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® heuristic methods-—do not guarantee optimality

¢ iterative methods

# simulate biological evolution, which has enabled
“nature” to develop species remarkably well-
adapted to their environment.

&

@ 0ennis Bricker , U. of lowa, 1997
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¢ development & theoretical foundation provided

by: John Holland, 4danfron in Nzivral and

Ariiticial Systems, The University of
Michigan Press,19/70.

¢ further developed & analyzed by Holland's
student.:

David Goldberq, Genrelic Algoritims
i Search, elimization, and Nachine
fearming, Addison—-Wesley, 19869,

@ 0ennis Bricker , U. of lowa, 1997
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® operate on a population of /»dfvidus/s which
represent potential solutions to the problem

# from the population, a set of "good” individuals
are selected to mzfe & form a new
generalion

# the quality of subsequent generations will (it
is hoped!) gradually improve and approach
optimality

@ 0ennis Bricker , U. of lowa, 1997
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Encoding

Fithess measure

Selection

Scaling fitness

rossover

MMutation

Generic GA Algorithm

Rl R

@ 0ennis Bricker , U. of lowa, 1997
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Each individual in the population consists of a
string, which "resembles™ a biological
chromosome composed of genes.

These genes may take on values from a finite
set of digits or characters, called z//e/es.

(Most frequently, the alleles are binary digits.)

Example: from the set of alleles {A,B,C} we
might produce the individual |ABCABBCABBC

@ 0ennis Bricker , U. of lowa, 1997
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For each individual 1, we define a /7{ness
value f(i) to measure how good it is.

Individuals representing good solutions will
have a larger fitness value than those which
correspond to poor solutions.

Used to determine which individuals sur-rive:
to produce the next generation.

Survival of the
[7ttest..

page
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From the pnpulatmn at each generation, a OA
randomly selects the fittest individuals to
survive and mate to produce the next generation.

The simplest method for doing this is "stochastic
sampling with replacement”, in which individual

£

i 15 selected with probability p;= (l/i £()
i=1

This is repeated until N individuals have been

selected. «

@ 0ennis Bricker , U. of lowa, 1997
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In sampling with replacement, the more fit
individuals are likely Lo be selected, and may
be selected several times. However, there is
not quarantee that an individual whose fithess
is above the population average will be selected

“Stochastic universal sampling” i1s a scheme

which will quarantee this!
JE Baker, "Eeducing bias and inefficiency in the selection
algorithm”, in Gerefic Algoritims & Thermr Applrcatrons:

Froceedings of the Znd inf 7 Conl. on Genetic Algoritims,
JJ Grefenstette (ed), 1987

@ 0ennis Bricker , U. of lowa, 1997
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Cnmpute S, the sum of the fitness values
for the population.

Hap each fitness value in random order to

=== contiguous segments of the interval [0,5]
on the real line, such that each segment has

length equal to its corresponding fithess

value.
0 5
) f2) K3 f4) H(N=2) f(N-1) f(N)

Stachasine
Liniversal |
Sampling |

@ 0ennis Bricker , U. of lowa, 1997
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Generate a random number s; within the
interval [0, S;«"N] , the "averaqge” interval.

S0
M —
4] Shy
Cnmpute the N equally-spaced numbers
s=s+ix i=012,---N-1

NF
ey 51 52 Sz 5M-4 SN-3 Sp-2 SN-
O 4 Loy NI
f(1) f(2) fl(3) f(4) f{N-2) f(N-1) f(N)

@ 0ennis Bricker , U. of lowa, 1997
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" set {s;j1 which fall within interval k.

5[] 51 5o Sz 5MN-4 SN-3  SN-2 SN-

0 | I Lo )R

| T T T T T
m=1 ha=1 Mg= & fig =0 fpea=2 Ny-1=1  ny=1

"of individual k and put into the mating

pool.

«Aﬂ

@ 0ennis Bricker , U. of lowa, 1997
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The distribution of fitness values
may strongly affect premature

convergence of a genetic algorithm.

SCALING

If a few individuals have much larger fitness
values than the others, they will generate many
more offspring and quickly dominate the
generations which follow, and the algorithm
will prematurely converge to a population of
identical "clones”™ which are not optimal.

"

@ 0ennis Bricker , U. of lowa, 1997
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A way to prevent this is to scale the fithess
values so as to maintain a constant "best fitness
to average fitness” ratio, the scaling factor.

Given scaling factor » and a set of fitnhess
values {f,.f>, ... fy}, we scale them to Fi=afi+b

where a & b are chosen so that

and

@ 0ennis Bricker , U. of lowa, 1997
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Solution: Choose a & b so that

A-1

d =

9
me-zﬂ
i=

b =N - a iy

where frax = max {f;}
1

@ 0ennis Bricker , U. of lowa, 1997
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Two individuals can mate to generate two
offspring, by randomly selecting a break
point and exchanging substrings:

ABCAA%BBCC ABCAA|BBCC ABCAA|lacha

> >

chachéacba chacbjlacba cbac b|[BBCC

break point | <

@ 0ennis Bricker , U. of lowa, 1997
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With relatively low probability, a gene on a
chromosome might change its value from one

allele to another.

ABCAABBCC| =p

ARJICAABBCC

_’.

A gene is selected
at random

4,.@

ACA ABBCC

New wvalue
of gene is
selected at
random

@ 0ennis Bricker , U. of lowa, 1997
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The GA is initiated with a random population
of N individuals

At each iteration, the GA does the following:|

Evaluates the fitness of each individual in
" the population

Based on fitness, chooses individuals from
the population based on fitness, to form a
mating poe/, and pairs these individuals

randomly .
P

@ 0ennis Bricker , U. of lowa, 1997
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For each pair of individuals in the mating pool,
either mates them & puts the two
offspring into the new population

or copies them directly into the new
population

Carries out mutation on the new population
Checks whether to terminate.

Lisualivy g genelic alfgoriihm will lerminzgle
afler @ grven number of rteralions, or when
nearfy aff of the individuals in the populalion
are rdenlical.

@ 0ennis Bricker , U. of lowa, 1997
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There are numerous decisions which much be made
in the designh of a genetic algorithm:

* population size

* probability of crossover

* probability of mutation

* whether to "seed" the initial population with "good"
solutions

* scaling factor (best to average ratio) for fitness

See sample Pascal code in Chapter 3: "Computer Implemen-
tation of a Genetic Algorithm”, in book by D. Goldberg.

o

@ 0ennis Bricker , U. of lowa, 1997
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Genetic Algorithm for Line Balancing

GENETIC ALGORITHM |
FOR LINE BALANCIN

Consider the Assembly Line Balancing (ALB)
Problem in which the number of stations n
is fixed, and the tasks are to be assigned to
the stations so as to minimize the cycle time.

@ 0ennis Bricker , U. of lowa, 1997
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n =3 stations
10 tasks

@ 0ennis Bricker , U. of lowa, 1997
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For the ALB problem, a natural encoding would
be, using the station numbers as alleles, to

identify the station to which task 1 is assigned
by the number in the ith position on the string.

@ 0ennis Bricker , U. of lowa, 1997
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Station |

The assignment shown above would be

coded by the string: [ 111|211]12(2!3|2]3|3

1T 2 2 4 5 & 7 8 9 10

@ 0ennis Bricker , U. of lowa, 1997
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Our objective is to
# minimize the cycle time, while
# salisfy the precedence restrictions

The "fithess”™ measure of a solution should
be a positive value which reflects both of
these considerations,

with a larger value for those solutions which
better satisfy the objective & restrictions.

@ 0ennis Bricker , U. of lowa, 1997
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=tation |
time = 38

station 2 ¢
time = 42§

Station 3 |
time = 33 |

The assignment of the ten tasks to the three
stations shown above resulis in a cycle time

equal to Tyax = max{38, 42, 33} =42,

@ 0ennis Bricker , U. of lowa, 1997
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The cycle time 15 to be minimized, and so is
an indication of "unfitness”, i.e., the larger
the cycle time, the more unfit the solution is.

If T(i) is the cycle time of individual i, then
the fitness could be measured by

f)=kxM-TG) |

Where .......................................................................................
M = maximum {T (1)}
1

and k>1. With this definition, f(i)>0 for all i.

@ 0ennis Bricker , U. of lowa, 1997
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However, because individuals which violate one
or more precedence restrictions might appear
in the population, we will include a penalty P
times the number V of such violations:

@ 0ennis Bricker , U. of lowa, 1997
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Station2 | 15 5@ 2 Cycle time = 43
¢ . = max{43, 30, 40}
A S A— AN
10 (3= 7 A 15
i (4 {6 = 7) 10
12
0
1121111233233
1 2 3 4 5 & F7 8 9 10

In the assignment shown, task 6 does not
precede task 8 as required, and so we reduce
the fitness by a penalty P=10:

T(i)=43+10%x1=03|

@ 0ennis Bricker , L. of lowa, 199?
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Suppose that the two individuals below have
been paired for "mating” , and the “break point”
has been randomly chosen to be after the 5
“gene” in the string:
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.
A 8
Statmn 2B

1|1
2

21112|213
1 T 4 3 & 7

The two parents
"mate” and pro-
duce....

13m &
Station 2§

2288121818

4 S & T &8 9 10
@ 0ennis Bricker , U. of lowa, 1997
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g

A 8

N

12%%%%%

Statmn 2B

two "hybrids” of
their parentsl

2

2

3

2

3

3

] iy

page 33

4 S & T &8 9 10
@ 0ennis Bricker , U. of lowa, 1997
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Mutation will be performed on each "gene”
with some probability B, ... which is
relatively small.

If a gene 1s randomly selected for mutation,
it is assigned an allele selected uniformly
from the setl of alleles.

112121321313 = |1]|2
Z 4 5 e

12
2

1

ol —=
I'_|1I‘\\“‘~a_-:I
@ | [0
1| CH
| [0
o | Cr

@ 0ennis Bricker , U. of lowa, 1997
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Consider the ALB problem used as
an example earlier....

Gernetic Algorithn Farameters b

az2:21 :59 pm december 2, 19293

Metations = 32
= g of stations
Fopsize = 2@
= H of individuals in population
Fcross = Q.8
= Pi{crossouverkt
Frutate = 0.885
= Pimutationr
Feralty = 35
= penalty per precedence violation

kkk = 1.3
. “-?

@ 0ennis Bricker , U. of lowa, 1997
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At the 100th Fit  Cucle vigla

it ¥ th #  ness time tions Fopulation
iLeration, € 1 1gs Se = 1221 =za2egee1l 3
] = 1gs Se = 1221 =za2egee1l 3
algnr‘lthm c 1gs Se = 1221 =za2egee1l 3
cnnverged: 4 1gs Se = 1221 =za2egee1l 3
= 1gs Se = 1221 =za2egee1l 3
& 1gs Se = 1221 =za2egee1l 3
) 7 1gs Se = 1221 =za2egee1l 3
the populaiion s | 185 sa = |1t221 322213
: = 1gs Se = 1221 =za2egee1l 3
;5;9;??‘9;5;5-;_}- 1@ 1gs Se = 1221 =za2egee1l 3
Lrifora 11 1@5 Se = 1221 =za2egee1l 3
12 1gs Se = 1221 =za2egee1l 3
13 1gs Se = 1221 =za2egee1l 3
14 1gs Se = 1221 =za2egee1l 3
19 1gs Se = 1221 =za2egee1l 3
16 1gs Se = 1221 =za2egee1l 3
17 1gs Se = 1221 =za2egee1l 3
12 1gs Se = 1221 =za2egee1l 3
19 1gs Se = 1221 =za2egee1l 3
z@ 1gs Se = 1221 =za2egee1l 3

Incumbent:

1 2222 2 2 2 3

Norre 1 frinaf generairon 1s teasibiof

o L P I L e L L L P | -'-'Ir
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Cyvele Lime
s o6

Fhe incumbent was dis—
coavered i i earfier
generalion ol then
Fisannesrod?

@ 0ennis Bricker , U. of lowa, 1997
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103 -

100 4

25 1

20 A

AVERAGE FITNESS |

={! J ‘==
20 1

75

70 T v v r 1
20 40 &0 20 1an

iteration

@ 0ennis Bricker , U. of lowa, 1997
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106 -

104 4

102 -

100 -

MAXIMUM FITNESS |

9 B b T

Q5

9

Qi T v v r 1
20 40 =11 20 100

@ 0ennis Bricker , U. of lowa, 1997
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-
Fit LCudcle wiola

page 40

FURING @Gaif, _*  ness time tions Population
with a higher | = |7 a7 | Lo S2FRA0°0
probability of | 3| 117 a3 i
crossever c|117 a3 o |131232231 3
{' g {:;I Ej v 117 43 1 .
= 117 43 a
) 117 43 a
18 117 43 a
Again, the 11 | 117 45 1
12 117 43 1
algorithm 13 | 117 45 1
14 117 43 1
caonverged 15 | 117 45 1
15 117 43 1
- - 17 117 43 a
(population is e | 11> a= @
fol wiriform, bod 19 | 117 45 @
: 2@ | 117 45 1
ﬁﬁj uﬁ f f Em? SRR DR DD DD D D L B R S D R S R R D

Fitnessii

@ 0ennis Bricker , U. of lowa, 1997
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o

Station | _—""

\ 5 | %@/

lncumben?.

—_—

Cyole lime 15 45

@ 0ennis Bricker , U. of lowa, 1997
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120 -

115 -

110 -

105 -

100 -

25

8/19/00 page 42

MAX FITNESS |

20 40 &0 20 100
iteration ¥

@ 0ennis Bricker , U. of lowa, 1997
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120 4

110 1

100 1

20

20

8/19/00 page 43

AVERAGE FITNESS |

20 40 &0 20 100
iteration #

@ 0ennis Bricker , U. of lowa, 1997
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120 -

110 1

100 -

210 A

=1

L

&1 A

a0

8/19/00 page 44

MINIMUM FITNESS "

20 40 &0 20 100
iteration ¥

@ 0ennis Bricker , U. of lowa, 1997
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10 4
E -
¥ of Feasible |
.| Individuals in|
Population
4 -
2 -
' 41 &0

20 a0 100
iteration ¥

@ 0ennis Bricker , U. of lowa, 1997
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Running the GA again with Pcross=90%, it converged in 88th
generation:

Fitness
generation | min max average|#feasible
Te =1 i1@ i@1 .28 1
T3 22 111 i1@1.15 @
T4 =1 111 laz.za @
T3 22 111 1@1 .79 @
TE 3= 111 lez.7va @
TT 22 111 i@4.2a @
Ta 22 111 les.45 1
T 29 111 1@4 .95 1
28 =A=] 111 ilav.4a @
21 1a1 111 ileg.73a @
a2 i@z 111 ilag.7a @
L= C] i@z 111 legs.8s @
=) 18z 111 i@s.4a @
29 =1 111 las.z2a @
=1 ) 18s 111 i1a.z2a @
=y 1az 111 i1a.&a @
3= i1@ 111 11a.25 @

¥ ¥ Converged!did
@ 0ennis Bricker , U. of lowa, 1997
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*

Cycle viola

Fopulation

tions

Fit
ness time

e

WILENMS BFICKer, U, oT wa, 1997

Converged to nonfeasible solution!
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Fhe rncumbent was dis-

coverod i 8 ogrfrer ] ]
gonroration, and thon Cyole time 15 56

JIEEPJDE'EFE'G? @ 0ennis Bricker , U. of lowa, 1997
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100 -

20 A

INCUMBENT

20 A
70

&0 A

20 40 &0 20 100

@ 0ennis Bricker , U. of lowa, 1997
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115 1

105 A

MAX FITNESS |

100 A

25 T T T T
20 40 =11 20

@ 0ennis Bricker , U. of lowa, 1997
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120 -

110 -

100 -

20

AVERAGE FITNESS |

=1

Ll T v r T
20 G =11 20

@ 0ennis Bricker , U. of lowa, 1997
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120 ;

110 -

100 -

20 4

210 A

T

Bl A

=11

8/19/00 page 52

MINIMUM FITNESS

20 40 &0 20

@ 0ennis Bricker , U. of lowa, 1997
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31 #* of Feasible
individuals in
the population

20 40 &0 20 100

@ 0ennis Bricker , U. of lowa, 1997
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generation

Running Lhe
G4 ggain, bl
with popula—
tron sice =
S0, ol Z0d

Comveryges in
7oLl genera—
fron

5@
51
=
63
54
55
=1
57
==
59
T
71
=
73
74
75
76

8/19/00

Fitness

average|#feasible

| min  max
22 1za@ 18&e.&632
22 1za@ 1835. 5@
22 1za@ ia4g.47%
=l 1za@ 183,63
=21 1za@ 18&e .28
= 1za@ 184 .38
=24 1za@ 18a&e.az
22 1za@ 18e.1@
25 1za@ ia=2.17
Qv 1za@ i11.1@
a2 1za@ 112.98
Qs 1za@ 114.47
Qs 1za@ 114.83
Qs 1za@ 11&6.632
1@z 1za@ 117.1°7
1135 1za@ 112.38
119 1za@ 112.28

i

IR U U R It BN NN I | 1

Converged! xf¥
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SUOLE[OLA .
LY 2047

SSalLY

H

1280 449 @

1280 449 @

1

cl1ize 449 @

3128 49 @

41280 49 @

a1z 449 @

al12@ 449 @

Tliize 449 @

3128 49 @

2120 49 @

alize 449 @

1

cl1ize 449 @

3128 49 @

41280 49 @

a1z 449 @

—_ o
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120 -

110 -

100 -

AVERAGE FITNESS |

20

20

20 40 &0 20
iteration

@ 0ennis Bricker , U. of lowa, 1997



Genetic Algorithm for Line Balancing 8/19/00 page 57

120 -
115 1
110 \
{05 ] FITNESS
100 -
a5 T T T .
20 40 =31 a0
iteration

@ 0ennis Bricker , U. of lowa, 1997
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120 -

1110 A

100 -

20 4

20 1

70

&0 1

=20

8/19/00 page 58

MIN FITNESS

20 40 &0 a0
iteration

@ 0ennis Bricker , U. of lowa, 1997
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20 1

25 1

20 1

15 1

10 1

8/19/00 page 59

Number of
Feasible
Individuals |
in the gen- |
eration

an 410 &0 a0

iteration

@ 0ennis Bricker , U. of lowa, 1997
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&0 1

28 1

26 1

24 A

22 1

20 A

45 4

4 A

dd

8/19/00 page 60

INCUMBENT |

|

20 40 &0 20
iteration

@ 0ennis Bricker , U. of lowa, 1997
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) 13 & o
Station | 2 {5 A 8
ééé . | | -N:lli‘-\_'-‘ll |
E: R _____—wmmwwmwwwy__™—_—,.. |

Station %

- Cycle time is 44

@ 0ennis Bricker , U. of lowa, 1997
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Finally, the GA was run with a population size
of o0, and a probability of crossover equal to
7o%.

Convergence occurred on the /7/7th iteration.

@ 0ennis Bricker , U. of lowa, 1997
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170 -

183 1

150 -

153 -

150 1

145 -

140

8/19/00

MAX FITNES

page 63

20

40

&0 20

@ 0ennis Bricker , U. of lowa, 1997
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120 4

110 1

1410 1

120 1

100 1

S0 1

=1

8/19/00

MIN FITNESS

page 64

20

40

&0

a0
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170 -

150 1

150 -

140 -

130 1

120 -

110 -

100

AVERAGE FITNESS

8/19/00

page 65

20

40

&0

20
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S0 5

21 A

20

20 1

10 4

# FEASIBLE

P At

8/19/00

page 66

20

40

&0

a0
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All solutions in the final population
are feasible, with fitness = 167
and cycle time = 43

There are four

distinct

solutions in the

population:

The best solution was found in the
35th generation, with a cycle time
equal to 40.

@ 0ennis Bricker , U. of lowa, 1997
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o A

) Incumbent

Cycle Time

o0

43 4

4 A

44 -

42 A

40 4

38 1 1 1 1
z0 a0 =11 =0

iterations

@ 0ennis Bricker , U. of lowa, 1997
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Station 2 g

Cycle time = Minimun{3g, 3%, 37} = 39

Optimal |
The optimal cycle time is 39

-

Solution

@ 0ennis Bricker , U. of lowa, 1997
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The following screens contain listings of some APL
functions written to implement GA for the Assembly
Line Balancing problem.

@ 0ennis Bricker , U. of lowa, 1997
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C13
CE1
L33
C41
=
Cel
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YEARsdetail stoprintersMax_iterationssIsdetail ssho

SGenetic Algorithm

tor Assemkbly Line Balancing Frokblam

tiamaely, minimize Cycle Time, =.T. Hstations

Glakal wariakbles usad:

Metations =
= =
it =
Fopsize =
kkE

Fcraoss

Frautate =

# of stations to be used
wvactor of LTaszk tTiwmes

ad jacency matrix of precedenc
population size

scalar > 1

probability of crossowver
probakbility of mutation
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C151
Cils]
C1+¥1
C151]
C121]
CSE]
CES11
==
CE31
L2441
I =t=
==
CES¥1

show_pop+detail «ASKYMN 'Show details?!
todetail » ' show_pop+ASEYMN '!'Show pools™'' !
Ma~_iterations+Regquest_Box 'max # iterasticons!
toprinter+AskFrint <+ FrSelect

Frologue

FOF+Initial _Fool(Fopsize Mestations ,zFI
i_ycleTime+Evaluate_Fool FOF

Fithess«(lTkkkxUBel “CyclaTimael-—CycleTim=
Incumbent+1ld ¢ MinCycleTime«BIG
MaxWalseMinWals+Avglal s+MumFaeas«1d ¢ iteration«d

Fecord_Status
'Fandom Seed: ', FSet_Random_Se=d
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C&s] r

== $~detzil>-'0OL < UMDEELIME ''—Gerneration——Minimu
easible-"""

C3HA] Mext:=+Stop oit Maw_iterationsd{iteration+iteration

C31d nm
C=2] +Converged aif il Fithnessl=LsFitness

C33d nm
C=41 A Selact pool of indiwviduals who will surwvive
C351 n & be candidates for mating (& mutation?

G =| I+Select_Fool Fitness
C37V]1 Report_GA
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C35] n

C32] n Mate pairs in the selacted pool
C4x]1 FOF+Crossower FOFLCI;3

C413 R

C4Z21 n Mutate indiwviduals in the pool
C43]1 FOF+Mutate FOFLCIs1

C443 r

C451] Fithess+(lTkkkxUB)-CycleTime+Evaluate_Fool FOR
C4&1] Fecord_Status

C471 A Erd of iteration
C4313 shlext
C427] Vit Mawimum # of iterations pertormed ! ek

C581 =+5Stop
[51] Conwverged: '##E Comwverogec | s !
C52] nm

C53] Stop: '#Hd Lerminatad k!
L
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Y“FOOL+Initial _Fool Mimsgsrl

C11 ~w

Lz A Get initial population for genetic algorith
C31 ~w

C<41 A MmLCld= population =size

C5] A wCgd= # aof =tations

Ced A mLC3dl= & of tasks

C¥1 A

Cs1 +Fandom @it ASEKYM 'Fandom initial genetic pool?!
= Enter:FPOOL+2353E0 Alpha_Reguest_Box 'name of initial
CiE@1] =0k Sif~ s 0xMC1]=1TegFO0LY ,cxC3]="1TeFO0OLY , ,FOOLE 1

Ci1113 Message_Bowx 'sError!sPlease try again

Ci1E1] “Entear
C13] Random:rl+Set Random_Seed
Ci141] FOOL«<7?=C1 S1gxsC]

C157 OK =
w4
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Ci1
Cz1
C=1
C41
(=
Ce1
CT1
C=1
C=1
Cial
Cii1
Ciz1
Ci1=1
Ci41]
L1351

"Report _GARA;table ;M;output

Feport results in iteration of
Genetic Algorithm for ALE prokblemn

Qe 1 i L 1]

tcdetail »'SHIFTOCTR UMDERLIME ''Generation #'' ,Titeration
HM+1tpPOF

+C~vshow _pop?sSummary

takble«'IZ2,< | *,I&,< | »'" OFHTig{Z2 ,Hrpi1H) ,Fithess)
takble+takle,'IZ2' OFMT FOF

oL.,' # Fithess ---mating pool----
takle ¢ PAUSE ¢ -=+End
Summary:
outputsiiteration
'I7,2I11@,F1@.2,I1
End:

=

Tl tMinVals? T 1 tMasWalsr il tAvglal sl
1

r
@' OFMT 1 Spoutput
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YRecord_Statussbsi

C11 ~

C21 ~n Fecord status of the population
C=1 A a2t the end of =ach generation
C41 n

C51 MinWals+Minlals L -Fitre=ss

Ced MaxWals+Maxlals T Fitrhess

C+71 Awvogllals=+Awvgl/al=s ,AVERAGE Fitress

(= MumFeas+MumFeas ,+-B=nwv+hMumber_Wiolations FOF

= +End aif~¥ lbelnw=EB)"CyclaTime! ITMTMinCyclaeTime

Cla@dl MinCycleTime+rMinCycleTime ,CycleTimelitlth 1Fopsize
Ci1113 Incumbent+«FOFLCi s ]

Ci21 0OCC 33 < =@

C13] Ernd::MinCycleTimesrMinCyclaeTime,” 1TMinCyclaTime
22
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Yz+Ewaluate_Fool FPOFj;isM

Ci3 A

Cc] A Ewvaluate the indiwviduals in the pool
C3] n tcycle Ltime of assighment)

C43 A

= i@ & Me(pFOFIC1] < z«MpB
Cel Mexti=End oif M{iei+l

C¥3 zLide«Ctime FOFLCizd

= sMa=xt

C2] Erd:
L)
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YLeCLhime pop

C11 A

Czd A Compute Cycle time for solution "pop!

C3] n where poplil= station to which task i is
C47 A assigred. Include penalty times number
C5d n of precedence wiolations.

C&] A

C¥1 n Global wariakle: Fenalty

Cs] A F = wvector of task times
= A

Cl17] tel sl 01MNstationsl e . =popli+. «F A CTycle time

C11] t+«t++-Fenaltyx Arpope.ipop A Violation penalty
w7
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MzePlumber_Wiolations popsi

C11 A

CZ2d n Compute number of wiolations of

C=1 A precedence restrictions

C41 A

C51] A Global wvariakble: H = precedence matrisx

(= +S3ingle 4if l=gpEppop
CY] ze (1l Toppopleld ¢ ied@
3] Mexts+End aifippopiCll<ici+l
= zLide+s ,Apoplisde. fpoplis]
Cle3] +Me~t
C11] Singlesz«+s ,AXpope. fpop
Cl12]1 End:
L
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VI+Select_Fool F3Ssihisl@ssstsnsashk

C11 A

Cz] A Select indiwviduals from pool according
C=1 A to their fitrness wvalues F

C41 A Fitrness walues are scaled s=o as

(= A to sum Lo 1.8 and

Ce] A Ma~x Fitrness = scaletactar+iN
C¥1 A Glokbal wvariable: GA_Scale_Factor

(= s+ (G0A_Scale_Factor—-1l)+((Fopsizexl #Fl—+.-F1
= bel—a«LsF 2 (GA_Scale_Factor+Fopsizel—-au«l ~F
Ci@3d Feb+axF
Ci1i1d ~r
Ciz] Se+-F & ++«+~F
Ci1=] s (S+MepF I x@. 001 71000
Ci14] ses@+C5S+MIxE ,1M-1
Ci15] eEm—E,” 1dnet+s0f e, s
Cie] @ ait Fopsizesglelin:@l nd~in>@) 1M
2
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C11
L=
C=1
C43]
C51]
Ced
CY1
L3
C21]
Clia]
C1113
Ci1=1
C1313
C141]
L1513

T D D DD D DD DD

Ml+-Sample FitnessihiSsisds=sF

Select indiwviduals from the population,

who will surwvive to the rnext generation.

Argument: Fitness = wector of fitness walues
of the indiwviduals in the population,

Fesult: [ = wector of rnumber of copies of
indiwvidusals to be included in the next ge

Method wused is "stochastic uniwversal samplin

du=e to J.E. Baker

S++-Fitrness < MepFithness < Fe+~Fitrness
sEe(71EEE ) xMN+-1B0BE xS

ses@+0S5+MNI =@ ,1M-1

Qei+sFe, 2s)—0+/0@, 14Flia. 2=

2
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C11
(=
C31
C<431
C51
=
CY1
(=
C=1]
Cil]
Ci1113
Ciz1
C1313
C141
C1513
Cilel
C1+¥3
C1s1
L1217

Ml+Zrossowver FopsMsMiFPFARAIRE;I
For each pair of indiwviduals
im the mating pool, =2ither mate
them & put the 2 otffspring into
the pool, or else copy them into

T D D I I

the rnew pool directly

MelgFPop?fll ¢ Me{pFPopal2l]

Qetld,  1TeFopael

A Fandomly shutfle the pool
Fop+«FopCh+7Ms 1

Mexti=End aif Z2r(pgFPopalll

A Femowe pair +rom the pool
FRAIE«(2 ,M)TFop < Fop+«Z @BlFop

H

+Copy @if FPocross{ (71000 +1E080E

A Choose crossower point
Q«0Q,C13¢C2 , I»+PAIRY 4C130@ ,I«1+7M-21LPARIR
sMa=xt

Copy:lJ«l] ,L1IFAIR < -=MNext

Endz)+0 ,C11Fopo
=

page 83
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MleMutate Fopsl

Ci1d ~n
CZ21 n Fertorm mutation of the indiwviduals in pool
C31 ~n

C<43 e ,Fop
C51 I« (Frutatez (P () pld@E00 ) -18860E@ 1 <10
Cel QCTIJd+«7ipllighstations

C71 e (pPop ) el
2
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