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Chemical Laser Modeling with Genetic Algorithms

David L. Carroll*
University of Illinois at Urbana-Champaign, Urbana, Illinois 61801

A genetic algorithm technique was implemented to determine a set of unknown parameters that best matched
the Blaze II chemical laser model predictions with experimental data. This is the first known application of the
genetic algorithm technique for modeling lasers, chemically reacting flows, and chemical lasers. Overall, the genetic
algorithm technique worked exceptionally well for this chemical laser modeling problem in a cost effective and
time efficient manner. Blaze II was baselined to existing chemical oxygen-iodine laser data taken with the research
assessment and device improvement chemical laser device with very good agreement. Mixing calculations for the
research assessment and device improvement chemical laser nozzle indicate that higher iodine flow rates are neces-
sary to maintain a significant fraction of the nominal performance as the total pressure is increased by the addition
of helium; this agrees with research assessment and device improvement chemical laser experimental data. It may
be possible to implement this genetic algorithm technique to optimize the performance of any chemical laser as a
function of any of the flow rates, mirror location, mirror size, nozzle configuration, injector sizes, and other factors.
This modeling procedure can be used as a method to guide experiments to improve chemical laser performance.

Nomenclature
H = jet penetration height
Lr = gas trip (injector) jet spacing
A/p, NI = number densities of I* and I
P = pressure, torr
T = temperature, K
U = utilization defined as io2/^(ci2)0
Xj = mole fraction of species i
xi = molar flow rate of species /, moles/s
Y = yield defined as [O2(l A)]/[total O2]
f> = titration ratio defined as ii2/io2

 and xi2/Ux(c\2)Q
ty = diluent ratio defined as i(He)pri/^(ci2)o

I. Introduction

T HE typical chemical oxygen-iodine laser (COIL) utilizes an
energy transfer from the singlet delta excited state of oxy-

gen O2(1A) directly and indirectly to I2 to dissociate the iodine
molecule. This process is followed by an energy transfer from other
O2(1 A) molecules to the liberated iodine atoms, thus providing the
energy for the atomic iodine laser transition of interest. A number
of papers have investigated issues associated with the operation of
COIL systems.1 These include the required O2(! A) generators,2"8

the ratio of I2 to O2 flow rates (titration) for optimal performance,1
the energy transfer dynamics,9 and the power extraction efficiency,1
among others. Crowell and Plummer10 addressed the issue of how
the extracted power is affected by significant increases in the total
pressure of the flow (up to approximately 120 torr), but their power
results were not in particularly good agreement with data because
they used a premixed model for the laser cavity calculations. No
investigations have addressed the issues of the extent of mixing,
I2 dissociation, small signal gain, power, and system performance
when the total pressure of the flow is increased to levels greater than
120 torr. If the total pressure of a COIL device can be increased sig-
nificantly while maintaining the device's nominal performance, then
it should be possible to reduce the size of pressure recovery systems.

The effects of increased total pressure on mixing, kinetics, gain,
and power must be analyzed with a reliable computer model. In
Ref. 11, the mixing Blaze II computer model12 was modified for
use with a slit nozzle laser device and baselined to recent COIL
data for a range of total pressures of 70-130 torr. There were five
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unknown parameters used in this modeling.11 To efficiently search
this large multimodal parameter space, a robust genetic algorithm
(GA) technique13'14 was implemented to find the set of unknown pa-
rameters that best matched modeling predictions with experimental
data; the details of this GA technique and the implementation for a
chemical laser model are the subject of this paper.

II. Description of the Blaze II Model
and the Unknown Parameters

The Blaze II code12 was originally written to be as generic a chem-
ical laser model as possible. Blaze II can treat arbitrary combinations
of chemical species characterized by an adequate number of reac-
tions (as many as 500 reactions and 40 species). Blaze II, which
contains one-dimensional fluid dynamic equations whose mixing
terms were derived from the two-dimensional equations that de-
scribe the mixing flowfield in a chemical laser cavity, can be used
for axisymmetric and two-dimensional flows. Lasing may occur on
a single atomic transition or on as many as 10 vibrational bands of
a rotational equilibrium flow. Computer solution time is sufficiently
short that extensive parametric studies can be performed in reason-
ably short times; a typical hydrogen-fluoride (HF) chemical laser run
takes approximately 70 CPU seconds on an IBM RS/6000 computer,
and a typical COIL run takes approximately 30 CPU seconds on the
same machine. In Ref. 11 the Blaze II code was used extensively to
predict the performance of a COIL (single atomic transition) device.

All of the calculations made in this paper used the 33 reaction,
12 species set15 listed in Table 1. All of the reactions tabulated are
one-way reactions. The gain g of a COIL laser is given by1'10'15
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Table 1 Full oxygen-iodine reaction set; 33 reactions, 12 species: I, I*, 12, I£, He, H2O, O2(l A),
02(3S),02(1E),C12,IC1

k
1 O2(1A) 4- O2(1A)
2 O2(1A) 4- O2(!A)
3 02(1E) + 02(3E)
4 O2(1S) + H2O
5 O2(1S) 4- C12

6 O2(1E) 4- He
7 02(1A) 4- 02(3£)
8 02(1A) + H20
9 02(1A) + C12

10 O2(1A) + He

11 I2 + 02(1E)
12 I2 4- O2(1!])
13 I2 + 02(1A)
14 i2 4- r
15 I* + 02(1A)

16 I* 4- 02(3E)
17 I* + H20
18 I* + He
19 + O2(1A)
20 * 4- O2(3E)

21 4- 02(1A)
22 * 4- 02(3£)
23 * 4- 02(1A)
24 * + 02(1A)
25 4- I*

26 * + H20
27 * 4- He
28 * + C12
29 * 4- C12
30 * 4- IC1

31 I2 4- Cl
32 Cl 4- IC1
33 I2 4- 21

Rates, cm3/molecule-s

-+ O2(1E) 4- O2(3S) 2.5e-17
-> O2(3S) + O2(3S) 1.8e-17
-> 02(1A) 4- 02(3E) 3.9e-17
-+ O2(1A) + H2O 6.0e-12
-> O2(1A) 4- C12 2.0e-15

-> O2(1A) + He 1 .Oe-17
->' O2(3E) 4- O2(3E) 1.6e-18
-> O2(3E) 4- H2O 4.0e-18
-> O2(3!]) + C12 6.0e-18
-> O2(3S) + He 8.0e-21

-^ 21 4- O2(3E) 4.0e-12
^ I2 + 02(3E) l.(>e-ll
-> I* 4- 02(3E) 7.0e-15
-> I + I* 3.5e-ll
-> 21 + O2(3E) 3.0e-10

^ I2 + O2(3E) S.Oe-ll
-y I2 4- H2O 3.0e-10
-> I2 4- He 4.0e-12
-+ I* 4- O2(3E) 7.8e-ll
-^ I 4- O2(1A) 1.0277e-10*exp(-401.4/r)

-> I 4- O2(3E) l.Oe-15
-> + O2(3S) 3.5e-16
-» + O2(1E) l.Oe-13
-> 4- O2(1A) l.le-13
-> + I 1.6e-14

-> 4- H20 2.1e-12
^ + He 5.0e-18
-v Cl 4- IC1 5.5e-15
-> I + C12 8.0e-15
-> I2 + Cl U5e-ll

-> I + IC1 2.0e-10
-^ I + C12 8.0e-12
-> I2 + I2 3.6e-30
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Fig. 1 Side view schematic of the RADICL nozzle showing the laser —
cavity location and the mixed and unmixed flow regions.
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where R is the universal gas constant, 8.3143 x 107 ergs/mole-K; 0^^"° )̂ """̂

Flow
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W is the molecular weight of iodine, 126.90447 gin/mole; rref is a
reference temperature taken to be 295 K; and the pressure broaden-
ing coefficients a/ in MHz/torr (referenced to 295 K) are 4.4, 10.5,
7.3, 6.2, 20.6, 3.6, 3.6, and 4.7 for I, I2, O2, C12, H2O, He, N2, and
Ar, respectively.10

Since the high-pressure COIL experiments have been performed
with the research assessment and device improvement chemical
laser (RADICL) nozzle at Phillips Laboratory, the modeling in-
vestigation focused on that nozzle. A side view schematic of the
RADICL nozzle and laser cavity section are shown in Fig. 1. A top
view schematic of the RADICL device is shown in Fig. 2. Detailed
discussions of the experimental configuration are given in Refs. 10
and 11. The data modeled have a nominal chlorine flow rate into the
oxygen generator of jc(Ci2)0 = 0.50 moles/s. The primary flow rate of
He is given by the diluent ratio ̂  [=iHe/i(Ci2)0]; the primary flow
rate of O2 was equal to £/i(ci2)0 where the utilization U was given
by experimental measurements, approximately 0.93 for ty = 3 and
0.86 for T/f = 10; the secondary flow rate of iodine is given by the

Fig. 2 Top view schematic of the RADICL experimental layout.

titration ratio ft [=xi2/xO2 = ii2/£/i(Ci2)0]; and the secondary flow
rate of He was equal to 0.65 + 0.10(^ - 3) moles/s (Ref. 11).

Blaze II requires the following inputs for each stream: the total
mass flow rate, the mass fraction of each species, the pressure, the
temperature, the Mach number, the initial height of the stream, and
the reference diffusion coefficient. With the exception of the oxygen
yield [which gives the relative mass fractions of O2([ A) and O2(3 E)]
and water vapor in the primary stream at the I2 injectors, all of these
initial conditions for Blaze II are accurately measured experimen-
tally (mass flow rates) or can be approximately determined from
experimentally measured flow conditions.11 There are experimental
values for the oxygen yield; unfortunately, this yield diagnostic is
not very accurate because of calibration difficulties. Hence, there
is a great deal of uncertainty in the oxygen yield in the plenum of
the RADICL nozzle; experimental values range from 0.22 to 0.55
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(Refs. 16-18). The functional dependence of the yield on the diluent
ratio ̂  is illustrated in Fig. 6 of Ref. 11.. The amount of water vapor
is believed to be in the range of 0.01-0.10 moles/s and approxi-
mately constant as a function of the primary flow rates.16 Therefore,
a study of the effects of changing the yield and the amount of wa-
ter vapor was undertaken.11 The objective of that investigation was
to determine a combination of the yield and water vapor parame-
ters that best predicted the experimental outcoupled power over the
entire data set.

Unfortunately, it was found in Ref. 11 that by varying only the
yield and water vapor, it was impossible to produce good agreement
with data for different mass flow rates. Therefore, to obtain bet-
ter agreement with the data as the mass flow rates were increased,
two mixing parameters were added to the list of unknown param-
eters. First, for generality it was assumed that the I2 injector jets
expand by an average factor JeKp when they enter the lower pressure
primary flow. The jets will definitely expand, but the amount of ex-
pansion is uncertain. Reference 19 indicates that an underexpanded
jet with a pressure ratio [(Po)sec/Ppn] of approximately 6 [=(300
torr)/(50 torr), the ratio for the RADICL experimental conditions]
has an expansion of approximately unity, i.e., very little expansion.
If we consider simple quasi-one-dimensional fluid dynamic expan-
sion for a y — 1.67 fluid (y ~ 1.65 for the He/I2 secondary jets)
from Mach 1 to a pressure ratio of Ppri/(/)o)sec ̂  1/6, the area ra-
tio A/A* is ^1.32. Since the jet expands three dimensionally, the
effective diameter of the expanded jet goes as the square root of
the area ratio, De*p/D « 1.15. The jet, however, would expand to
this value over the full penetration height; therefore, the average
expansion is only around 1.075 « 1.1. Thus, the a priori assumption
was that Jexp = 1.1. Since 7exP is actually an unknown, however, it
was allowed to have a range in the parameter space; since the jets
expand, the minimum value is 1.0 and a value of 2.5 was arbitrarily
designated the maximum.

Second, to simulate a three-dimensional mixing flow with a two-
dimensional mixing model, the reference diffusion coefficients for
the primary and secondary streams incorporate a diffusion coeffi-
cient multiplier (DCM). This DCM is based on a surface stretching
scheme proposed by Driscoll,20'21 who suggests that an appropriate
DCM is

DCM (H/Lr)2 (6)

where tyr is a constant reference value of the surface extension
ratio. For these modeling calculations, the jet penetration height
is found from the momentum flux ratio of the secondary to the
primary streams and the study of Cohen et al.22 of jet penetration
(the value of H is taken to be Htop defined in Ref. 22). There are two
rows of I2 injectors in the plenum region of the RADICL nozzle,
Figs. 1 and 2. There are 115 large and 230 small injector holes on
each side (top and bottom) of the nozzle plenum. The large and
small I2 injectors have geometric diameters of 0.032 and 0.016 in.,
respectively. The large holes have a spacing of 0.085 in. between
their centerlines and the small holes have a spacing of 0.0425 in.
between their centerlines. The centerline of the row of large holes
is 0.12 in. upstream of the centerline of the row of small holes. The
centerline of the row of large injectors is considered to be x = 0
in the Blaze II modeling calculations. Because of the geometry of
the problem (large injectors are twice the diamater of the small
injectors, but there are twice as many small injectors), the DCM

for each set of injectors is the same. The surface stretching mixing
enhancement scheme is represented by an increase in the contact
area between the two streams. Because the primary flow, which
passes between the large injector jets, should also pass between
and over the small injector jets, the a priori assumption was that
the enhanced mixing effects of the set of large injectors should not
be significantly improved by the second set of injectors, i.e., only the
large set of injectors was a priori considered to enhance the mixing.
To simulate the effects of further enhanced mixing by the secondary
injectors, the DCM was increased by an arbitrary exponent

DCM = (DCM) (7)

where the DCMexp was allowed to range between 1.0 and 2.5. Since
the DCM of the large and small injectors are the same, it is plau-
sible that the effective DCM could be (DCMiarge)(/)CMsmai1) =
(/)CMiarge)2; the potential for a squared relationship motivated the
exponential form of the DCM used in Eq. (7). Multiplying the
nominal laminar diffusion coefficients (calculated from diffusional
transport theory23) by the DCM gives the necessary reference dif-
fusion coefficients for the primary and secondary streams.

It was found in Ref. 11 that by varying the four unknown pa-
rameters, yield, water vapor flow rate, 7exp and DCMexp, it was
still impossible to produce good agreement with data for different
mass flow rates. It is possible to argue that the Blaze II quasi-two-
dimensional mixing scheme is inadequate to model the performance
of a laser with a three-dimensional flowfield. However, since two
of the parameters that were investigated dealt with mixing, it seems
unlikely that the quasi-two-dimensional mixing model of Blaze II
could be the only factor preventing the model from giving reasonable
agreement with data. In fact, the Blaze II model has been extensivley
used in the past to model the performance of complicated HF mix-
ing lasers as a function of different flow rates with quite reasonable
agreement21'24'25; this suggests that there may be some other mech-
anism preventing agreement with the RADICL data. The problem
was related to increased total pressure by the addition of He. This
raised the question of whether a chemical rate constant for a He
reaction should be adjusted. The only rate constant involving He
which is significantly large is that for 1̂  -f He -* I2 -f He, rate fc18
in Table 1. When the agreed upon COIL kinetics package in Ref. 26
was consulted, it was found that this reaction's rate constant had a
low degree of confidence. Therefore, any adjustments to this rate
constant within an order of magnitude should not be unreasonable.
Thus, a multiplier of the rate constant fc18 was added as a fifth pa-
rameter and allowed to range between 1 and 16. This parameter was
found to be the most important parameter for baselining the model
to experimental data as a function of the He flow rate.11

The question then becomes, what combination of these five pa-
rameters would provide good overall agreement? Thus began an
extensive search for a parameter set that minimized the differences
between the predicted power and the data. The parameters were
discretized into increments in the aforementioned ranges, Table 2.
When the number of possibilities for each parameter are multiplied
together, we are left with five parameters having some 2 x 106 possi-
ble permutations. To make the situation more complicated, prelim-
inary calculations (using different sets of parameters, which were
believed to be reasonable guesses) showed that the parameter space
was highly multimodal, i.e., there are a very large number of local
minima in this parameter space.

Table 2 Genetic algorithm parameter space for the Blaze II modeling

Parameter
H2O,

Yield moles/s
kis

multiplier

Jet
expansion
factor, /exp Z)CMexp

Range
Number of possibilities

(the cardinality for
floating point coding)

Number of binary digits
(parameter length
for binary coding)

Increment

0.34-0.65 0.01-0.16

32

5
0.01

16

4
0.01

1-16

16

1.0-2.5

16

4
0.1

1.0-2.5

16

4
0.1
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III. Application of Genetic Algorithms to
Chemical Laser Modeling

The question now becomes, how do we efficiently search this
highly multimodal parameter space for a combination of these five
parameters that provide good overall agreement with data? In other
words, what method should we use to efficiently search this highly
multimodal parameter space for a global minimum? To answer
this question we will briefly follow the reasoning and arguments
in Chap. 1 of Ref. 14.

The current literature identifies three main types of search
methods: calculus-based, enumerative, and random.... First,
[calculus-based] methods are local in scope; the optima they
seek are the best in a neighborhood of the current point....
Second, calculus-based methods depend upon the existence
of derivatives (well-defined slope values). Even if we allow
numerical approximation of derivatives, this is a severe
shortcoming.... The real world of search is fraught with dis-
continuities and vast multimodal, noisy search spaces.... It
comes as no surprise that methods depending upon the restric-
tive requirements of continuity and derivative existence are
unsuitable for all but a very limited problem domain. For this
reason and because of their inherently local scope of search,
we must reject calculus-based methods. They are insufficiently
robust in unintended domains.

[Enumerative schemes look] at objective function values at
every point in the [search] space, one at a time... such schemes
must ultimately be discounted in the robustness race for one
simple reason: lack of efficiency.... Even the highly touted
enumerative scheme dynamic programming breaks down on
problems of moderate size and complexity.

Random search algorithms have achieved increasing pop-
ularity as researchers have recognized the shortcomings of
calculus-based and enumerative schemes.... The genetic al-
gorithm is an example of a search procedure that uses random
choice as a tool to guide a highly exploitative search through
a coding of a parameter space. Using random choice as a tool
in a directed search process seems strange at first, but nature
contains many examples. Another currently popular search
technique, simulated annealing, uses random processes to help
guide its form of search for minimal energy states.... The im-
portant thing to recognize at this juncture is that randomized
search does not necessarily imply directionless search.

Since the Blaze II chemical laser model is highly nonlinear and the
large parameter space (with approximately 2 x 106 permutations)
is highly multimodal, calculus-based and enumerative techniques
were discounted as being either not robust enough or not efficient
enough to handle this problem. Thus, the two most efficient algo-
rithms that are robust enough to search for a global minimum given
this highly nonlinear chemical laser model in this highly multimodal
phase space (many local minimum) are the genetic algorithm13'14

and the simulated annealing technique.27 Advantages and disadvan-
tages of these techniques are discussed in Refs. 27 and 28. Sufficient
comparisons have not yet been made between the two techniques,
and there was no clear reason to use one method over the other; thus,
the genetic algorithm was chosen for its biological and evolutionary
appeal.

A brief description of the GA technique will be presented, fol-
lowed by a more detailed description of the technique applied to the
chemical laser problem; for an excellent in-depth treatment of the
subject of GAs, Ref. 14 is highly recommended. A genetic algorithm
operates on the Darwinian principle of "survival of the fittest." An
initial population of size n is created from a random selection of the
parameters in the parameter space. Each parameter set represents
the individual's chromosomes. Each of the individuals is assigned a
fitness based on how well each individual's chromosomes allow it to
perform in its environment. There are then three operations that oc-
cur in GAs to create the next generation: 1) selection, 2) crossover,
and 3) mutation. Fit individuals are selected for mating, whereas
weak individuals die off. Mated parents create a child with a chro-
mosome set that is some mix of the parent's chromosomes. For
example, parent 1 has chromosomes abcde, whereas parent 2 has
chromosomes ABCDE; one possible chromosome set for the child is
abcDE, where the position between the c and D chromosomes is the
crossover point. Then there is a small probability that one or more
of the child's chromosomes will be mutated, e.g., the child ends up

[Random Initial Population |

Calculate Fitness for Each Individual
I (i.e. for Each Chromosome Set)

Select and Mate the Most Fit Parents

Perform Crossover Operation to
Obtain Chromosome Set of Child

Perform Low Probability Mutation Operation
(Alters Chromosome Set of Child)

Repeat Until Entire Population
Size is Replenished with Children

JL
Repeat for New Generation}

V
Very Fit Individuals are Obtained

Typically by Generation 20

Fig. 3 Logic flow diagram for a typical genetic algorithm.

with chromosomes abcDF. The process of mating and child creation
is continued until an entirely new population of size n is generated
with the hope that strong parents will create a fitter generation of
children; in practice, the average fitness of the population tends to
increase with each new generation. The fitness of each of the chil-
dren is determined, and the process of selection/crossover/mutation
is repeated. Succesive generations are created until very fit individ-
uals are obtained. To assist the visualization of the GA procedure,
a logic flow diagram is presented in Fig. 3.

When the GA was applied to the chemical laser problem, the
initial population of size n was chosen from a random selection
of the parameters listed in Table 2; n = 100 or 200 worked well
for this GA application. Random numbers were generated using
Knuth's subtractive method.29 Knuth's algorithm is regarded as one
of the best random number generators. Each individual i has one set
of the five parameters. The fitness of each individual is

fitness (i) — =-
1

|(power)BiaZeii - (power)data|
(8)

where m is the number of Blaze II calculations being compared to
m different data points. Note, low total power differences represent
high fitnesses (strong individuals).

The five data points used initially (the last two were altered
slightly in later GA trials, discussed later) were 1) ^ = 3, ft =
0.016, 4400 W, 2) ^ = 6, f> = 0.016, 4600 W, 3) V = 6,
f> = 0.025,200 W, 4) ir = 10, f> = 0.035,3000 W, and 5) ̂  = 10,
/3 = 0.040, 3000 W. Other sets of data points can be appropriate
for this modeling problem, but arbitrarily chosen sets would not be
appropriate in general. It is important that a broad range of flow
conditions producing high and low power be chosen, otherwise the
GA may find a good match to a localized region of the data, which
may not be a good match to the overall data set. For example, it was
possible to obtain a good match to data points 1,2,4, and 5 without
data point 3, but then the overall match to data did not predict the fall
off of power as ̂  was increased at a constant /3 (power vs ty curves
are shown in Fig. 8). One reason for minimizing the number of data
points to be matched is that when baselining to larger numbers of
power data (six or more points), it was found that a single large
error in matching one data point could average out to a reasonably
small overall error when the other data were very well matched; this
represents a situation where the average error may be acceptable,
but the overall match to data was poor. Although not implemented
in this study, it should be possible to create a more restrictive fitness
function than Eq. (8) to alleviate this problem, e.g., a fitness function
that would penalize a parameter set more heavily if it had a very
poor match with any given data point. Since each data point tested
represents an entire Blaze II power calculation, the total computer
time is proportional to the number of data points tested. Preliminary
trial and error calculations indicated that fewer than five data points
would not cover a broad enough range of flow rates and resulting
powers, that five would be adequate, and that more than five could
result in the aforementioned problem and would not significantly
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improve accuracy without significantly increasing run time. Thus,
to minimize required computer time while retaining a broad range
of conditions, the representative set of five data points (m = 5)
covering a broad range of flow rates, pressures, and powers were
chosen to test the overall fitness of each parameter set.

There were two parameter coding schemes (floating point and
binary), many selection schemes, and different types of crossover
and mutation operators that have been investigated in previous GA
work (for an outline of previous GA work, see Ref. 14). For this
application, the best choice of coding/selection/mutation schemes
was unknown, so the most promising choices were investigated. For
completeness, a brief outline of each of the tested options follows.

Floating point coding: the parameter is descritized into a number
of possibilities, and there is one chromosome for each parameter.
The value of the chromosome is stored as a floating point number.
The value of the parameter is called an allele. For this application,
floating point coding produced a total chromosome string length
of 5. The length of each parameter string is called the parameter
length, e.g., for floating point coding, each parameter is represented
by a single chromosome in the chromosome string; therefore, for
floating point coding, the parameter length is unity.

Binary coding: the parameters are descritized into a number of
possibilities, but the chromosome length is based on the total num-
ber of possibilities in a binary format, e.g., 32 possibilities would
be represented by a string of five Os and Is, whereas 16 possibilities
would be represented by a string of four Os and Is. For this appli-
cation, binary coding produced a total chromosome string length of
21. Again, the length of each parameter string is called the param-
eter length. For binary coding, each parameter is represented by a
string of Os and Is in the total chromosome string; therefore, for
binary coding, the parameter length is 5 for 32 possibilities and is 4
for 16 possibilities, Table 2. During crossover with binary coding,
the crossover point may occur in the middle of one of the parameter
strings; this allows the child to have a parameter string that is a mix of
the parents parameter strings and, consequently, the child may have
an allele (parameter value) between the two alleles of the parents. In
floating point coding, the child must have a mix of the parents' alleles
but cannot have alleles which are not present in the parents chromo-
some strings. Thus, in binary coding, more alleles (possible values
of the parameters) are preserved as new generations are created.

Expected value selection: the fitness of all of the individuals in the
population is summed, and then the expected probability of selection
is based on the fitness of the individual divided by the total fitness of
the population, i.e., pt = /•/£///• The expected number of parents
with chromosome set i for the new generation is simply npi. This
procedure will fill most of the parent slots, but there will be a frac-
tional remainder of slots that are filled using the stochastic remainder
sampling without replacement method (see Ref. 14). Random pairs
of mates are then chosen from this population of fit parents. Then,
each pair of mates creates two children, e.g., one child could end up
with chromosome set abcDE and the other with ABCde.

Tournament selection: random pairs are selected from the pop-
ulation and the stronger (most fit) of each pair is allowed to mate.
Each pair of mates create one child, which has some mix of the
two parents chromosomes according the method of crossover (dis-
cussed next). The process of selecting random pairs and mating the
stronger individuals continues until a new generation of size n is
repopulated.

Single-point crossover: the chromosome set of the first parent is
mapped into the child, e.g., abcde. A crossover point is randomly
chosen where the chromosome set of the second parent, ABCDE,
overwrites the chromosome set of the first parent, e.g., one possible
chromosome set for the child is abcDE, where the position between
the c and D chromosomes is the randomly determined crossover
point. For this study, the probability of a single-point crossover
occuring, /7cross, was set at 0.6 (a choice suggested by De long; see
Ref. 14). Note that there is a l-/?Cross probability that the child would
retain the entire chromosome set of the first parent.

Uniform crossover: in uniform crossover, it is possible to obtain
any combination of the two parents chromosomes, e.g., the child
could end up with chromosome set aBcDe. For this study, the prob-
ability for a crossover occuring at each chromosome position was

set at 0.6 (the same value used for single-point crossover). Note that
it is possible that the child could retain the entire chromosome set
of either parent, but in uniform crossover it is unlikely.

Jump mutation: there is a small probability that one or more of
the child's chromosomes will be mutated, e.g., the child ends up
with chromosomes abcDM, where M was not a chromosome from
either parent. The jump mutation produces a chromosome that is
randomly picked to be in the range of the appropriate parameter,
e.g., the parameter could jump from one side of the range to the
other side. The probability of a jump mutation occurring for each
chromosome was set equal to l/n, i.e., the inverse of the popula-
tion size. The choice of a l/n is based upon De long's suggestion
from his study of GAs in function optimization (see Ref. 14). The
jump mutation operator was used in all of the GA work in this
study.

Creep mutation: another small probability mutation is that one
or more of the child's parameters will be mutated by a single in-
crement, e.g., the child ends up with chromosomes abcDF, where F
was not a chromosome from either parent, but is only one increment
away from parent 2's chromosome value of E. The creep mutation
produces a parameter value that is randomly picked to be larger or
smaller, so long as it remains in the range of the appropriate param-
eter, i.e., the parameter could creep one increment up or down from
one of the parents values. The probability of a creep mutation oc-
curring for each chromosome was set equal to l/n, i.e., the inverse
of the population size (a probability of l/n was chosen for the same
reason it was used for jump mutations).

Elitism: this operator is used to ensure that the chromosome set
of the best parent generated to date is reproduced. After the pop-
ulation is generated, the GA checks to see if the best parent has
been replicated; if not, then a random individual is chosen and the
chromosome set of the best parent is mapped into that individual.
Although this operator is not necessary, it was found to help prevent
the random loss of good chromosome strings.

The simple GA described in Ref. 14 used binary coding, roulette
wheel (stochastic) selection, and jump mutations. The basic GA of
this study also used jump mutations, but expected value selection (an
improved selection technique14) was used, and floating point cod-
ing was chosen for early studies for convenience. Unless otherwise
noted in the text or figures, binary coding, tournament selection,
uniform crossover, creep mutations, and elitism were not used for a
given test.

The Blaze II model was automated for many calculations based on
the five parameters, and the genetic algorithm technique was coded
and implemented to search the parameter space and minimize the
differences between the predicted and experimental powers. Ap-
proximately 4 days of continuous running on a RS/6000 was re-
quired to find a minimum for these five data points for a population
size of 100; 8 days for a population size of 200. Since it would
take too much computer time to find a global minimum for the en-
tire data set (43 data points), the best result found for the five data
point^ is probably not the global minimum, but it is believed to be
reasonably close. This is the first known application of the genetic
algorithm technique for modeling lasers, chemically reacting flows,
and chemical lasers.

To better understand the GA technique and how it is applied to this
chemical laser modeling problem, several different trials were run
for different population sizes, coding schemes, selection schemes,
and mutation types. The effects of adding elitism to the GA were
tested. To judge how well the GA was matching the data, the fitness,
Eq. (8), was converted to an error based on the total power of the
five data points,

error = |(power)Biazeii - (power) ata| / ^P
• m

(power)data (9)

Two errors were considered: the overall average error of all of the
members of the population and the best individual with the smallest
error. The average error is a measure of how well the population as
a whole is doing, as well as how fast it is converging to the optimal
solution. The best error simply indicates how well the GA has done
in finding a minimum cost solution.
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Before any GA trials were run, a series of trial and error calcu-
lations were performed in an effort to isolate the global minimum.
The five data points used were 1) ty = 3, P = 0.016, 4400 W; 2)
i/f = 6, 0 = 0.016, 4600 W, 3) jr = 6, ft = 0.025, 200 W, 4)
T/T = 10, ft = 0.035, 3000 W, and 5) ^ = 10, ft = 0.040, 3000 W.
These five data points represent nominal flow rates that experiments
attempted to obtain. In fact, the experiments did not obtain precisely
these flow conditions (in particular, the two i/f = 10 nominal data
conditions were difficult to obtain precisely); the effects of using
exact flow conditions are discussed later. The listed power numbers
for these five data points are averaged values over actual data with
approximately these flow conditions. The lowest total power differ-
ence that could be obtained was 1396 W, which was equivalent to
an error of 0.093 (9.3%). These trial and error calculations required
approximately 2 weeks of effort to perform. In essence, the criteria
for whether or not the GA technique was of use were twofold: 1) Did
the GA arrive at a better solution than the trial and error method?
2) Did the GA take less time to arrive at this solution? As will be
shown, the answer to both of these questions was an emphatic yes.

The question of what is an appropriate population size must be
addressed before any GA calculations can be run. From Ref. 30, an
appropriate population size is

n = 0(mX
k) = (10)

where m = E/&; / is the cardinality of chromosomes, i.e., the num-
ber of possibilities for each chromosome, e.g., for binary coding
X = 2; k is the size of the schema13-14 of interest, and 6is the length
of the chromosome string. From Ref. 30, a schema can be defined
as "a similarity template describing a subset of strings with simi-
larities at certain string positions." A schema can be thought of as
some combination of the chromosomes in the complete chromo-
some string, e.g., one possible schema in a string of five Os and Is
would be 1*0**, where the asterisk denotes a value which is unim-
portant to the particular schema; the length of the schema of this
example would be 3, i.e., 1*0 has three places. Another possible
schema would be 11**0, which has a schema length of 5.

For the purposes of estimating an appropriate population size, it
was assumed that each parameter string would represent one im-
portant schema; therefore, the schema length was assumed to be
equal to the parameter length for estimation purposes. For floating
point coding, each chromosome is of interest, so the schema length
k is 1. The total chromosome string length is 5 (one for each of
the five parameters), and the cardinality can be approximated as the
average cardinality of the chromosomes x ™ (1/5) (32 + 16 +
16+ 16+ 16) ^ 20. So, for floating point coding, the population
size should be on the order of (5/l)(201) = 100. For binary coding,
6 = 21, x =2, and the average length of the schema of interest is
k & (l/5)(5 + 4 + 4 + 4 +4) ^4 (this is the average length
of the number of chromosomes that make up one parameter), so the
population size should be on the order of (21/4)(24) = 84. Thus,
population sizes of 50, 100, and 200 were tried for this problem.

The first GA trials were made with a population size of 100 for
five data points. The five data points used were the same as those
used in the trial and error calculations. The average and best (min-
imum) errors as a function of the generation for six different GA
techniques are plotted in Figs. 4 and 5. The first two GA techniques
were simple expected value trials with two different numbers used
to initialize the random number generator. The average error of both
of the expected value trials decreased as more generations were cre-
ated. The first trial (random 1) began to oscillate around an average
error of approximately 0.12 starting at generation 12; this was in-
dicative of the fact that the GA had narrowed the number of alleles
(the actual values of the parameters) to a very few, such that further
significant improvements would require a lucky random mutation.
Regardless of the fact that the first trial had lost most of the available
alleles, it still obtained a best error of 6.6% (Fig. 5), which was better
than that obtained by two weeks of trial and error calculations. This
was encouraging. Since elitism was not a requirement of the second
trial (random 2), it can be seen that the best error increased from
generation 6 to generation 7 (Fig. 5); because of the subsequent
loss of alleles as the number of generations increased, the best error
never fell below 10% thereafter. Thus, to prevent the loss of the

Expected Value, random #1
Expected Value, random #2

pected Value-Creep-Elitism
'ournament-Creep-Elitism

>urnament-Elitism
nary-Tournament-Elitism

Fig. 4 Average error as a function of the generation for different genetic
algorithm schemes; population size for all cases was 100.

0.5

——— Expected Value, random #1
— - -Expected Value, random #2
——— Expected Value-Creep-Elitisi
——- Tournament-Creep-EHtism
——• - Tournament-Elitism
— - - - -Binary-Tournament-Elitism

Fig. 5 Best (lowest) error as a function of the generation for different
genetic algorithm schemes; population size for all cases was 100.

best individual during later generations, elitism was invoked for all
subsequent GA trials.

Discussions with Goldberg31 indicated several methods of re-
ducing the loss of alleles and improving the performance of the
GA. The next trial run was to add the creep mutation and elitism
to the GA (Figs. 4 and 5). These additions did not significantly
improve the performance of the GA but did ensure that the best in-
dividual from each generation survived. Tournament selection was
then substituted for the expected value selection, while the creep
mutation and elitism were retained; this combination produced the
best results for the selected five data points (Figs. 4 and 5). The
average error initially decreased more slowly but continued to de-
crease and did not oscillate like the previous three trials (Fig. 4);
these attributes are indicative of preserving more alleles during
the first several generations, which makes for a more efficient and
global search procedure. The best error with the tournament-creep-
elitist scheme was 6.0%. To test the effects of the creep mutation,
it was subtracted from the previous scheme; although the average
error was similar to the tournament-creep-elitist scheme (Fig. 4),
the best error ended at 7.5%, which was not as good as the previ-
ous scheme (Fig. 5). Binary coding for the chromosomes was then
added to the tournament-elitist scheme. Of all of the schemes, this
binary-tournament-elitist scheme showed the greatest preservation
of alleles (Fig. 4). In addition, the binary-tournament-elitist scheme
gave a best error of approximately 7.0%, which is better than the
tournamentTelitist scheme (Fig. 5). At this point, the tournament-
creep-elitist scheme was the overall best for this problem.

The next trials tested the effects of population size. To decrease
the amount of required computer time (4 days on an IBM RS/6000
machine for a population size of 100), the GA performance for a pop-
ulation size of 50 was determined. Based on the previous n = 100
trials, two tests were run: expected value and tournament-creep-
elitist (Fig. 6). As was the case for n = 100, the simple expected
value scheme only performed moderately well but did produce a
best error of 8.2%, which was better than the 9.3% of the trial-and-
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—•—Expected Value, average
——— Expected Value, best
— *- - Tournament-Creep-Elitism, average
— — -Tournament-Crecp-Elitism, best

Fig. 6 Error as a function of the generation for different genetic algo-
rithm schemes; population size for all cases was 50.
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0.5-V——————\ Average

-n=100, Single-point crossover, average
-n=100, Single-point crossover, best
-n=100, Uniform-Creep, average
-n=100, Uniform-Creep, best
n=200, Single-point crossover, average

- n=200, Single-point crossover, best
- n=200, Uniform-Creep, average
- n=200, Uniform-Creep, best

Fig. 7 Error in the GA modeling of data as a function of the generation,
population size and type of crossover operator (single-point or uniform)
for a binary-tournament-elitist GA.

error calculations. The tournament-creep-elitist scheme produced
excellent results; the best error was 5.0% (Fig. 6). An obvious ques-
tion arises here, why did the n = 50 case produce an error less
than the n = 100 case? The answer is chance. Since the individuals
are essentially generated randomly under the constraint of certain
selection rules, there is no reason why a smaller population could
not produce a more fit individual than a larger population. It is less
likely, however, that the smaller population would produce a more
fit individual. The fact that an n = 50 trial produced a more fit
individual than an n = 100 trial demonstrates that the GA tech-
nique does not guarantee finding a global minimum to this prob-
lem. The probability of finding a global minimum, however, will
increase with population size.30 A very important feature about the
n = 50 cases is that the average error very rapidly approaches
the best error (Fig. 6); i.e., for this small population, the avail-
able alleles are very rapidly removed as the more fit individuals
take over. For this important reason, n = 50 was judged to be too
small a population size to adequately search the entire parameter
space, despite the chance occurance of a smaller best error than in
the n = 100 case.

An important point is that for the sake of keeping computer run
time down to tolerable levels, the GA was stopped at generation 20,
rather than allowed to continue searching for more fit individuals.
This is a factor that can contribute to the fact that the n = 100 trials
did not produce as fit an individual as an n = 50 trial. A detailed
look at the remaining alleles for the n = 50 and 100 trials showed
that many more alleles still remained for the n = 100 trials than for
the n = 50 trials. This is an indication that further generations with
n = 100 still have a reasonable probability of producing a more
fit individual than that obtained at generation 20; this phenomenon
can be seen to be true in Fig. 7 for the n — 100, uniform-creep case
(discussed in more detail later), i.e., for this case, a smaller error

was found at generation 22. Since most of the alleles were gone by
generation 20 for the n = 50 trials, the probability of finding more
fit individuals beyond generation 20 is very low.

When the best sets of parameters obtained from the previous GA
trials were used for all of the available data (43 data points), the
model was in reasonable agreement with data. For the high ft cal-
culations (0.030 < ft < 0.045), however, the model generally pre-
dicted too little power for 0.030 < ft < 0.035 and too large a power
for 0.040 < ft < 0.045 (not shown). When looking at the actual data
runs for these high-/? data points, it was found that there were some
significant variations in the flow rates of different gases (especially
the secondary He flow rate), which were not accounted for in the
model. As such, the five data points were changed to 1) V = 3,
ft = 0.016, 4400 W, 2) ^ = 6, ft = 0.016, 4600 W, 3) ^ = 6,
ft = 0.025, 200 W, 4) V = 10.33, ft = 0.0317, 3050 W, and 5)
7/r = 9.64, ft = 0.0418, 3080 W (note that only the fourth and
fifth data points were changed). Subsequent GA calculations mod-
eled these five actual data points in an effort to improve agreement
between the model and the data.

Based on the previous GA calculations, the tournament-creep-
elitist and binary-tournament-elitist schemes worked best for this
application. In Ref. 32 it was shown that floating-point coded GAs
can be "blocked" from finding the global minimum because impor-
tant alleles can be lost as separated local minimum are found. Thus,
the binary-tournament-elitist scheme was chosen for further trials
because it retained the most alleles while insuring that the best indi-
vidual was not lost. A comparison of 100 and 200 population sizes,
as well as single-point crossover and uniform crossover with creep
mutations, was then made (Fig. 7). All four trials found a minimum
with a best error of approximately 2%; this indicates three important
features. First, population sizes of 100 or 200 are acceptable for this
problem. Second, single-point crossover or uniform crossover with
creep are acceptable for this problem. Third, the fact that all four
trials found different local minimum demonstrates the high degree
of multimodalty of this problem.

As the generations progressed, a detailed look at the available
alleles (parameter values still remaining) showed that the uniform
crossover with creep scheme retained more alleles than the single-
point crossover scheme during the search procedure. Therefore,
although all four of these trials produced low error individuals, it ap-
pears that the uniform crossover with creep scheme is more likely
to find a global minimum because it retains more alleles during
the search procedure. Thus, the binary-tournament-elitist-uniform
crossover-creep mutation scheme will be used for future GA chem-
ical laser modeling problems of this nature. A population size of
100 will be used for fast searches, whereas a population size of 200
should be used for more thorough searches.

The four different parameter sets, which produced local minimum
with an error of approximately 2% for five data points, were then
used to calculate how well each set agreed with the complete set of 43
data points. All four parameter sets gave reasonable agreement with
the data, but the parameter set that gave the best overall agreement
with the data had a yield at iff = 3 of 0.53, a water vapor flow rate of
0.08 moles/s, a £18 multiplier of 12, 7exp = 1.1, and £>CMexp = 1.0.
Since a yield of 0.53 is within the spread (on the high side) of very
scattered data, it is a reasonable value. A water vapor flow rate of
0.08 moles/s is consistent with recent data.33 The order of magnitude
increase in the rate k^ is discussed next. The values for 7exP and
Z)CMexp are reasonable since the algorithm found the initial a priori
assumed values (already discussed) of 1.1 and 1.0, respectively.

The best overall agreement with data was obtained with a k\%
multiplier of 12. As discussed in Ref. 11, Heaven and Nowlin34 and
Heaven35 recently made measurements to determine the IJ + He de-
activation rate k^. Using an I2 relaxation simulation model provided
by Heaven,35 Jk18 should be in the range of 1.1 x 10-n-2.3 x 10~n

under typical laser cavity flow conditions (5 torr and 150 K); this
is a factor of approximately 3-6 above the original assumed rate
of 4 x 10~12. Although Heaven's data indicate a rate that is about
a factor of 2 smaller than the factor of 12 increase deduced in this
study, there is definitely agreement that the nominal !£ + He deacti-
vation rate is too slow. As a possible explanation of the discrepancy
between the results of this study and Heaven's data, it has been
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Fig. 8 Transmitted power as a function of if) for different values of /3;
Blaze II parameters are a yield of 0.53 at ̂  = 3, 0.08, H20,12 x fcis,
/exp = 1.1, andDCMexp = 1.0.
suggested that the IJ + (M1 A) -> 21 4- O2(3S) dissociation reac-
tion £15 (which has a low-to-medium degree of confidence26) may be
too fast.35 If this dissociation reaction were slowed down by roughly
a factor of 2 in conjunction with a factor of 6 increase in the I£ + He
deactivation rate, the effects may be similar to those of increasing
the \2 + He deactivation rate by a factor of 12.

Figure 8 shows excellent agreement between data and Blaze II
with the 0.53/0.08/12/1.1/1.0 parameter set as a function of V for
three different values of ft. The model not only predicts the power
very well but also the upward and downward trends. These mix-
ing COIL calculations for the RADICL nozzle indicate that higher
iodine flow rates are necessary to maintain a significant fraction of
the nominal performance as the total pressure is incresed by the
addition of helium; this agrees with RADICL experimental data.
Regardless of any minor discrepancies, Fig. 8 suggests that Blaze II
can now be used with some degree of confidence to make realistic
qualitative predictions of COIL performance trends for the RADICL
nozzle. While Blaze II predictions within the flow regimes studied
here can be considered quantitative, predictions at considerably dif-
ferent conditions (for example, i// = 15-20) should be considered
qualitative until data exist to verify the model under such conditions.
At very high pressures of around 300 torr or more (approximately
i/f > 30) turbulence may become an issue11; this could seriously
impact the modeling.

IV. Concluding Remarks
At this point it is possible to answer the question of the utility

of the GA technique. First, the genetic algorithm found a param-
eter set that was a better match than any that were determined by
earlier trial-and-error calculations. Second, the GA found this pa-
rameter set in 8 days of running on an IBM RS/6000 machine,
which is faster than the 2 weeks of personal effort spent doing
trial-and-error calculations. In fact, since the GA was perform-
ing the calculations automatically, this allowed the user to ad-
dress other problems during this time period. The binary coding,
tournament selection, uniform crossover, jump and creep mutation
scheme with elitism appears to work the best for this application.
The floating point-tournament-creep-elitist and binary-tournament-
elitist schemes (both using single-point crossover) also worked very
well. Although several different GA schemes have been compared
in this study, it is suggested that future use of the GA for this
type of chemical laser modeling problem should include an in-
vestigation of the statistical effects of different random number
seeds as a function of the GA scheme. Overall, the GA technique
worked exceptionally well for this chemical laser modeling prob-
lem in a cost effective and time efficient manner. Because of a GAs
population-based approach it is inherently parallel; therefore, fur-
ther modifications could enhance this technique to be extremely
fast at searching a large parameter space on a parallel processing
computer.

This is the first known application of the genetic algorithm tech-
nique for modeling lasers, chemically reacting flows, and chemical

lasers. Blaze II was baselined to existing RADICL power data with
very good agreement. If a sufficient amount of gain data are available
for a broad range of flow conditions, it should be possible to apply
this GA technique for baselining to zero power gain data (at the time
of this modeling study there was a lack of RADICL gain data cov-
ering a broad range of flow conditions). Mixing COIL calculations
for the RADICL nozzle indicate that higher iodine flow rates are
necessary to maintain a significant fraction of the nominal perfor-
mance as the total pressure is increased by the addition of helium;
this agrees with RADICL experimental power data. Now that the
unknown parameters for the RADICL device are established and
Blaze II is baselined to experimental data, it may be possible to
implement this genetic algorithm technique to optimize the COIL
performance as a function of any of the flow rates, mirror location,
mirror size, nozzle configuration, injector sizes, and other possi-
ble factors. It may also be possible to use this modeling technique
for other types of chemical lasers, e.g., hydrogen-fluoride (HF) de-
vices. This modeling procedure could be used as a method to guide
experiments to enhance chemical laser performance.
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