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Abstract

An intelligent crossover methodology within the genetic algorithm (GA) is
explored within both mathematical and finite element arenas improving both
design and solution convergence time. This improved intelligent crossover
outperforms the traditional genetic algorithm combined with a rule-based
approach utilizing domain specific knowledge developed by Webb, et al [1].
The encoding of the improved crossover consists of two chromosome strings
within the genetic algorithm where the first string represents the design or
solution string, and the second string represents chromosome crossover
string intelligence. This improved crossover methodology saves the best
population members or designs evaluated from each generation and applies
crossover chromosome intelligence to the best saved population members
paired with globally selected parents. Enhanced features of this crossover
methodology employ the random selection of the best designs from the prior
generation as a potential parent coupled with alternating intelligence pairing
methods. In addition to this approach, two globally selected parents possess
the ability to mate utilizing crossover chromosome string intelligence main-
taining the integrity of a global GA search. Overall, the final population fol-
lowing crossover employs both global and best generation design chromo-
some strings to maximize creativity while enhancing the solution search.
This is a modification to a conventional GA that can be translated into GA
encoding. This technique is explored initially through a Base 10 mathemati-
cal application followed by the examination of plate structural optimization
considering stress and displacement constraints. Results from crossover in-
telligence are compared with the conventional genetic algorithm and from
Webb, et al. [1] which illustrates the outcome of a two phase genetic optimi-
zation algorithm.
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1. Introduction

Solution convergence and result quality within a genetic algorithm are limited to
the variety of new favorable offspring that can be generated following chromo-
some crossover between two parents. This limitation in offspring diversity sig-
nificantly hinders solution convergence and ultimately an optimal design. Tradi-
tional methods for introducing new offspring are noted by Gen and Cheng [2]
particularly point source crossover, which selects a random point within the
chromosome string as the staring point for crossover of traits between parent
strings. Alternative approaches to traditional crossover techniques are referenced
by [3] and [4]. Inefficiencies within a traditional genetic algorithm are attributed
to a heavy reliance on a random search where mutation becomes a primary con-
tributor toward convergence. To continue the progression of the performance of
the genetic algorithm, enhancing the chromosome crossover intelligence between
parents is essential to desirable quality and efficiency of the solution search.

The encoding of the improved crossover methodology consists of two chro-
mosome strings within the genetic algorithm where the first string represents the
design or solution string, and the second string represents chromosome crosso-
ver string intelligence. Each population member possesses an assigned design
and crossover chromosome string. This novel crossover approach saves the best
population members or designs evaluated from each generation and applies
crossover chromosome intelligence to the best saved population members paired
with genetic algorithm selected parents. The selected parent and best generation
design are mated based on the instructions presented within the encoded cross-
over chromosome string. In addition to this approach, two genetic algorithm se-
lected parents possess the ability to mate utilizing crossover chromosome string
instructions maintaining the integrity of a global search. When the best design
or chosen parent is mated with an assigned parent, any difference within each
parent’s crossover string value results in the crossover of design string charac-
teristics and the crossover string chromosome binary value. If no difference is
present between crossover strings, then a chromosome string characteristic ex-
change does not occur within either the design or crossover instruction string.
Enhanced features of this crossover methodology employ the random selection
of the best two designs from the prior generation as a potential parent coupled
with alternating intelligence pairing methods during even and odd generations.
Odd generations employ the best design from the prior generation to be mated
with a genetically selected parent while even generations utilize parents selected

by the genetic algorithm within the current population. The final population

DOI: 10.4236/jamp.2024.128172

2886 Journal of Applied Mathematics and Physics


https://doi.org/10.4236/jamp.2024.128172

D. Webb, E. Sandgren

following crossover offers a diverse population of chromosome strings obtained
through global and local refinement of the best generational design chromosome
strings improving solution quality and convergence time. This intelligent cross-
over methodology is demonstrated through a comparison approach within a
mathematical example and a plate design as referenced by Webb et al [1], how-
ever this novel concept can be applied to an array of optimization problems for

further solution enhancement while reducing computation time.

2. Background

Base 10 Mathematical Optimization

A mathematical example is explored illustrating the performance of both a
conventional genetic algorithm with the incorporation of crossover intelligence.
This mathematical concept involves the basic calculation of a seven digit Base 10
result rendering an optimal solution of 9,999,999. The aim of this genetic algo-
rithm search is to locate the final solution possessing minimal convergence time.
The intent of this example is to provide a lead in exercise focused on the im-
proved methodology prior to revisiting a structural optimization example lever-
aging commercial finite element analysis as a solving tool.

Plate Structural Optimization

As taken directly from Webb, et al [1], the plate optimization procedure con-
sidered here operates through the assignment of different material properties
throughout a predefined meshed design region. In order to simplify the concept,
only two different material property values are introduced. For a plate design,
the logical material property to consider is the modulus of elasticity. The first
material property value represents the intended design material such as that for
steel or aluminum. The second material property value corresponds to an ex-
tremely weak material which adds little to the structural integrity of the design.
The utilization of a weak material allows for extreme topological change to occur
without requiring a re-mesh for the elements and eliminates the problem of
generating a singular stiffness matrix. The stiffness matrix for the finite element
analysis of the design is assembled with material property information provided
by the genetic encoding on an element by element basis. The final topology of
the design may be identified by simply removing the elements formed of the
weak material. This is not intended to provide a final, highly detailed design, but
rather a topology which may be refined in order to generate such a design.

The plate design process investigated incorporates a genetic algorithm pro-
grammed in Microsoft Visual Basic [5], Microsoft Excel Visual Basic for Appli-
cations (VBA) [6], and CAEFEM (7], a finite element solver which performs a
linear static analysis for each design topology considered. The plate design mesh
is constructed using Femap [8], a three dimensional CAD package, which gener-
ates a neutral file that the finite element solver can read and evaluate. This neu-
tral file [9] documents the geometry as well as all of the material properties and

other parameters of each plate design investigated. The genetic algorithm gener-
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ates designs through the alteration of the material property of each plate element
within the selected neutral file. The alteration of material properties can generate
a realm of diverse topological designs, where each design is processed by altering
the neutral file and passing it on to the finite element solver. The element stress-
es and the nodal deflections are computed by the finite element solver and sub-
sequently, this information is utilized to evaluate the objective function and con-
straints which are defined by the optimization formulation. The specific form of
objective function in this application was chosen to be the minimization of the
total volume of a plate based design subject to predefined loading and constraint
conditions. Stress and displacement limits served as structural constraint bounds.
A major issue of concern in the assignment of an alterable material property
for each element in the defined mesh is the total number of elements considered.
As the number of elements increases, the complexity as well as the time required
for solution by the optimization algorithm increases significantly. On the other
hand, the number of elements required to define the fundamental design topol-
ogy will generally be considerably below that required for a detailed design anal-
ysis. The fundamental question which must be addressed is whether a rule based
genetic algorithm is capable of solving a realistic structural design problem with
a reasonable amount of computational effort. The process is inherently parallel
in nature which could lead to significant reduction in computational time but
not in computational effort. Extensions to problems involving three dimensional
solid objects are straightforward, using the same design optimization strategy

with an expanded genetic encoding.

3. Base 10 Problem Formulation

Base 10 problem formulation consists of an objective function to maximize the
mathematical value associated with an optimal solution of 9,999,999. Two
methods for calculating base 10 results were explored which consisted of tradi-
tional genetic algorithm encoding for global parent selection and crossover of a
single chromosome string per parent. The chromosome string value ranges from
0 to 9 and possesses 7 string values. Parent selection is conducted and traditional
point crossover of chromosome string values between Parents occurs resulting
in two base 10 offspring.

Base 10 crossover intelligence utilizes two chromosome strings where the first
string represents a mathematical 7 digit base 10 representation string and the
second string represents crossover intelligence to further enhance the solution
and convergence timing.

An example of genetic algorithm intelligent crossover is outlined below per
the 7 digit Base 10 problem formulation which results in offspring of both solu-
tion and corresponding crossover strings.

Sample parent one solution string {6, 7, 8, 4, 4, 1, 5} mathematically represents
6,784,415 where the total string length correlates to the optimal 7 digit Base 10

solution.
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Sample crossover string {2, 2, 1, 2, 1, 1, 2} correlates to parent one sample so-
lution string, where each chromosome value possesses the ability to represent
value of 1 or 2 for crossover instruction. The sample string length corresponds to
the total length of the parent one solution string which provides chromosome
crossover instruction for each string member.

Sample parent two solution string {6, 8, 3, 9, 3, 6, 7} mathematically represents
6,839,367 and is the remaining parent selected to mate with the parent one solu-
tion string.

Sample crossover string {1, 1, 1, 1, 2, 2, 2} correlates to parent two sample so-
lution string, where each chromosome value possesses the ability to represent
value of 1 or 2 for crossover instruction. The sample string length corresponds to
the total length of the parent two solution string which provides chromosome
crossover instruction for each string member.

Differences between crossover strings result in the crossover of both solution
and crossover string characteristics.

Below are solution and crossover strings prior to intelligent crossover opera-
tions.

{6,7,8,4,4,1,5}{2,2,1,2,1, 1, 2}
{6,8,3,9,3,6,7} {1,1,1, 1, 2,2, 2}

Following intelligent crossover, below are offspring solution and crossover
strings.
{6,8,8,9,3,6,5}{1,1,1, 1, 2,2, 2}
{6,7,3,4,4,1,7}{2,2,1,2,1, 1, 2}
Key benefits include the selection of parent solution and crossover strings
from alternating generations where parent selection is either from the best solu-
tions from the prior generation or conventionally selected parent strings for

mating.

4. Two Phase Plate Optimization Problem

The aim of this initiative is to examine plate design through the maximization of
volume as depicted in Equation (1) when subjected to stress and displacement
constraints within Equation (2) utilizing a two phased optimization methodolo-
gy. As taken directly from Webb, ef al [1], two separate genetic optimization
formulations are introduced. The first represents a traditional encoding, where
each element in the defined structural region has its own binary variable in the
encoding string. This formulation is developed in this section. The development
of the rule based extension follows in the next section. A one hundred forty ele-
ment plate design example is investigated which utilizes a conventional GA
phase one search and a phase two rule based approach. Phase two incorporates
domain specific knowledge for the refinement of the phase one solution. This
two phase approach is compared to an intelligent crossover methodology, where
both optimization strategies are subjected to identical stress and displacement

constraint conditions as outlined within this section. Additionally, the plate de-

DOI: 10.4236/jamp.2024.128172

2889 Journal of Applied Mathematics and Physics


https://doi.org/10.4236/jamp.2024.128172

D. Webb, E. Sandgren

signs were also restricted to the same spatial design. The dimensions of the spa-
tial design volume consisted of eighteen cm in the x direction, thirteen cm in the
y direction, and a thickness of 0.5 cm in the z direction. Directional forces con-
sisting of 67 newtons in the x, yand z directions were applied at coordinate loca-
tions (15, 3.25, 0.5) and (12, 9.75, 0.5) where the units are in cm and the origin is
at the lower left corner of the bottom surface of the specified plate design vol-
ume. The use of multidirectional forces allows for an optimal yet robust topo-
logical design to be acquired. The concept of robust design optimization has
been effectively demonstrated by Sandgren and Cameron [10] for truss struc-
tures as well as an automotive inner body panel. Mesh size for plate structural
optimization consisted of one hundred forty elements. The maximum allowable
stress constraint was set at 140 MPa and a maximum allowable displacement
constraint was defined to be 0.635 cm. The objective function used to evaluate
each design is based on the amount of volume removed from the original mesh.
This objective function value is equal to the total element volume of weak mate-
rial present in each design as specified by the genetic algorithm encoding.

The formulation of the objective function and constraints for the plate design

examples considered is as follows:

Maximize volume = ) (Volume, ) * (Encoding value, ), (1)
i=1, ..., number of elements
subject to
Constraint,. . — Constraint Calculated
gi (x) — limit : max ( u ) > 0 (2)
Constraint

where 7= 1... number of constraints.

g, (x) correlates to stress and g, (x) displacement.

The encoding value for each element has a value of zero if the element is as-
signed to the design material and one if it is assigned to the weak design materi-
al. This way, the summation of volume to be maximized in Equation (1) consists
of the total volume of weak material elements, or alternatively, the volume of
material removed. In the constraint equations, Simit and Dimi are the maximum
allowable stress and displacement values while Sn.x (calculated) and D (calcu-
lated) are the maximum computed values for the design being analyzed over all
of the elements considered. The formulation of Equation (2) generates ratios,
which allow for normalization of constraint violation in the disparate magni-
tudes of the displacement and stress values as well as to allow for a consistent
graphical representation over the diverse set of designs within each genetic pop-
ulation. Both constraint equations produce positive values for any design which
does not exceed the design limits.

Material properties of each plate element were designated to be either the in-
tended design material, AISI 4340 steel, or a substantially weaker material with a
modulus of elasticity of 2 MPa. Additionally, Poisson’s Ratio was assigned a val-

ue of 0.32 for all elements in each plate design investigated. The modulus for the
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weak material may be defined as any reasonably small value as long as it is sig-
nificantly less than that of the selected design material. The main function of this
material property is to prevent the formulation of a singular stiffness matrix
within the finite element algorithm and to avoid the necessity of re-meshing the
design region. The assumption is made that low stress magnitudes in plate ele-
ments assigned the weak material property are deemed to be practically nonex-
istent. Steel material properties were represented by the encoding value of 0, while
weak material properties were assigned the encoding value of 1. These assigned
numeric values correspond to defined material properties generated within Femap
which are encoded within the genetic algorithm for material property manipula-

tion of each element. A sample string is shown below for a ten element plate.

Sample string {0, 1, 1,0, 0,0, 1,0, 0, 1}

For this string, elements one, four, five, six, eight and nine are formed from
steel, while elements two, three, seven and ten are formed from the weak materi-
al. The assignment of order in the encoding string is directly related to the element
number in the design mesh. Since the design mesh remains constant throughout
the optimization process, the encoding strategy is valid throughout the search.

Based upon the structure of the sample string, an initial set of designs is gen-
erated randomly and the genetic algorithm methodology begins. Both crossover
and mutation operations are applied by the genetic algorithm, and ultimately
new generations of offspring or designs are formed. The method of crossover
involves the selection of two parent designs where material properties or chro-
mosomes within each chosen design string are interchanged at a random posi-
tion, forming two new offspring designs. Parent designs are selected randomly,
based on their overall fitness value, which considers the value of the objective
function as well as any constraint violation. A single numeric value for each de-
sign is formed through the use of an exterior penalty function. Using the penalty
function allows parent design strings which meet or exceed predefined con-
straint values to be assigned an overall fitness value solely based upon the objec-
tive function value. Parent designs which fail to meet the constraint criteria, are
reduced in value by a penalty function.

A typical penalty function is represented by the equation

P(x)=/(x)-R {e (x)) Q
for /=1, ..., number of constraints
where

{g{x)} = 0; for g{x) >0

{g(x0)} = gdx); for g(x) <0.

In this equation, f{x) represents the objective function value at the design
point x, which specifies how much material was removed from the spatial design
region. The penalty factor, R is a numeric value which continually increases
from an initial value by a user specified amount as the optimization proceeds.

This allows an early exploration phase where some constraint violation is al-

DOI: 10.4236/jamp.2024.128172

2891 Journal of Applied Mathematics and Physics


https://doi.org/10.4236/jamp.2024.128172

D. Webb, E. Sandgren

lowed, but builds a penalty over time so that later designs are pulled toward the
feasible design region. Lastly, the array g{x) represents the constraint value for
each of the defined constraints. Additional background on penalty function the-
ory and operation is provided by Gen and Cheng [2]. The penalty function or
specific fitness value for each population member determines which members of
the population are best suited for producing new design offspring, resulting in
the term parent designs. An in depth discussion of parent selection as well as the
genetic optimization process is given by Goldberg [11] and Davis [12].

Once the crossover of traits between parent designs has been completed,
stresses and displacements for each of the offspring designs are calculated and
evaluated in the stress and displacement constraint functions. Element stresses
and nodal displacements are immediately available once the finite element anal-
ysis algorithm, CAEFEM, has completed the analysis. Now the evolutionary
process has commenced. This evolutionary process begins with the selection of
new parent designs from the current generation. Once all parent designs have
bred new offspring, one generation has been completed. The total number of
generations of offspring produced is a user specified variable, which is applica-
tion specific. The effectiveness of a specified set of input parameter values may

be observed through feedback from the graphical user interface.

5. Plate Optimization Problem Formulation Phase Two

In this example, a two phase optimization approach was explored utilizing a one
hundred forty element plate for comparison purposes. This two phase method-
ology is a novel artificial intelligence approach as referenced by Webb, et al [1].
In phase two, domain specific knowledge was injected into a genetic algorithm
to further drive convergence. This level of artificial intelligence drives input in
the form of how many rules were utilized toward the formulation of an opti-

mized solution.

6. Plate Optimization Problem Utilizing Intelligent Crossover

Plate optimization is further explored through the implementation of intelligent
crossover to further improve the diversity of offspring population members to
drive objective function value convergence per defined constraint criteria while
accelerating convergence time. This plate example explores the optimization of
the one hundred and forty element plate as previously constructed by Webb et
al [1]. A comparison of results will be explored for the one hundred forty ele-
ment plate mesh between the two phase optimization approach and intelligent
crossover.

An example of genetic algorithm intelligent crossover for plate optimization is
outlined below which results in the offspring of both design and corresponding
crossover strings.

Sample design parent one string {0, 1, 1, 0, 0, 0, 1} represents two possible

material properties each plate element can possess. The length of this string is
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proportional to the amount of plate elements derived from a finite element
mesh. A value of 0 represents a viable design material and the value of 1 repre-
sents a substantially weaker material that can be interpreted as non-existent.

Sample crossover string {2, 2, 1, 2, 1, 1, 2} correlates to parent one sample so-
lution string, where each chromosome value possesses the ability to represent
value of 1 or 2 for crossover instruction. The sample string length corresponds to
the total length of the parent one design string which provides chromosome
crossover instruction for each string member.

Sample design parent two string {0, 1, 1, 1, 0, 1, 1} represents the remaining
parent selected to mate with the parent one chromosome string.

Sample crossover string {1, 1, 1, 1, 2, 2, 2} correlates to parent two sample so-
lution string, where each chromosome value possesses the ability to represent
value of 1 or 2 for crossover instruction. The sample string length corresponds to
the total length of the parent one design string which provides chromosome
crossover instruction for each string member.

Differences between crossover strings result in the crossover of both design
and crossover string characteristics.

Below are design and crossover strings prior to intelligent crossover.

{0,1,1,0,0,0,1} {2,2,1,2,1, 1, 2}
{o,1,1,1,0,1,1} {1,1, 1, 1, 2, 2, 2}

Following intelligent crossover, below are offspring design and crossover
strings.
{0,1,1,1,0,1,1}{1,1,1, 1, 2,2, 2}
{0,1,1,0,0,0,1} {2,2,1,2,1, 1, 2}
Key benefits include the selection of parent design and crossover strings from

alternating generations where parent selection is either from the best designs

from the prior generation or conventionally selected parent strings for mating.

7. Base 10 Results

Intelligent crossover solution search scenarios versus a conventional GA crosso-
ver methodology for the 7 digit Base 10 mathematical problem are displayed in
Table 1 listed below.

Table 1. Overview of population and generation sizes assigned Base 10 scenarios consid-

ered.
Base 10 Base 10
Populations Generations
25 100
50 100
200 100
400 100
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Base 10 Value

10100000

10000000

9900000

9800000

9700000

9600000

9500000

Comparison results are provided for both conventional and intelligent cross-
over approaches per the 7 digit Base 10 GA example. Figure 1 and Figure 2 il-
lustrate comparison results across population sizes of 25 and 50 where Figure 1
depicts conventional GA crossover and Figure 2 portrays optimized GA intelli-
gent crossover. Additionally, Figure 3 and Figure 4 illustrate crossover behavior
for increased population sizes of 200 and 400 where Figure 3 depicts the con-
ventional GA crossover and Figure 4 captures optimized GA intelligent crosso-
ver. A significantly improved solution convergence to the optimal value of
9,999,9999 was captured utilizing the intelligent crossover approach as illustrat-
ed in Figure 2 & Figure 4. The outcome of the conventional GA crossover pos-
sessing a population of 25 rendered only a final solution of 9,999,988 at genera-
tion 71 as illustrated in Figure 1. A converged solution for the conventional GA
crossover approach occurred for a population size of 50, however convergence
occurred at generation 58. As for the optimized GA crossover depicted within

Original GA Crossover

—@— Original 25 Populations
—&— Original 50 Populations

Generation

Figure 1. Conventional GA crossover (25 & 50).

Base 10 Value

10100000

10000000

9900000

9800000

9700000

9600000

9500000

Optimized GA Crossover

—e— Optimized 25 Populations
—&— Optimized 50 Populations

Generation

Figure 2. Optimized GA crossover (25 & 50).
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10000100

10000000

9999900

9999800

9999700

9999600

Base 10 Value

9999500

9999400

9999300

9999200

9999100

Original GA Crossover

—@— Original 200 Populations
—&— Original 400 Populations

100
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©
S

Generation

Figure 3. Conventional GA crossover (200 & 400).

10000100

10000000

9999900

9999800

9999700

9999600

9999500

Base 10 Value

9999400

9999300

9999200

9999100

Optimized GA Crossover

—@— Optimized 200 Populations

—4&— Optimized 400 Populations

100

0 20 40 60 80
Generation

Figure 4. Optimized GA crossover (200 & 400).

Figure 2, solution convergence for the 25 and 50 population sizes occurred at
generations 75 and 35 respectively which offers both an attained final converged
solution with less required computation time.

Following the examination of the 7 digit Base 10 results for GA population
sizes of 25 and 50, crossover behavior was further explored with increased pop-
ulation sizes of 200 and 400 spanning conventional GA crossover and optimized
GA intelligent crossover as illustrated within Figure 3 and Figure 4. The con-
ventional GA crossover rendered solution convergence for populations 200 and
400 within generations 68 and 34 respectively. Per an examination of the opti-
mized GA intelligent crossover, significantly improved solution convergence to
the optimal value of 9,999,999 was achieved at generation 8 for both 200 and 400
population values. Overall, the intelligent crossover method achieved the desired
result of 9,999,999 for each population and generation example explored. Intel-
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ligent crossover solution convergence accelerated significantly as population and
generation sizes increased which enabled the creation of more diverse popula-
tions for intelligent parent and crossover selection. In comparison, the conven-
tional GA is limited to offspring diversity and intelligent parent selection at-
tributed to a heavy reliance on a random search where mutation becomes a pri-
mary contributor toward solution convergence. This limitation is particularly
evident from the outcome of a population and generation size of 25 and 50 re-

spectively where the desired result of 9,999,999 was unattainable.

8. Plate Optimization Results

Conventional GA Crossover via Two Phase Optimization
Specific input parameters utilized for the two phased optimization approach
are documented in Table 2 which includes population size and number of gen-

erations of offspring for both phase one and phase two search processes.

Table 2. Overview of population and generation sizes.

Number of Phase One Phase One Phase Two Phase Two

Plate Elements Population Size ~ Generations  Population Size ~ Generations

140 280 140 100 40

The plate example utilized a one hundred forty element mesh to fill the des-
ignated design space with the predefined loading and constraint conditions es-
tablished for all of the examples. The 0.5 cm. thick plate is fixed in all directions
along the left edge, and two nodal forces were applied which consisted of sixty
seven Newtons in the x, y; and z directions. A maximum stress constraint of 140
MPa and a maximum displacement constraint of 0.635 cm. were imposed as
well. The phase one population size and number of generations produced were
280 and 140 respectively. The resulting plate design from the phase one search is
illustrated in Figure 5. The dark shaded regions within Figure 5 represent the
elements which were assigned the design material. The light regions indicate
elements which were assigned the weak material and are treated as voids. The
element numbering proceeds from left to right by rows, starting at the bottom
row. The final objective function value for the design shown in Figure 5 was
88.59 cm’. This represents the volume removed from the original design region.

The phase two search consisted of a population size and number of genera-
tions produced of 100 and 40 respectively. The phase two search refined the
phase one design to that shown in Figure 6. This design can be seen to be a
much “cleaner” design and contains no obvious design flaws other than the di-
agonal attachment of several elements. This problem could be resolved by add-
ing appropriate constraints or by other means [2] [11]-[13]. This issue is not
dealt with on the examples presented as only the design topology is desired and
refinement of this topology is considered as a separate task. While the result

pictured in Figure 5 from the phase one search contains elements that are be-
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yond the point of force application, the phase two result does not contain such
elements. The total volume removed for this design is improved to a total of
92.76 cm®. Design topologies corresponding to phases one and two results are
illustrated in Figure 5 and Figure 6. An examination of Figure 5 reveals that the
phase one global search solution had several disassociated elements in the final
design as well as elements beyond the load application points which are both in-
dicators of the level of difficulty this size problem presents for a traditional ge-
netic algorithm in locating a refined solution. Once again, the phase two solution

remedies the design discrepancies and produces a fairly refined design.

Figure 5. Phase one solution.

i
10910111 | 8
. 11':_-'.
116 . B
117 |

Figure 6. Phase two solution.

The behavior of the genetic algorithm is presented graphically for the phase
one solution in Figure 7 and Figure 8. An objective function value of 88.59 cm’
was located after approximately one hundred twenty generations of phase one

operation as illustrated in Figure 7. The constraint value versus generation
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graph displayed in Figure 8 reveals that the final phase one design satisfied both

the stress and displacement constraint criterion.
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Figure 7. Objective function versus generation.
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Figure 8. Constraint versus generation.
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Figure 9. Objective function versus generation.

Graphical representations of the phase two search process are illustrated
within Figure 9 and Figure 10. Ten generations were required to reach the final
design solution. The objective function value was increased from 88.59 cm?® to

92.76 cm® while maintaining acceptable stress and displacement design criterion.
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Both displacement and stress constraints are shown to be satisfied throughout

the phase two process in Figure 10.
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Figure 10. Constraint versus generation.

Intelligent GA Crossover

Crossover intelligence rendered the following results for the one hundred for-
ty element plate utilizing Microsoft Excel Visual Basic for Applications (VBA)
[6] where genetic parameters consisted of a population size of 100 with 100 gen-
erations. Figure 11 below illustrates the final intelligent crossover design and
Figure 12 provides a comparative depiction of the final two-phase optimization
approach derived by Webb, et al [1] incorporating domain specific knowledge.
Opverall, the final intelligent crossover design utilized less material to satisfy both
stress and displacement constraints resulting in an objective function of 96.68
cm’® in comparison to the final two-phase optimization approach possessing an
objective function value of 92.76 cm’. Key benefits from intelligent crossover
yield an improved objective function and corresponding design requiring fewer
population and generation sizes rendering a reduction in computation time re-
quired for solution convergence. As a result of intelligent crossover, generation
86 yielded the most optimal design as reflected in Figure 13 while satisfying
stress and displacement constraints as illustrated in Figure 14. Conversely, the
best conventional GA phase one objective function was located at generation 120
resulting in a lower value of 88.59 cm® in comparison to intelligent crossover.
Additional generations were required within phase two as depicted in Figure 9
to achieve an improved phase one conventional outcome of 92.76 cm?, however
the optimal phase two objective function value also remained lower in compari-
son to the intelligent crossover approach. Intelligent crossover results produced
an improved objective function value which further maximized plate element
volume in comparison to the two-phase optimization approach, and derived an
alternative design as represented in Figure 11. Overall, the ability to leverage in-
telligent crossover to produce diverse global and local collective offspring ena-
bled the GA to locate the most optimal design and corresponding objective
function that meets prescribed constraints within an efficient computational

timeframe.
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Figure 11. Intelligent crossover design.

Figure 12. Phase two rule-based design.
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Figure 13. Objective function versus generation.
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9. Extensions and Further Insight

The incorporation of intelligent crossover improves results unattainable by the
two-phase optimization approach. Phase one utilizes the conventional genetic
algorithm followed by a second phase incorporating domain specific knowledge
to further optimize the outcome of phase one. The rule-based approach within
phase two possesses limitations in comparison to the intelligent crossover
method as the formulation of rules solely depends on user knowledge to enhance
the phase one solution. Additionally, a significant limitation that inhibits the
two-phase approach is diversity of the population members within the conven-
tional GA. As generations progress within a conventional GA, population diver-
sity becomes primarily driven by mutation rendering a sub-optimal solution for
phase two to improve. The intelligent crossover provides instruction via a sec-
ondary chromosome string creating collective diverse populations driven glob-
ally and locally. Additionally, this secondary chromosome string experiences in-
telligent crossover enabling offspring to evolve and produce diverse populations

to further enhance the objective function while satisfying associated constraints.

10. Summary and Conclusions

The conventional GA is a diverse optimization approach used to solve an array
of problems [14]. The intelligent crossover concept has proven to be a novel ap-
proach to improving diversity within GA offspring and can be encoded into a
conventional GA. Intelligent crossover rendered results unattainable by the con-
ventional GA as reflected in the 7 digit Base 10 mathematical simulation. Addi-
tionally, this concept outperformed the two phase GA optimization approach.
This two phase approach consisted of a conventional GA and a rule based

methodology as reflected in plate design performance criteria outlined by Webb
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et al [1]. This plate design performance criteria includes the derived objective
function value along with corresponding population and generation sizes uti-
lized for the two phase simulation results. The diverse offspring generated from
intelligent crossover resulted in the creation of an alternative plate design in
comparison to conventional GA encoding while satisfying prescribed constraints
and minimizing computation time. Additionally, intelligent crossover offers al-
ternatives in parent selection which leverages artificial intelligence for the op-
portunity to choose the best saved parent designs or solution strings from the
prior generation. Lastly, intelligent crossover occurs within both the design or
solution string as well as the crossover string. This concept allows for evolving
design strings and corresponding crossover decision points to ensure the con-
tinued progression of diverse offspring within the GA solution search. Overall,
the intelligent crossover methodology can be incorporated into an array of com-
binatorial optimization problems particularly conventional GA attempted ex-
amples where alternative designs can be explored which possess historically ex-

tensive computational time.
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