E+02 8.60E+02

Tuned CMAES?? 5.38E+05 4.89E+06 7.45E+00 2.11E+01 2.39E+02 7.66E+02
CMAS-ES_QR™ 2.25E405 3.25E+06 7.63E4-00 2.46E+01 2.35E4+02  6.27E+02

iSRPSO** 3.53E4+05  6.83E+06  7.26E4+00  5.09E+01  1.82E4+02  7.36E+02
humanCog** 1.I9E406  5.60E+07  2.16E+01 2.76E4+02  3.08E+02 1.60E4-03
ADX+CAM 221E+06  3.36E+07  1.13E+03 1.22E+03 1.60E+03  2.44E+03

other algorithms; it is noticeable that in the composite functions, the algorithm stuck in local optima.
That happened because of the very limited function evaluation limit, where CAM could not increase
well the average diversity of the GA population.

To check the diversity effect of CAM on the GA population, we mapped population crowding
based on the first two genes (x/ and x2) of F1 (30D) and F14 (30D) during the generations of ADX

https://doi.org/10.1017/5026357471900016X Published online by Cambridge University Press


https://doi.org/10.1017/S026357471900016X

1604 CAM-ADX: A new genetic algorithm

Table VII. Results of composite functions means comparison.

Composite functions
F13 F14 F15
10D 30D 10D 30D 10D 30D

MVMO?3! 3.16E+02 3.44E+02 2.06E402 2.76E+02 4.76E+02 1.19E+03
TunedCMAES™2 3.47E4+02 4.15E+02 2.05E+02 2.47E+02 4.42E+02 8.01E4+02
CMAS-ES_QR¥ 3.26E4+02 3.80E+02 1.97E4+02  2.35E402  3.79E+02  4.90E+02

iSRPSO™ 3.31E+02 4.00E+02 2.01E402 2.65E402  3.00E4+02  9.51E+02
humanCog** 4.33E402 8.35E4+02 2.15E+02 3.94E+02 4.74E+02 1.49E403
ADX+CAM 1.83E4+03 1.83E4+03 1.62E4+03 1.62E4+03 2.02E+03 2.02E4+03

and ARX crossovers. For both problems in Figs. 6 and 7, the scatter plots on top of the figures uses
CAM; they present a more spread-out population than the bottom plots (without CAM) as the GA
generations advance. It means that the GA was more successful in search space exploration when
used with CAM. Comparing only the crossover operators without the use of CAM (bottom plots),
ADX shows more exploration potential than ARX.

6. Robotic Inverse Kinematic Problem Analysis

Inverse kinematics (IK) have become a fundamental topic of research in robotic manipulators. Many
of the IK problems have highly complex, nonlinear, coupled, and multiple solutions. There are
many works on point-to-point trajectory generation of redundant and non-redundant manipulators, or
continuous motion planning of redundant manipulators, whereas non-redundant manipulators with
continuous path planning have received little attention among the research community.*>3¢ To ana-
lyze the GA (ADX+CAM) proposed in this paper, we compare with the GA proposed by ref. [35],
applying the algorithm on a continuous path planning of manipulators.

6.1. Path planning problem formulation

Consider a robot with M degrees of freedom and N task space coordinates, and a given desired path
Pdc. The objective is to find a generated path Pgc where the accumulative deviation between Pdc
and Pgc is minimum. Nk are the number of joints i (sampling points) that specify the accuracy of
the desired path, and it is specified by the programmer. Pdc and Pgc are matrices of N by Nk where
Pgc is calculated from a matrix Pg of M by Nk dimension, composed of feasible angles generated
by the GA.

The deviation E(i) at some point i is given by (Eq. 9):

E)=Y"" |Pdc (ki) Pgc(k i 9
()= |Pdck, i)~ Pgc(k, i) ©)
The cumulative deviation (fitness function) between the two paths (desired and generated) is given
by (Eq. 10):
Nk N
E=Y) Y. |Pdc(k i) —Pgc(k, i) (10)
The desired path (Pdc) for this problem with 20 joints (Nk = 20) is given by (Eq. 11) and shown
in Fig. 8:
Pdc(1, i) = Xdec(i) = Xigia + S50 5 (i — 1)
Pdc(2,i) =Ydc(i) =0.25
Xinitial = 05 Xfinat = 0.25 (11)
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Fig. 8. Desired path (Pdc).

The kinematic models of the manipulator that will generate Pgc is given by (Eq. 12):

M J
Xgc(i) = Z (Lj X cos|:2 Gk,l-:|)
1 k=1

Jj=

Yec(i) = Z]A:l (L,- x sin[gzl ek,i]) (12)

The parameters of 3R planar redundant manipulator are given as: L1=02=13=0.5;N=2; M =3;
—180<6(h) <180forh=1,2,3; Nk =20; 1 <i<Nk.

6.2. 3R redundant manipulator problem results

We conducted 120 executions for this experiment, 20 for each crossover operator (ADX, SBX, and
ARX) with CAM and 20 for each without CAM. For this IK problem, we applied separated GA
subroutines on each column i of the Pgmatrix, and the fitness function for each subroutine is the
minimum deviation with the corresponding joint i. By splitting into smaller parts, the total popula-
tion and generation was also divided between two joints, where all point i received 20 individuals
and performed for 25 generations. Same parameters for population and generations are used from
ref. [35].

The ADX crossover achieved best results compared with SBX and ARX; the cumulative deviation
of ADX was <0.005, meaning that the generated path stayed on top or very close to the desired
path (Pdc), shown in Fig. 9. CAM did not significantly improve the results for the GA using ADX,
whereas compared with SBX configurations, Pgc was better when using CAM (Fig. 10), but the
overall result for the SBX variation was worse than the other two crossovers. The ARX operator
missed some joint points of Pdc, but the CAM helped creating a Pgc with better deviation than ARX
only at some joint points (Fig. 11). Table VIII shows the best configuration found for this problem
(found by ADX+CAM).

The fitness curves for all configurations achieved faster convergence when using CAM, especially
for SBX and ARX; CAM improved the fitness values, providing fitness results closer to the optimum
(E =0) shown in Fig. 12.

IKs are well known in robotic optimization community; ADX+CAM proved to perform well for
this problem compared with other crossovers, also reaching same result as ref. [35].

7. Engineering Optimization Problems
To perform the tests, five engineering problems were selected®* 37 due to their widespread use in
the literature and for having characteristics of multi-objective functions with various constraints.

7.1. Design of pressure vessel (DPV)

DPV? concerns the problem of minimizing the total cost of function f(x), including the costs of
materials, forming, and welding of a cylindrical vessel capped at both extremities by hemispherical
heads (Eq. 13). It has constraints in the variables: (7, x) is the thickness of the shell; (75, x) is the
thickness of the head; (R, x3) is the internal radius; (L, x4) is the length of the cylindrical section of
the vessel. The problem has four constraints g; 4.
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Table VIII. Best solution to the 3R manipulator.

Nk(joint) PO (M =3) Pgc (N =2)
1}1 172 1}3 ch ch

1 84.58663755 99.2398954 150.7892837 1.17E—-05 0.250059139
2 85.61922796 103.086221 151.0746065 0.013138846 0.250049375
3 114.2616067 132.2130647 143.8781706 0.026435948 0.250059401
4 81.46650331 104.7391331 151.4081549 0.039442494 0.249992152
5 48.00699685 83.21534443 144.2344777 0.052576298 0.249958196
6 66.4017937 94.96775851 151.2184117 0.064721446 0.249799461
7 121.7339008 143.5690452 134.9242755 0.077813525 0.249839475
8 57.47721288 90.89468502 151.5295011 0.092337034 0.250348353
9 96.8534707 134.163299 145.5164409 0.105115727 0.250047758
10 8.398956245 80.9428497 130.9056913 0.118750851 0.249954193
11 64.44954803 105.4543423 154.8189469 0.131579235 0.249986724
12 58.51153224 100.1570313 155.5557187 0.144152013 0.249946299
13 177.5308716 155.7420472 91.77804148 0.157949669 0.250011596
14 48.37411046 90.83852409 156.5627239 0.170984385 0.250122902
15 101.0230329 149.9188693 136.6626152 0.184218357 0.24986417
16 95.30811879 149.5333462 139.3261017 0.197357989 0.249991647
17 89.47678319 148.8711804 142.2115573 0.210340186 0.249943925
18 73.14986278 139.8545406 152.0173438 0.223701118 0.249948287
19 69.90537288 139.8235808 153.524534 0.236789409 0.249991239
20 122.7452598 162.3170825 113.5803746 0.250010064 0.249951106
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Fig. 11. ARX performed better than SBX, but worse than ADX. The crossover missed some joints. CAM was
not able to improve the results on some cases (joints 18, 17 for Ygc and 3.17 for Xgc).
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Fig. 12. Fitness curves for each crossover; the left side are configurations that also used CAM. SBX and ARX
(middle and bottom rows, respectively) showed better optimum compared with configurations that did not use
the correlation adjustment method (right side).

There are two variants for this problem. In the first one (DPV1),? x4 goes from 10 to 240, and in
the second one (DPV2),* assume x4 between 10 and 200.

Minimize f(x) = 0.6224xx3xs + 1.7781x2x3 + 3.1661x3x4 + 19.84x7x3
s.t.g1(x) = —x1 +0.0193x3 <0
g2(x) = —x 4+ 0.00954x3 <0
g3(x) = —x3xy — 373 + 1296000 < 0
g4(x) =x4—240<0
1 x 0.0625 <xy, x2 <99 x 0.0625; 10 <x3 <200;

10 <x4 <240 (DPV1) or200(DPV2) (13)
7.2. Welded beam design (WBD)
For the WBD problem [3], the goal is to minimize function f(x) with some constraints on the vari-

ables: (H, x;) is the thickness of the weld; (¢, x,) is the width of the beam; (b, x3) is the thickness
of the beam; (I, x4) is the length of the welded joint. The problem should obey the seven constraints

g1-7 (Eq. 14).
The WBD problem also has two variants, WBD1 and WBD?2, where WBD1? has seven restrictions

and WBD2* has six.
Minimize f(x) = 1.1047 1x}x; + 0.04811x3x4(14 + x2)
5.£.81(X) =T(X) — Tax <0

gZ(x) = CT(X) — Omax = 0
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g3(x) =x; —x4 <0
g4(x)=0.125—x; <0
gs(x)=68(x) —0.25<0
g6(x)=P—P:(x) <0

— 2 X2 2. __P . _ MR
1'()c)_\/1:1 +21:1‘52(2R)—|—1:2,rl_ﬁxm,rz_ 7

2
m=p (Lt 3) 0 =255+ (4327
2 2
RS+ (252 o = 2

3 .
50 = P = — 5 (1= 3/ £)

G=12x 10% E=30 x 10°; P =6000; L= 14

01<x<2;01<x<10;01<x3<10;0.1<x4 <2 (14)

7.3. Minimize weight tension/compression on a spring (MWTCS)
In MWTCS,? the idea is to minimize the weight of tension/compression f(x) on a spring, while
obeying four constraints g4, where (d, x;) is the wire diameter, (D, x,) is the mean coil diameter,

and (P, x3) is the number of active spools (Eq. 15).

Minimize f(x) = (x3 + 2)x2x7

Lg(=1- 22 <0
SLE1N) =17 377850 =

4x§—x1xz 1
— — 1<
82(%) 12566 (x26,—x") + 5108x 1=0

g3(x)=1- 140 <0

X5X3
ga() =52 —1<0
0.05<x<2;025<x<13;2<x3<15 (15)

7.4. Speed reducer design (SRD)
The SRD*® aims at minimizing f(x) to design a speed reducer with 11 constraints g,_;, where x is

the width of the face, x; is the tooth model, x3 is the number of teeth in the pinion, x4 is the length
of the first shaft between the bearings, xs is the length of the second shaft between the bearings, x¢ is
the diameter of first shaft, and x; is the diameter of second shaft (Eq. 16).

Minimize f(x) = 0.7854x,x3 (3.333x3 + 14.9334x3 — 43.0934)
— 1.508x; (xg +x3) + 7.4777(xg +x3) + 0.78054 (x4x5 + x5x7)

27
st.g(x)=—5——1=<0
X1X5X3

7.
39 5_1<0

&) =—> <
X1X53X3

1.93x3
g3(x) = ;‘ —-1<0
X2X3Xg
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1.93x3
xzzgx%

1<0

84(x) =

2
gs(x) = 11%))(;\/(7522?) +169x106—-1<0

2
86 = g3 (750"5) +157.5x105—1<0

X2X3
g1(x) =53 —1<0

g =22 -1<0

X1

8o(x) = T2, 1S 0
g0 = 1.5)6(;1-1.9 —1<0
g =2 —1<0
26<x1<3.6;0.7<x<08;17<x3<28;73<x4<8.3
73<x5<83;29<x<39;5<x;<55 (16)

7.5. Three-bar truss (TBT)
The TBT*' problem aims to minimize f(x), with two continuous variables and three restrictions g;_3
as follows (Eq. 17):

Minimize f (x) = (2¢/2x1 +x2) x [

= Y2u+n p_
s.t.gl(x)—\/jxf-o-Zx;)CzP o=0

gZ(x):ﬁ P—0<0

x
xf+2x|xz
— 1 _
g3(X)_X1+~/§X2P GSO
O§x151;O§x2§1;l=100;P=2KN/cm2;a=2KN/cm (17)

7.6. Design of gear train (DGT)
This is a minimization unconstrained problem with four integer variables; it aims to minimize the
gear ratio cost according to Eq. (18) [ref. 4].

o« . . 1 XIXZ 2
M ~\6.931  x3x
1n1mlzef(x) <6.931 x3X4)

12 <x1, X2, X3, X4 < 60; x; € Z*+ (18)

8. Analysis of Diversity and Results Obtained for Engineering Optimization Problems

Using CAM together with crossover ADX, we can obtain a population with a balanced level of
diversity, enabling a broader sweep of the search space while performing local searches to enhance
the results.

Diversity calculation, standard population diversity (SPD), describes the level of variation in a
certain population. Through an analysis of the Euclidean distance of each individual in the GA in
relation to a mean result of the population in the search space, it is possible to infer a certain diversity
level. Greater diversity implies a greater variability of the population.!'®!7

First, the overall mean value for each gene comprising an individual is calculated. Next, the sum
of the Euclidean distance of each individual to the general mean is calculated.

Consider a population with P individuals (G, Ga, ..., G,), given that each individual G has N
genes, and thus G; = (G; 1, G2, . . ., Gi ). The general mean for each gene N is (Eq. 19):

1 P
Gy =52, Giv (19)
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Next, the sum of the Euclidean distance of each gene N from individual i in relation to the general
mean Gy/° is calculated by (Eq. 20):

N
SPD, = \/ anl (Gin — Gu)’ (20)

As SPD; may have highly varied values depending on the type and size of the problem optimized
by the GA, we apply normalization by calculating the standard deviation for each gene N in relation
to population P in (Eq. 21):

1 P
o (Gy°) = \/ 52, (G =Gy’ 21)

Lastly, we calculate the coefficient of variation C, of the population in relation to the average
individual G**. This coefficient indicates the variability of the population in each generation of the
GA (Eq. 22):

1w [o(Gee
SPD=C(G") =5 ) ((G—’)> (22)
J

To perform the tests, we applied three different types of crossover to the problems described above:
one-cut point simulated binary crossover (SBX),!° arithmetic crossover (ARX),'® and adjusted
crossover (ADX). For each crossover, the GA was executed 40 times, 20 with the CAM phase and
20 without.

The population used in each execution was randomly generated for the tests with and without
CAM with 50 individuals with 500 generations. We chose the coefficient « = 0.05 empirically for
ADX and ¢ = 0.01 for CAM. For the selection operator, we used the standard tournament selection
and 5% of the population as elitism. The CAM phase replaced the mutation operator. For non-CAM
tests, the mutation has a 1% chance to change the gene of some individuals by some random gen-
erated number between the gene value from the worst individual and the gene value from the best
individual. Stopping criteria of the algorithm was set to 500 generations or the order of relative error
equal to 10~°. The maximum function evaluation on each execution is around ~ 30,000.

When an individual i breaks a restriction, the penalty function P(i) adds value to the current
individual fitness Fit(i) [refs. 41,42]. The new fitness NFit(i) will be calculated according to the
following (Eq. 23):

NFit(i) = Fit(i) + P(i) (23)
where P(i) is denoted by (Eq. 24):
P(i) =bf x nr (24)

e bf is the fitness of the best individual of the generation
e nr is the number of restrictions that the current individual i broke

8.1. Design of pressure vessel

Figure 13 shows that in the DPV1 problem, all the configurations with CAM proved to have a stable
high diversity level during all the executions of the algorithm, showing uniform distribution of the
population in the search space for three different types of crossover. Without the CAM algorithm,
the diversity of the population varied less, leading to worst fitness results for three different types of
crossover (Table IX).

Values in Table IX show the mean SPD for each configuration. Configurations using CAM
achieved better performance in search space exploration. High SPD mean values denote that the
algorithm explored well the search space (exploration potential), avoiding local optima. It is impor-
tant to be reminded that exploration potential alone does not mean that the algorithm achieved better
fitness results.
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1614 CAM-ADX: A new genetic algorithm
Table IX. Mean SPD levels for the configurations tested for DPV1.

Crossover CAM SPD mean

ADX Yes 0.046783466
SBX Yes 0.018913272
ARX Yes 0.013920248
ADX No 0.019719356
SBX No 0.008308606
ARX No 0.008320074
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Fig. 13. Diversity plots with DPV1 configurations with (left plots) and without (right plots) CAM; with CAM
algorithm, the diversity of the population varied better than without the CAM phase for all the crossovers tested.

Analyzing the best results for DPV1, ADX+CAM achieved the best and most reliable results of
all the configurations, seen in Table X. Figure 14 shows the convergence plot of each configuration;
the black dotted line shows the standard deviation limit in relation to mean fitness.

For the DPV2 variant, the diversity of ADX showed more variability in comparison with other
crossover operators. SPD levels of ADX achieved 0.253794 with CAM and 0.016853 without. The
population of SBX and ARX for both configurations had less variations, meaning that they probably
have stuck in local optima as shown in Fig. 15. Table XI shows the SPD values of each configura-
tion; ADX obtained better SPD values in comparison to other crossovers, showing better exploration
potential.

Applying CAM, all crossovers obtained better results, but ADX+CAM achieved the best result of
all the configurations as shown in Table XII and Fig. 16.

To confirm the results for both variants of the DPV problem, the p-values < 0.057-43 in Tables XIII
and XIV show that one of the configurations in each pair of the table will always get better results,
assuming the same number of population size and generations.

8.2. Welded beam design

In the WBDI1 problem, the population of three configurations using CAM had better variabil-
ity in all generations; ADX achieved higher SPD mean (0.111847917), followed by ARX =
0.0171753 and SBX = 0.014271732. In comparison with configurations without CAM, the obtained
SPD mean with CAM are better. SBX and ARX had lower variability (SBX = 0.007802155 and
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Table X. Mean results with standard deviations and best results obtained for three types of crossover for the DPV1 problem with and without CAM.

Crossover CAM Mean fitness Std. Dev. Best fitness X1 X2 X3 X4

ADX Yes 5804.376773 0.001511001 5804.376257 0.727590953 0.359648586 37.69901308 239.9999799
SBX Yes 5820.066814 49.92834938 5804.376291 0.727590943 0.359648587 37.69901234 239.9999925
ARX Yes 6074.118786 216.3093363 5804.376473 0.727590989 0.359648607 37.69901408 239.9999645
ADX No 8895.457332 3795.00936 5831.165675 0.738372148 0.365271179 38.25116869 231.397417
SBX No 13248.75369 3178.245363 7498.185704 1.125 0.5 51.40280072 96.46087191
ARX No 16819.61528 3825.898879 9877.200681 1.031608158 0.988299592 46.41165417 154.1187151

ADX and SBX with CAM achieved the best and most reliable results of all the configurations without violating constraints. In the configuration without CAM, ADX achieved the best result.
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1616 CAM-ADX: A new genetic algorithm
Table XI. Mean SPD levels for the configurations tested for DPV2.
Crossover CAM SPD mean
ADX Yes 0.253794
SBX Yes 0.012102
ARX Yes 0.012865
ADX No 0.016853
SBX No 0.015105
ARX No 0.010446
DPV1 Convergence with CAM (Mean of 20 executions) DPV1 Cenvergence without CAM (Mean of 20 executions)
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Fig. 14. Convergence graph obtained for the DPV1 problem with three types of crossover. The graph on the left
used CAM, while the graph on the right did not. ADX obtained better results and faster convergence.
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Fig. 15. Diversity plots with DPV2 configurations with (left plots) and without (right plots) CAM; with CAM
algorithm, the diversity of the population varied better than without the CAM phase for all the crossovers tested.
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Table XII. Mean results with standard deviations and best results obtained for three types of crossover for the DPV2 problem with and without CAM.

Crossover CAM Mean fitness Std. Dev. Best fitness X1 X2 X3 X4
ADX Yes 5885.333195 0.000136126 5885.332966 0.77816872 0.384649211 40.3196226 199.999946
SBX Yes 5912.699038 67.6716489 5885.332866 0.778168661 0.384649169 40.31961926 199.9999927
ARX Yes 6240.630536 251.6894027 5885.333039 0.778168702 0.384649184 40.31962048 199.9999756
ADX No 7148.721563 1345.430944 5899.012929 0.78587434 0.388584768 40.71887648 194.515903
SBX No 12632.48067 3354.446078 7674.682181 0.928420318 0.674013419 41.66909929 182.0824132
ARX No 14892.40824 3700.728735 7496.664921 1.05512907 0.418332934 43.5389206 159.5691149

ADX+ CAM obtained the best and most reliable results of all the configurations without violating constraints.
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1618 CAM-ADX: A new genetic algorithm
Table XIII. Friedman test ( p-values) with all the configurations for DPV1.

ADXw/CAM SBXw/CAM ARXw/ CAM ADX w/o CAM SBX w/o CAM

SBX w/ CAM 6.62E—06 NA NA NA NA
ARX w/ CAM 1.99E—-23 4.10E—13 NA NA NA
ADX w/o CAM 3.46E-32 8.39E—-23 1.72E-05 NA NA
SBX w/o CAM 1.35E—44 3.31E-37 1.72E-21 8.74E—12 NA
ARX w/o CAM 3.34E-50 1.07E—43 7.97E-30 71.27E-21 3.18E—-05

Table XIV. Friedman test ( p-values) with all the configurations for DPV2.

ADX w/CAM SBXw/CAM ARXw/ CAM ADXw/o CAM SBX w/o CAM

SBX w/ CAM 0.032039571 NA NA NA NA
ARX w/ CAM 1.33E—17 4.85E—13 NA NA NA
ADX w/o CAM 3.06E—26 5.79E-22 0.000101978 NA NA
SBX w/o CAM 5.70E—40 1.31E-36 9.74E-21 8.08E—12 NA
ARX w/o CAM 8.17E—45 8.84E—42 2.18E-27 7.52E—19 0.001852786
DPV2 Convergence with CAM (Mean of 20 executions) DPV2 Convergence without CAM (Mean of 20 executions)
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Fig. 16. Convergence graph obtained for the DPV2 problem with three types of crossover. The graph on the left
used CAM, while the graph on the right did not. ADX obtained better results in relation to SBX and ARX.

ARX =0.006849786), indicating high probability of trapping in local optima. Table XV shows higher
SPD values with CAM for all configurations, indicating increased exploration potential, and Fig. 17
shows the variability of the population during the execution of GA.

For the WBDI1 problem, CAM+ADX obtained the best result, with a major difference in relation
to SBX and ARX shown in Table XVI and Fig. 18. Without CAM, ADX showed superior results
compared with SBX and ARX.

The Friedman test for the WBD1 problem shows that ARX and SBX obtained similar behavior
with and without CAM ( p-value >0.05), while ADX showed better performance (Table X VII).

The diversity levels for the WBD2 problem show better variability using the CAM algorithm for
ADX (Table XVIII). ADX without CAM achieved higher SPD (0.079875934) of all configurations.
The variability of the population during the generations is shown in Fig. 19.

For the WBD2 variant, ADX+CAM obtained the best results, confidence interval, and faster con-
vergence in comparison with other crossover operators (Table XIX) (Fig. 20). The CAM algorithm
for SBX and ARX proved to be irrelevant according to p = 0.197547421 shown in Table XX.
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Table XV. Mean SPD levels for the configurations tested for WBD1.

Crossover CAM SPD mean

ADX Yes 0.111847917
SBX Yes 0.014271732
ARX Yes 0.0171753

ADX No 0.074437229
SBX No 0.007802155
ARX No 0.006849786
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Fig. 17. Diversity plots with WBDI1 configurations with (left plots) and without (right plots) CAM.

According to the Friedman test, ADX without CAM showed similar mean and results compared
with SBX+CAM and ARX+CAM (p-value >0.05). Considering configurations with CAM, ARX
had the same behavior as SBX also.

8.3. Minimize weight of tension/compression of a spring

In the MWTCS problem, all the crossovers obtained better SPD levels using CAM, achieving better
variability in the population; ADX+CAM obtained higher SPD mean (1.667126838), followed by
ARX+CAM (0.020345447) and SBX+CAM (0.008153023). ADX also achieved better SPD mean
without the CAM algorithm as shown in Table XXI. Around generation 330, the SPD levels were
higher on ADX+CAM, which happened because the population of the algorithm may have moderate
number of infeasible individuals leading to very high fitness values due to the penalty function. The
SPD variability throughout the generations can be observed in Fig. 21.

Comparing the best results obtained for MWTCS, as depicted in Table XXII, ADX+CAM
obtained the best results (best fitness = 0.012665402) and better reliability (standard deviation
= 2,06789E-07) in relation to SBX and ARX. All the crossovers achieved better results in less
generations using CAM; the convergence curve of the MWTCS can be seen in Fig. 22.

The Friedman test shows that all the configurations were not similar to each other, thus confirming
that ADX+CAM excels in the results (Table XXIII).
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Table XVI. Mean results with standard deviations and the best results obtained for three types of crossover for the WBD problem with and without CAM.

Crossover CAM Mean fitness Std. Dev. Best fitness X1 X2 X3 X4

ADX Yes 2.381194898 0.000385388 2.38095734 0.244369095 6.217518027 8.291469027 0.244369124
SBX Yes 2.573268148 0.189580495 2.390155897 0.243032341 6.078524799 8.491649257 0.243032779
ARX Yes 2.540674969 0.229413567 2.381100828 0.244394728 6.216614302 8.291463407 0.24439473
ADX No 2.477468347 0.169429462 2.380957299 0.244368865 6.217508198 8.291487671 0.244368865
SBX No 4.233806903 0.867359629 2.996406072 0.337323901 5.667306346 7.026241366 0.343554324
ARX No 4.241610503 0.741616166 3.226136684 0.351477463 4.753536657 6.876162573 0.415450468
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CAM-ADX: A new genetic algorithm 1621
Table XVII. Friedman test ( p-values) with all the configurations for WBD1.

ADXw/CAM SBXw/ CAM ARXw/ CAM ADXw/o CAM SBX w/o CAM

SBX w/ CAM 3.12E-20 NA NA NA NA
ARX w/ CAM 4.11E—16 0.089105763 NA NA NA
ADX w/o CAM 1.14E—-06 7.72E—09 3.17E-05 NA NA
SBX w/o CAM 1.45E—41 3.12E—-20 2.79E—-24 7.62E—33 NA
ARX w/o CAM 1.45E—41 3.12E-20 2.79E—-24 7.62E—33 1

Table XVIIL. Mean SPD levels for the configurations tested for WBD2.

Crossover CAM SPD mean

ADX Yes 0.071542207
SBX Yes 0.013876906
ARX Yes 0.01669136

ADX No 0.079875934
SBX No 0.010430594
ARX No 0.011155671

WBD1 Convergence with CAM (Mean of 20 executions) WEBD1 Convergence without CAM (Mean of 20 executions)

Best Fitness Mean
Best Fitness Mean
.

0 100 200 300 400 500 0 100 200 300 400 500
Generations Generations
Crossover — ARX SBX — ADX Crossover — ARX SBX — ADX

Fig. 18. Convergence graph obtained for the WBD1 problem with three types of crossover. The graph on the
left used CAM, while the graph on the right did not. ADX obtained better results in relation to SBX and ARX.

8.4. Speed reducer design

For the SRD problem, Table XXIV shows that the ADX crossover obtained better SPD values using
CAM, leading to a better chance of avoiding local optima. Both SBX and ARX did not achieve
satisfactory results for SPD mean even when using CAM (nearly zero), showing that the population
probably stuck in a local optimum. Figure 23 shows the SPD levels of the population during the
execution of GA.

In the SRD problem, ADX+CAM achieved the best results (best fitness = 2894.382347), with
better reliability (standard deviation = 0.00123656) as shown in Table XXV. Without the use of
CAM, it was very likely that SBX and ARX became stuck in local optima as shown in the right plot
(see Fig. 24).

The Friedman test in Table XX VI shows that SBX and ARX with CAM showed similar results
(p-value >0.05).
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Table XIX. Mean results with standard deviations and the best results obtained for three types of crossover for the WBD2 problem with and without CAM.

Crossover CAM Mean fitness Std. Dev. Best fitness X1 X2 X3 X4

ADX Yes 1.695264346 5.26477E-05 1.695247207 0.205729633 3.253120167 9.036624068 0.205729641
SBX Yes 1.847086425 0.184058862 1.698384005 0.205575207 3.247453715 9.067656663 0.205575319
ARX Yes 1.812662126 0.106905684 1.696550871 0.206090135 3.248859826 9.028716833 0.206090142
ADX No 1.79672566 0.118298108 1.69525163 0.205730867 3.253105548 9.036596843 0.205730873
SBX No 2.36868628 0.272667791 1.86184256 0.213648108 3.29484441 8.738486184 0.233217299
ARX No 2.22187678 0.27141054 1.785544788 0.201140668 3.282486118 9.266044486 0.212715924

ADX+CAM achieved the best results without restriction violation.
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Table XX. Friedman test ( p-values) with all the configurations for WBD?2.

ADX w/ CAM SBX w/ CAM

ARX w/CAM ADX w/o CAM SBX w/o CAM

SBX w/ CAM 3.57E-20 NA
ARX w/ CAM 1.90E—16 0.197547421
ADX w/o CAM 4.94E—18 0.580611184
SBX w/o CAM 1.32E—41 3.57E-20
ARX w/o CAM 3.54E-37 2.53E—14

NA NA NA

NA NA NA

0.580611184 NA NA

6.88E—24 2.55E-22 NA
4.94E—18 1.90E—16 0.017266559
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Fig. 19. Diversity plots with WBD?2 configurations with (left plots) and without (right plots) CAM.
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Fig. 20. Convergence graph obtained for the WBD2 problem with three types of crossover. The graph on the
left used CAM, while the graph on the right did not. ADX obtained better results and confidence interval in

relation to SBX and ARX.
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Table XXI. Mean SPD levels for the configurations tested for MWTCS.

Crossover CAM SPD mean

ADX Yes 1.667126838
SBX Yes 0.008153023
ARX Yes 0.020345447
ADX No 0.622638332
SBX No 0.005587842
ARX No 0.004934748
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Fig. 21. SPD for each configuration used in MWTCS. The graphs in red (ADX) achieved the best SPDs in
relation to other crossover methods (SBX and ARX).

8.5. Three-bar truss
For the population diversity of TBT, ADX obtained better SPD values with and without CAM (Table
XXVII). SBX and ARX did not achieve better SPD levels, probably leading to local optima. The
variability of SPD values for the population during the generation is shown in Fig. 25.

For the TBT problem, the ADX+CAM algorithm achieved best results compared with other
crossovers as shown in Fig. 26 and Table XX VIIIL

The Friedman test in Table XXIX shows that ARX without CAM had a p-value >0.05 compared
with SBX+CAM, meaning they showed similar performance.

8.6. Design of gear train
ADX obtained better population diversity in comparison to SBX and ARX (Fig. 27); because of the
integer nature of the variables, SBX and ARX failed to create a diverse population. The SPD results
are shown in Table XXX.

The convergence of this problem was very similar to all configurations because of the integer
variables (Fig. 28), but when comparing fitness results, ADX+CAM showed better results (Table
XXXI).

Friedman test shows that ADX had the same performance with and without the CAM algo-
rithm (p-value >0.05), meaning that CAM may not directly affect the results of the ADX operator
executions (Table XXXII).
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Table XXII. Mean results with standard deviations and the best results obtained for three types of crossover for the MWTCS problem with and without CAM.

Crossover CAM Mean fitness Std. Dev. Best fitness X1 X2 X3

ADX Yes 0.012665402 2.06789E-07 0.012665234 0.051696686 0.356901202 11.27821854
SBX Yes 0.012700556 4.62379E-05 0.012665246 0.051663186 0.35609556 11.32553644
ARX Yes 0.012702066 3.58667E-05 0.01266527 0.051644215 0.355639818 11.35244193
ADX No 0.012872378 0.000220028 0.012678427 0.052545669 0.377677494 10.15823144
SBX No 0.016561342 0.002225919 0.013559403 0.055650662 0.450778116 7.712635362
ARX No 0.016425844 0.002798739 0.013403294 0.05593711 0.456646993 7.380606059

ADX+CAM achieved the best and most reliable results for all the configurations without violating constraints.
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Table XXIII. Friedman test (p-values) for the configurations tested for MWTCS.

ADXw/CAM SBXw/CAM ARXw/ CAM ADX w/o CAM SBX w/o CAM

SBX w/ CAM 1.79E—12 NA NA NA NA
ARX w/ CAM 9.13E-21 0.000226533 NA NA NA
ADX w/o CAM 1.35E—-31 3.05E—-15 3.92E-07 NA NA
SBX w/o CAM 1.46E—50 3.15E-39 9.87E—-33 4.36E—22 NA
ARX w/o CAM 3.09E—47 5.64E—-35 5.78E—28 1.35E—16 0.008551604

Table XXIV. Mean SPD levels for the configurations tested for SRD.

Crossover CAM SPD mean

ADX Yes 0.009205031
SBX Yes 0.000829004
ARX Yes 0.000696936
ADX No 0.005598273
SBX No 0.000545229
ARX No 0.000481946

The best mean SPD levels with and without CAM were for ADX.

MWTCS Convergence with CAM (Mean of 20 executions) MWTCS Convergence without CAM (Mean of 20 executions)
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Crossover — ARX SBX — ADX Crossover — ARX SBX — ADX

Fig. 22. Convergence graph obtained for the MWTCS problem with three types of crossover. The graph on the
left used CAM, while the graph on the right did not. ADX+CAM obtained better results.

8.7. Conclusions of the diversity analysis and Friedman test

From analyses, it is possible to infer that population SPD of the GA is a very important factor in the
global search for improved optimization. Configurations that had a high SPD were able to have better
and more reliable results in relation to the simulated binary (SBX) and arithmetic (ARX) crossovers
without CAM. ADX+CAM proved to have a better potential in the variation of diversity in global
and local searches for optimizing the problems. According to Friedman test, the proposed work, com-
pared with other SBX and ARX configurations, achieved a p-value <0.05 for all GA configurations,
except for the DGT problem where we can assume that ADX+CAM had equal performance com-
pared with ADX without CAM. Within the tests, the proposed work showed superior performance
than other crossovers.

9. Analysis of Results Obtained for Other Classic Evolutionary Algorithms

To compare the proposed modified GA (ADX+CAM) with other classic optimization algorithms
(PSO and simulated annealing), we set a population of 50 individuals with 500 generations and
maximum of 30,000 function evaluations (FES); the same number of FES were set for a standard
PSO and simulated annealing algorithms. The stopping criteria was 500 generations or relative error
of order 107°.
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Table XXV. Mean results with standard deviations and the best results obtained for three types of crossover for the SRD problem with and without CAM.

Crossover CAM Mean fitness Std. Dev.

ADX Yes 2894.382754 0.00123656

SBX Yes 2899.508371 17.28414998

ARX Yes 2902.467239 17.57607257

ADX No 2901.142232 15.37929146

SBX No 3017.023008 56.76004703

ARX No 3071.630338 38.70176863

Crossover CAM Best fitness X1 X2 X3 X4 X5 X6 X7
ADX Yes 2894.382347 3.500000016 0.700000003 17.00000032 7.300000023 7.715320312 2.90000011 5.286654557
SBX Yes 2894.382284 3.500000031 0.700000004 17.0000003 7.30000035 7.715320026 2.900000049 5.286654469
ARX Yes 2894.382304 3.500000075 0.70000001 17.00000014 7.300000352 7.715320183 2.900000028 5.286654472
ADX No 2894.415945 3.500017471 0.700000334 17 7.300005315 7.715418416 2.9 5.286690856
SBX No 2952.238809 3.564102727 0.701753597 17.00676682 7.465309122 7.845560158 2.94216127 5.303896827
ARX No 3006.706731 3.555847898 0.702628428 17.23014312 7.799095756 8.048648956 2.974610109 5.305003096
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Table XXVI. Friedman test ( p-values) for the configurations tested for SRD.

ADX w/ CAM SBX w/ CAM

ARX w/CAM ADX w/o CAM SBX w/o CAM

SBX w/ CAM 2.59E—-05 NA NA NA NA
ARX w/ CAM 0.005236215 0.09508197 NA NA NA
ADX w/o CAM 7.83E—19 5.98E—09 2.60E—12 NA NA
SBX w/o CAM 1.12E-33 4.92E-25 3.16E-28 343E—-11 NA
ARX w/o CAM 2.41E-40 9.58E—-33 1.59E-35 5.87E-20 0.00017079
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Fig. 23.
relation to other crossover methods (SBX and ARX).
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SPD for each configuration used in SRD. The graphs in red (ADX) achieved the best SPD levels in
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Fig. 24. Convergence graph obtained for the SRD problem with three types of crossover. The graph on the left
used CAM, while the graph on the right did not. After applying CAM, ADX obtained better confidence interval
and results in relation to SBX and ARX. Without the use of CAM, ADX also achieved better results and a better
confidence interval after a few generations, while SBX and ARX stagnated in local optima of the problem.
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Table XXVII. Mean SPD levels for the configurations tested for TBT.

Crossover CAM SPD mean

ADX Yes 0.109022386
SBX Yes 0.011466528
ARX Yes 0.008174441
ADX No 0.102900506
SBX No 0.005544339
ARX No 0.007183454

The best mean SPD levels with and without CAM were for ADX.

1629

Table XXVIII. Mean results with standard deviations and the best results obtained for three types of crossover

for the TBT problem with and without CAM.

Crossover CAM Mean fitness Std. Dev. Best fitness X1 X2

ADX Yes 263.8958436 3.77285E—-07 263.8958434 0.788671319 0.408259083
SBX Yes 264.1438833 0.486676773 263.8958641 0.788840351 0.407781195
ARX Yes 263.9961037 0.199284018 263.8958434 0.788675419 0.408247487
ADX No 263.8968527 0.002043782 263.8958434 0.788676232 0.408245186
SBX No 265.9423265 1.033586631 264.1378635 0.798778025 0.382093203
ARX No 264.0825426 0.320391861 263.8959226 0.788347079 0.409176962

ADX+CAM achieved the best and most reliable results of all the configurations without restriction violation.
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Fig. 25. SPD for each configuration used in TBT. The graphs in red (ADX) achieved the best SPD levels in
relation to other crossover methods (SBX and ARX).

Each algorithm performed 20 executions; all the statistical results are shown in Table XXXIII.
The modified GA shows superior performance compared with standard PSO and SA, except for the
TBT problem where both PSO and GA showed similar results.

To confirm the results, a two-sample t-test with significance level of 0.05 was conducted within
the GA (ADX+CAM), PSO, and SA as shown in Table XXXIV. When comparing the results, all
the p-values obtained were <(0.05, indicating that each type of mean differed from each other, thus
confirming that GA had the best performance.

https://doi.org/10.1017/5026357471900016X Published online by Cambridge University Press


https://doi.org/10.1017/S026357471900016X

1630 CAM-ADX: A new genetic algorithm

Table XXIX. Friedman test ( p-values) for the configurations tested for TBT.

ADXw/CAM SBXw/CAM ARXw/ CAM ADXw/o CAM SBX w/o CAM

SBX w/ CAM 6.58E—28 NA NA NA NA
ARX w/ CAM 3.49E—23 0.04635531 NA NA NA
ADX w/o CAM 3.66E—08 2.25E—-15 2.73E—10 NA NA
SBX w/o CAM 1.33E—44 1.96E—16 1.48E—-21 3.90E-35 NA
ARX w/o CAM 6.58E—28 1 0.04635531 2.25E—15 1.96E—16
TBT Convergence with CAM (Mean of 20 executions) TBT Convergence with CAM (Mean of 20 executions)
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Fig. 26. Convergence graph obtained for the TBT problem with three types of crossover. The graph on the left
used CAM, while the graph on the right did not. ADX obtained better results with CAM.
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Fig. 27. SPD for each configuration used in DGT. The graphs in red (ADX) achieved the best SPD levels in
relation to other crossover methods (SBX and ARX)

Also, the mean convergence curve of 20 executions is shown for each algorithm in Figs. 29
and 30. It is possible to see that the GA (blue line) converged faster than the PSO (red line) and
SA (green line) for most of the problems, except for the DGT where the PSO and GA achieved faster
convergence versus the SA.
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Table XXX. SPD mean results for the DGT problem.

Crossover CAM SPD mean

ADX Yes 0.260730253
SBX Yes 0.01137375

ARX Yes 0.006671197
ADX No 0.250778074
SBX No 0.009769822
ARX No 0.010337964

ADX shows superior performance at creating diverse populations.

1631

Table XXXI. Mean results with standard deviations and the best results obtained for three types of crossover
for the DGT problem with and without CAM.

Crossover CAM Mean fitness Std. Dev. Best fitness X1 X2 X3 X4
ADX Yes 1.5085E—10 3.01889E—10 2.70086E—12 19 16 49 43
SBX Yes 3.06999E—06 6.848E—06 2.35764E—09 12 30 48 52
ARX Yes 2.91529E—-08 7.23451E—08 2.70086E—12 19 16 49 43
ADX No 2.46004E—10 4.03594E—10 2.70086E—12 16 19 49 43
SBX No 2.0689E—06 5.57602E—06 9.92158E—10 24 13 47 46
ARX No 2.35903E—08 5.66741E—08 2.70086E—12 19 16 49 43

ADX+CAM achieved the best results of all the configurations without restriction violation.

Table XXXII. Friedman test ( p-values) for the configurations tested for DGT.

ADX w/CAM SBXw/ CAM ARXw/ CAM ADX w/o CAM SBX w/o CAM

SBX w/ CAM 1.24E—-32 NA NA NA
ARX w/ CAM 331E-11 1.45E—17 NA NA
ADX w/o CAM 0.59012357 1.01E-31 3.54E—-10 NA
SBX w/o CAM 1.54E-35 0.246627372 3.76E—-21 1.13E—-34
ARX w/o CAM 1.22E—13 5.02E—15 0.453916626 1.48E—12
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Fig. 28. Convergence plot for the DGT problem; results with CAM are shown on the right side.

https://doi.org/10.1017/5026357471900016X Published online by Cambridge University Press

500


https://doi.org/10.1017/S026357471900016X

ssaid Asianun abpriquied Aq auljuo paysiiand X910006L//S£9205/4101°0L/B10 10p//:5d1y

Table XXXIII. Statistical results for the problems tested.

Problem/algorithm Best Median Mean Worst Std. dev. Variance
DPV1 GA 5804.3762565 5804.3764295 5804.3767727 5804.3831679 0.0015110 2.28E—06
PSO 5959.9438064 6573.7801216 6988.1912812 13756.7604985 1675.9313051 2808745.7395116
SA 6853.3672792 8153.4648054 8207.8582150 9831.4218680 756.1727858 571797.2820582
DPV2 GA 5885.3329659 5885.3331945 5885.3331955 5885.3334250 0.000136126 1.85E—08
PSO 5972.4022431 6780.3205959 6751.9703029 7524.3494835 369.9394966 136855.2311764
SA 6922.0566095 8394.2598434 8406.9928462 9867.8898331 829.7893463 688550.3592198
WBDI1 GA 2.3809573 2.3810040 2.3811949 2.3822941 0.0003854 1.49E—-07
PSO 2.4504108 2.5845788 2.7518595 4.0361274 0.3888061 0.1511702
SA 2.5189233 2.7189795 27218511 2.8752662 0.0974808 0.0095025
WBD2 GA 1.6952472 1.6952478 1.6952643 1.6954760 5.26E—05 2.77E—09
PSO 1.6983537 1.8166167 1.9595216 2.5739594 0.2889512 0.0834928
SA 1.7916778 1.8814996 1.8795096 1.9565442 0.0409617 0.0016779
MWTCS GA 0.0126652 0.0126653 0.0126654 0.0126660 2.07E—07 4.28E—14
PSO 0.0126671 0.0136205 0.0136291 0.0159951 7.67TE—04 5.89E—07
SA 0.0128295 0.0131474 0.0131655 0.0138139 2.09E—04 4.37E—08
TBT GA 263.8958434 263.8958435 263.8958436 263.8958450 3.77TE—07 1.42E—13
PSO 263.8958434 263.8958434 263.8958437 263.8958466 9.09E—07 8.27E—13
SA 263.9150830 263.9679676 263.9857913 264.1543707 0.0676148 0.0045718
DGT GA 2.70086E—12 2.30782E—11 1.5085E—10 9.92158E—10 3.01889E—10 9.11368E—20
PSO 2.30782E—11 2.35764E—09 3.86926E—05 0.000773602 0.00017298 2.9922E—08
SA 2.30782E—11 3.43047E—09 2.58858E—08 1.61223E—07 4.5131E—08 2.0368E—15
SRD GA 2894.3823473 2894.3824608 2894.3827541 2894.3879893 1.24E—03 1.53E—06
PSO 2914.1360462 3010.6239206 3023.0994604 3147.6440018 59.1938779 3503.9151795
SA 2945.5810119 2966.0943175 2965.7906103 2985.4235394 11.3439139 128.6843820
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Table XXXIV. Two-sample t-test assuming equal variances for
ADX+CAM for each problem tested.

Problem PSO SA
DPV1 1.37E—15 2.34E—89
DPV2 1.64E—59 3.67TE—142
WBDI1 3.52E—88 1.87E—19
WBD2 1.98E—185 9.55E-35
MWTCS 1.09E—137 2.60E—07
TBT 1.98E—39 0.000220391
DGT 5.66E—11 0.005822203
SRD 0 1.49E—83

Convergence Plots for each problem (Mean results of 20 executions)

o1

= =
v vy
wr v
g 15k || g 20k
T III' T
g \ B o1k
\'\
N
\:: —
5k o Sk
100 200 300 400 500
Generation
MWTCS
012 310
c 3.1‘ < 300
(] L)
s s
w 0.08 .|\ n
i ' 9 200
s s
T 006 a
@ 2 280
@ @
0.04
270
002, |
100 200 300 400 500
— GA[KX+CAM)
——PSO
SA

DpPv2

500

100 200 300 400
Generation
TET
100 200 300 400

Fig. 29. Convergence plots for DPV1, DPV2, MWTCS, and TBT problems.

10. Engineering Problems Results Comparison
Comparing the best results of ADX+CAM with those of other studies, the proposed algorithm proved
to be the best for most of the problems. For the DPV1, DPV2, WBD1, DGT, and TBT problems,
ADX+CAM was able to achieve the best and most reliable results in relation to the compared studies
as shown in Tables XXXV-XXXVIII and XLI. MWTCS? obtained the best result’® and the best
mean value. Given the variability of the results, one study*’ obtained the most reliable results with
the lowest standard deviation, as shown in Table XXXIX. On WD2 problem,4 have better result, but
the proposed work shows the best mean and standard deviation (Table XLII). Some studies did not
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Table XXXV. Results of DPV1 compared with other studies.

Method Mean Std. Dev. Best Result
Dimmopoulos® NA NA 5850.3830
Mahdavi et al.*¢ NA NA 5849.7617
Hedar & Fukushima®’ 6164.585867 257.473670 5868.764836
Gandomi et al.*8 5937.33790 164.54747 5850.38306
Garg® 5805.473914033477 1.411462164114731 5804.448670820886
ADX+CAM 5804.376773 0.001511001 5804.376257

Convergence Plots for each problem (Mean results of 20 executions)
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Fig. 30. Convergence plots for WBD1, WBD2, SRD, and DGT problems.

mention the number of function evaluations used to achieve the results; the SRD problem only pre-
sented the best results obtained. Considering the works compared, ADX+CAM was able to achieve
the best results and had the best mean values for most of the problems. All the results are feasible
(did not break any restrictions), except for the ones marked ““**.”

11. Final Considerations

Problem optimization through evolutionary heuristic algorithms is currently a widely explored field
as it provides relatively fast solutions in relation to brute-force and deterministic methods. Of these
techniques, GAs are an approach that is widespread in the literature. However, for these algorithms
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Table XXXVI. Results of DPV2 compared with other studies.

Method Mean Std. Dev. Best Result
Sandgren®’ N/A N/A 8129.1036
Kannan and Kramer®® N/A N/A 7198.0428
Deb and Gene®® N/A N/A 6410.3811
Coello® 6293.8432 7.4133 6288.7445
Coello and Montes®’ 6177.2533 130.9297 6059.9463
He and Wang 6147.1332 86.4545 6061.0777
Montes and Coello”® 6850.0049 426 6059.7456
Kaveh and Talatahari’? 6081.7812 67.2418 6059.7258
Kaveh and Talatahari®® 6075.2567 41.6825 6059.0925
Gandomi et al.88 6447.736 502.693 6059.714
Cagnina et al.”’ 6092.0498 12.1725 6059.714335
Coello™ 6440.3786 448.4711 6059.7208
He et al.%° 6289.92881 305.78 6059.7143
Akay and Karaboga” 6245.308144 205 6059.714339
Garg?* 5887.557024 2.74529 5885.403282
Garg* 5885.382053 0.04908 5885.332773
ADX+CAM 5885.333195 0.000136126 5885.332966

Table XXXVII. Results of WBD1 compared with other studies.
Method Mean Std. Dev. Best Result
Ragsdell & Phillips®® NA NA 2.385937
Rao* NA NA 2.3860
Deb3® NA NA 2.433116
Deb® NA NA 2.38119
Ray & Liew®! 3.2551371 0.9590780 2.3854347
Hwang & Heb%#* 2.26 NA 2.25
Mehta & Dasgupta® 2.3811786 NA 2.381134
Garg® 2.38108932 1.01227E-4 2.38099617
ADX+CAM 2.381194898 0.000385388 2.38095734
** = yiolated restrictions.

Table XXXVIII. Results of WBD2 compared with other studies.
Method Mean Std. Dev. Best Result
Coello® 1.771973 0.01122 1.748309
Coello and Montes®’ 1.792654 0.07471 1.728226
Dimopoulos*® NA NA 1.731186
He and Wang> 1.748831 0.012926 1.728024
Hedar and Fukushima®’ 1.7564428 0.0424175 1.7250022
Montes et al.>? 1.725 1.00E—15 1.724852
Montes and Coello”® 1.81329 0.0705 1.7373
Cagnina et al.”! 2.0574 0.2154 1.724852
Kaveh and Talatahari’? 1.729752 0.0092 1.724918
Kaveh and Talatahari®® 1.727564 0.008254 1.724849
Gandomi et al.* 1.878656 0.2677989 1.7312065
Mehta and Dasgupta® 1.724865 NA 1.724855
Akay and Karaboga” 1.741913 0.031 1.724852
Garg® 1.69530842 2.84E—05 1.69526388
Gargd 1.6952471 2.19E—-09 1.6952471
ADX+CAM 1.695264346 5.26477E—05 1.695247207
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Table XXXIX. Results of MWTCS compared with other studies.

CAM-ADX: A new genetic algorithm

Method Mean Std. Dev. Best Result
Belegundu® NA NA 0.0128334
Arora® NA NA 0.0127303
Coello® 0.01276920 3.9390E—06 0.01270478
Ray & Saini® 0.015526 NA 0.0130600
Coello & Montes®’ 0.012742 5.9000E—06 0.0126810
Ray & Liew®' 0.012922669 5.92E—05 0.01266924934
Hu et al.% 0.012718975 6.446E—06 0.0126661409
He et al.® 0.01270233 4.12439E—06 0.0126652812
He & Wang™ 0.012730 5.1985E—06 0.0126747
Zhang et al.*! 0.012669366 1.25E—06 0.012665233
Hedar & Fukushima*’ 0.012665299 2.2E—09 0.012665285
Montes et al.>? 0.012666 2.0E—07 0.012665
Montes & Coello”® 0.013461 9.6600E—05 0.012698
Cagnina et al.”! 0.0131 4.1E—05 0.012665
Kaveh & Talatahari’? 0.012720 3.4888E—06 0.0126432
Omran & Salman’? 0.0126652642 NA 0.0126652375
Coelho™ 0.013524 0.001268 0.012665
Akay & Karaboga” 0.012709 0.012813 0.012665
Mohamed. A% 0.012668899 5.38E—06 0.012665232
Garg® 0.0126689724845 9.429426E—07 0.0126652327883
ADX+CAM 0.012665402 2.06789E—07 0.012665234
Table XL. Results of SRD compared with other studies.
Method Mean Std. Dev. Best Result
Akhtar et al.”® NA NA 3008.197440
Rao & Xiong”” NA NA 3000.959715
Cagnina et al.”! NA NA 2996.347849
Jaberipour & Khorram’® NA NA 2994.477531
Li & Papalambros’® NA NA 2994.553869
Tosserams et al.30 NA NA 2996.645783
Lu & Kim®! NA NA 3019.583365
Lin et al.32 NA NA 2993.738921
Huang®? NA NA 2990.124384
Lin et al.?* NA NA 2994.471921
ADX+CAM 2894.382754 0.00123656 2894.382347

to perform well, they need to balance the diversity of the population and the capacity for finding
solutions to the problem.!’

This study presented ADX and CAM as techniques to increase optimization power and population
diversity, respectively, preventing the algorithm from stagnating in local optima of the search space,
significantly potentiating the results in relation to other known crossover methods. CAM allows for
increasing population diversity by reallocating the individuals based on a correlation matrix cal-
culated between all the genes of the population. The ADX increases the exploitation of already
known solutions through adjusting the genes of two individuals based on a gradient vector during the
crossover phase.

By testing ADX+CAM on the CEC’2015 problems and comparing the top five contestants, the
proposed algorithm was able to provide better results for some problems than the humanCog.>* The
population had better exploration of the search space when using the CAM operator compared with
the tests without the CAM phase. As for the engineering problems, the algorithm had better perfor-
mance and acceptable population diversity levels and achieved better results in comparison to other
works in the literature.
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Table XLI. Results of TBT compared with other studies.

Method Mean Std. Dev. Best Result
Mohamed. A* 263.895843 0.00E+00 263.8958434
Mohamed & Sabry 263.895843 5.34E—13 263.8958434
Wang & Li’! 263.895843 434E—14 263.8958434
Zhang et al.*! 263.895844 9.70E—07 263.8958433
Wang et al.® 263.90041 1.10E—03 263.8958435
Melo & Carosio™? 263.895843 2.58E—07 263.8958434
Gong et al.>* 263.895843 0.00E-+00 263.8958434
Sadollah et al.> 263.897996 3.93E—03 263.895852
Eskandar et al.%’ 263.895903 8.71E—05 263.895843
ADX+CAM 263.8958436 3.77285E—07 263.8958434

Table XLII. Results of DGT compared with other studies.

Method Mean Std. Dev. Best Result
Sandgren®’ NA NA 5.712E—6
Kannan and Kramer3® NA NA 2.146E—8
Deb and Goyal®’ NA NA 2.701E—12
Gandomi et al.38 1.9841E—09 3.5546E—09 2.701E—12
Garg* 1.2149E—09 8.7787E—10 2.70085E—12
ADX+CAM 1.5085E—10 3.01889E—10 2.70086E—12

Lastly, we performed an analysis comparing CAM and ADX with other types of evolutionary

heuristics and algorithms. From our results, it is evident that CAM+ADX has a better potential for
competing in problem optimization with other compared studies.
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