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Application of a Genetic Algorithm to
the Optimization of Hybrid Rockets
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A genetic algorithm optimization technique has been successfully applied to the design of a large hybrid rocket
booster. Optimizations to minimize gross liftoff weight or total inert weight have been carried out using a hybrid
rocket sizing code developed at Purdue University. The genetic algorithm was able to � nd optimal or near-optimal
designs that contained both continuous and discrete variables. Discrete variables included the propellant com-
bination and the number of fuel ports, whereas the continuous variables, tank pressure, chamber pressure, and
oxidizer mass� ux level, were simultaneously optimized using the genetic algorithm. Design solutions have been
obtained from a discontinuous design space that contains a very broad, shallow minimum in weight. The resulting
designs are discussed with some detail, illustrating their feasibility and some signi� cant differences with previously
published designs. The use of a genetic algorithm with a rocket sizing code appears to offer great potential to
designers of rocket systems.

Nomenclature
c ¤ = characteristicvelocity, ft/s
D = internal diameter, in.
Gox = initial port oxidizer mass � ux, lbm/(in.2 ¢ s)
Isp = speci� c impulse, s
L f = fuel grain length, in.
Minert = total booster inert mass, lbm
Mpl = payload mass, lbm
Nport = number of ports in fuel grain
O / F = oxidizer/fuel ratio
Pc = chamber (or stagnation) pressure, psi
Pt = tank pressure, psi
r = fuel regression rate, in./s
D v = velocity increment, ft/s
k = propulsion system mass fraction

Introduction

D ESIGN optimization of rocket propulsion systems remains a
challenging,labor-intensiveprocess.The complexityof thede-

sign space, involvingnumerouscontinuousvariablessuch as system
pressures, dimensions, and � ow rates provides ample motivation to
investigate advanced optimization tools. Compounding this prob-
lem is the desire (in many instances) to also optimize parameters
that do not vary continuously over the design space. Examples of
these discretevariablesinclude the type of fuel or oxidizer, the num-
ber of nozzles or tanks, various candidate fabrication materials, or
the number of fuel ports in a hybrid or solid booster.

Althoughthere is little publishedinformationavailableon propul-
sion system design codes used in industry (for obvious competi-
tive reasons), many of these codes are known to employ exhaustive
searches or gradient-based schemes to optimize continuous vari-
ables. However, in most instances, optimal discrete variables can
only be determined by a brute force approach in which systems are
optimized assuming a � xed value of the discrete parameter (for ex-
ample, a 15-fuel-port con� guration), and the optimization is then
repeated under a different assumption for the discrete parameter of
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interest. Obviously, this can be a labor-intensive process if more
than a few values of discrete variables exist in the design space.

One promising approach that has recently been applied to this
type of design problem is the genetic algorithm (GA).1 The GA is
a population-basedsearch that relies on a Darwinist survival of the
� ttest strategy in which traits from the best performing designs in a
givengenerationare passedon to designs in subsequentgenerations.
Versions of the GA have been receiving wider use for engineering
design problems, particularly in situations where the design space
is discontinuous,multimodal,and involvesa mixture of continuous,
integer,anddiscretevariables.2 Researchershaveapplieda GA to the
conceptualdesign of rotary-wing aircraft,3 where the con� guration
was included as a discrete variable (for example, a helicopter may
incorporate a single main rotor or two main rotors in a tandem
arrangement) with traditionalcontinuousdesign parameters such as
rotor loading and blade tip speed. This type of conceptual design
problem is similar to the hybrid booster design problem.

To date,we are not aware of any publishedapplicationsof the GA
to the rocket design problem. For this reason, we were motivated to
examine the performanceof this tool in the design of a hybrid rocket
booster. The hybrid booster provides an excellent example of a de-
sign problem involving continuous, integer, and discrete variables.
In addition, over the past � ve years, we have developed a substan-
tial design capability in this area through the creation of the hybrid
rocket sizing (HYROCS) design code. These factors have provided
the motivation for the efforts described in this paper in which a
genetic algorithm is used to optimize hybrid booster designs in a
discontinuousdesign space. The following section provides a brief
description of the HYROCS design code, followed by a descrip-
tion of the GA approach to this problem and results for two design
objectives.

HYROCS Code Description
Because substantial documentation on the HYROCS code has

been published,4 ¡ 8 this paper provides only a top-level description.
A � owchart for the algorithms and sizing modules used in the
HYROCS code is depicted in Fig. 1. Separate modules are con-
tained for sizing of the followingcomponentsand systems: oxidizer
tank, intertank structure, tank pressurizationsystem (plumbing and
� uid), turbopump, gas generator to power the turbopump, fuel tank
for gas generator, injector, combustion chamber (including internal
insulationand skirts), fuel section graindesign,and nozzle.Figure 2
highlightsa typicalboosterdesign and many of the componentsthat
are sized during this design process. The design methodology em-
ployed relies minimally on historicaldata;most componentweights
are calculatedfromthematerialvolumenecessaryfor adequatefunc-
tion of the part.

622
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Fig. 1 Flowchart for HYROCS code.

Fig. 2 Typical booster design
denoting major components.

The nozzle design module is comprehensive; the nozzle is sized
based on a simpli� ed geometry comprised of four major compo-
nents: a throat insert, exit cone liner, throat backup structure, and
exit cone backup structure (or overwrap). The user has the option
to select from several current state-of-the-art ablative materials in
the throat insert and exit cone liner. These parts are sized based on
predictederosion(scaled from test data), charring,and strengthcon-
ditions. Erosion rates are scaled from Titan booster data assuming
convective heat � uxes vary as P0.8

c / D0.2 . A one-dimensional � ow
calculation is performed to estimate the local pressure, Mach num-
ber, and temperature of the gases in the nozzle to support the heat
� ux calculations.

Various backup structural materials are available as well; these
components are sized mainly to handle internal pressure and thrust
loads on the nozzle. Insulators are designed under the assumption
that they carry no structural load and overwrap/liner materials are
sized to handle all structural loads imposed from the pressuredistri-
bution on the nozzle.The nozzle weight is determined from calcula-
tion of actual part volumes based on these sizing criteria. Speci� cs
of the nozzle sizing are discussed in detail in Ref. 8.

An injectorsizing modulehas been includedas an upgrade to pre-
viously reported work. A thick-walled plate analysis is performed;
high-strengthsteel is assumed as the fabricationmaterial and mate-
rial properties are degraded to account for the presence of injector
ori� ces within the plate. Figure 2 highlights components sized in
the routine.

Fig. 3 Wagon-wheel fuel grain cross section.

The ballistics module, which is responsible for thrust and cham-
ber pressurehistory calculations,as well as fuel grain sizing, is also
quite comprehensive. Thermochemical data (c ¤ and vacuum Isp)
havebeen curve � tted as a functionof mixture ratio O / F for the fol-
lowing propellantcombinations:1) liquid oxygen (LOX)/hydroxyl-
terminatedpolybutadiene(HTPB), 2)90% hydrogenperoxide(HP)/
HTPB, and 3) nitrogen tetroxide (NTO)/HTPB.

Figure 3 shows the wagon-wheel fuel section geometry assumed
in the sizing; port and burn surface areas are computed from actual
portgeometryat each instantin time.The samegeneralarrangement,
a center port and trapezoidal-shapedports spaced at equal intervals
about the circumference, is maintained for different numbers of
ports. The minimum number of ports that can be supported with
this grain design is four. Because of the lack of regression data on
HP- and NTO-oxidizedhybrids, the same regressionrate correlation
is assumed for all propellants:

r = 0.19G0.8
ox L0.2

f (1)

An iterationis performedon the grain/casedimensionsto accommo-
date the required mass of propellant and the burning time. Because
the regression rate varies with time, the total web thickness con-
sumed is initiallyunknown; this necessitatesthe iterativeprocedure.

The nozzle expansion ratio is set to ensure that the nozzle � ow is
not separated at the liftoff condition with the input chamber pres-
sure level; the Kalt–Bendal9 nozzle separation criteria provides an
estimated separation pressure, and the nozzle exit pressure is set to
be 3.0 psi above this limit. This condition sets the expansion ratio
permitted for a given chamber pressure. Oxidizer � ow is assumed
to be constant over the � ring duration.

Given this information,a complete time integrationof the booster
performance is conducted.Shifts in mixture ratio due to changes in
oxidizer � ow rate and port geometry are considered. The average
vacuum Isp value derived from this process is corrected to atmo-
spheric conditionsassuming an averagealtitudeof 50,000 ft. during
booster operation. At the present time, no trajectory integration is
performed in the sizing process. Fuel and oxidizer residuals are
considered as well as any oxidizer used as gas generator or tank
pressurization� uid.

Hybrid Booster Sizing Process
The sizing process begins with the speci� cation of a desired ideal

D v to be imparted to a given equivalent Mpl. It is important to
provide a performance-basedcriteria for booster sizing; sizing to a
speci� ed total impulse will not necessarilymeet mission constraints
because the booster mass fraction also in� uences the velocity gain
imparted to the vehicle. In the present study, a booster is designed
to accelerate an equivalent payload of 219,000 lb to a velocity gain
of 7728 ft/s. These values were selected to approximate the perfor-
mance of the solid rocket boosters used on the Titan 34D launch
vehicle. A minimum booster thrust/weight ratio of 2.0 and a 120-s
burn time are also speci� ed.
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Fig. 4 Engine cycle comparisons; NTO-based cycle is analogous to
LOX-based cycle shown.

Values for the design variables are set by the GA as described in
the following section. Materials of construction are similar to those
used in the Titan booster with the exception of a graphite–epoxy
motor case for the combustion chamber. With this information, the
sizingbeginswith assumedvalues for average Isp and booster k . The
rocketequationprovidesthe totalamountof requiredpropellant.The
fuel and oxidizer masses are then determined based on the optimal
mixture ratio required for the propellant combination of interest.
Knowing the masses and volumes of both fuel and oxidizerpermits
sizingof thevariousinertcomponentsin the system.When the sizing
is complete, an average Isp and k value can be computed, and the
process can be repeated. Convergence of the sizing process occurs
when the vehicle mass changes by less than 0.1% in successive
iterations.

Figure 4 provides a schematic of the engine cycles for HP and
LOX propellant combinations. The NTO/HTPB propellant combi-
nation incorporates an engine cycle identical to the LOX vehicle
shown in the Fig. 4 schematic. The Fig. 4 schematic indicates the
relative simplicity of the HP-oxidized cycle wherein the monopro-
pellant characteristicsof HP make it ideal for gas generator opera-
tion and tank pressurization. In contrast, the LOX-oxidized system
requires a separate � uid for use in the gas generator. (Here HP
was selected,but LOX/kerosene would be another obvious choice.)
Because a separate tank is needed for the gas generator � uid, a sep-
arate pressurant tank is also required for the LOX- or NTO-oxidized
systems. Finally, when LOX or NTO is utilized, a separate heat ex-
changer(labeledHEX in Fig. 4) is requiredto vaporize� uids for tank
pressurization.These additionalcomponents have repercussionson
inert weights as described in the results.

Genetic Algorithm Implementation
A GA works using analogies to the patterns of natural selec-

tion and reproduction that are displayed in biological populations.
This concept originatedin work presentedby Holland for computer
science applications,10 was expanded by Goldberg1 and others for
engineeringoptimization, and is now becoming an accepted search
and global optimization technique. Genetic algorithms, along with

their underlying theory, are described in many references (for ex-
ample, see Ref. 1), and so only a brief overview is given here.

One of the analogies to biological populationsis the use of genes
andchromosomesto representeach individualdesignin a population
of designs. The variables and parameters that describe a design
are mapped or coded into binary strings of ones and zeros; these
stringsare the genesof a design.This codingallowsfor simultaneous
representations of discrete and continuous design variables in one
optimization problem. In the present application, the optimization
is performed using the discrete variables, propellant combination,
and Nport, as well as the continuous variables Gox , Pc , and oxidizer
tank pressure Pt .

For this implementation, a binary coding was used to represent
all design variablesand parameters.Typical propellantcombination
and number of ports variable coding are shown in Tables 1 and 2,
respectively. In a binary coding of the design parameters, the num-
ber of codes available is equal to 2n , with n being the number of bits
used to represent a parameter. This coding leads to a double coding
of some parametervalues in both Tables 1 and 2. There are threedis-
crete propellant combinations under consideration here, but using
two bits to represent propellant combinations provides four possi-
ble codes. Therefore, two different binary strings represent the HP/
HTPB propellantcombination.Similarly, 20 differentintegervalues
for the number of fuel ports are considered (6–25), which requires
� ve bits to encode these values. With 32 possible strings for the
number of fuel ports, several values for number of fuel ports are
represented by two different strings. This double coding approach
allows the GA to evaluate all possible binary strings.Obviously, for
discrete or integer variables with 2n possible choices, there is no
need for double coding.

The continuousvariablesare also representedwith binarystrings,
and so they are actually represented as discrete values. These vari-
ables are assigned a maximum and minimum value, and the resolu-
tion between each discretevalue dependson the numberof bits used
to represent the variables. Table 3 summarizes the coding scheme

Table 1 Propellant combination
variable coding

Binary string Propellant type

00 LOX/HTPB
01 HP/HTPB
10 HP/HTPB
11 NTO/HTPB

Table 2 Number of ports variable coding

Binary Number Binary Number
string of ports string of ports

00000 6 10000 15
00001 6 10001 16
00010 7 10010 17
00011 7 10011 17
00100 8 10100 18
00101 9 10101 18
00110 9 10110 19
00111 10 10111 20
01000 10 11000 20
01001 11 11001 21
01010 12 11010 21
01011 12 11011 22
01100 13 11100 23
01101 13 11101 23
01110 14 11110 24
01111 15 11111 25

Table 3 Continuous variable coding

Minimum Maximum Number
Variable value value Resolution of bits

Pc, psi 200 800 9.52381 6
Gox , lbm/(in.2 ¢ s) 0.4 0.8 0.00315 7
Pt , psi 20 100 0.62992 7
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used for the hybrid rocket continuous variables. Here a reasonably
coarse resolutionhas been used; higherde� nition could be achieved
by increasing the number of bits used.

Concatenating the strings for number of ports (5 bits), pro-
pellant type (2 bits), Pc (6 bits), Gox (7 bits), and Pt (7 bits),
forms a 27-bit chromosome that represents an individual hy-
brid rocket design. For example, a design with the chromosome
011001110100001101100001000 has 13 ports (01100), the NTO/
HTPB propellant system (11), a chamber pressure of 580.9524 psi
(101000), an oxidizer mass � ux of 0.5701 lbm/(in.2 ¢ s) (0110110),
and an oxidizer tank pressure of 25.0394 psi (0001000).

To begin a GA run, an initial generation of designs is created by
randomlyplacingones and zeros along the chromosomesfor a given
number of individuals.Deviating slightly from natural populations,
this population size remains constant from one generation to the
next. Maintaining a constant population size is not a strict require-
ment, but it makes for simpler coding of the GA. For the hybrid
rocket design problem, a population size of about three times the
total string length (80 individuals) was used based on guidelines in
Ref. 11. Because of the double coding of the discrete variables as
presented in Tables 1 and 2, the initial population will likely have a
slight bias toward individualswith the doubly coded values. If these
values are not desirable, the GA will eventually overcome this bias
but will require more generations to do this.

The values of the design variables in each individualare decoded
from the binarychromosome,and, from these values,a � tness value
is computed for each individual. This � tness is analogous to the
objective function value in a numerical optimizationproblem. Indi-
vidual chromosomeswith desirable � tness values are more likely to
survive and become parents for a subsequentgenerationof designs.
For the presentstudies,gross liftoffweight (GLOW) in poundsmass
and total inert weight were used as � tness functions.

A tournament selection method is used to determinewhich of the
individualsin a generationwill survive to becomeparentsof the next
generation. In this selection approach, all individuals in the current
generation are placed into a pot, and two individuals are randomly
selected without replacement from this pot. The individualwith the
better � tness of this pair survives, and a copy of this individual’s
chromosomeis placed into the parentpool.A secondpair of designs
is picked, evaluated, and the more � t individual is copied to the
parent pool. This process of picking pairs from the pot and copying
the best to the parent pool continues until the pot is empty, at which
time the parent pool is only half full. The individuals in the current
generation are replaced into the pot, and the tournament continues
so that each individual competes twice. After this second round of
the tournament, the number of strings in the parent pool will equal
the population size. Figure 5 provides a � owchart describing this
tournament selection process.

The tournament selection method possesses several advantages
for the hybrid booster design problem. First, tournament selection
allows for a lower � tnessvalue to be consideredthe best, and so it di-
rectly providesminimization capabilities.Additionally, tournament
selection compares two individuals at a time, rather than compar-

Fig. 5 GA tournament selection process.

ing the � tness of one individual against the entire population; this
avoids problems with � tness scaling. Finally, tournament selection
provides proper pressure toward better designs without allowing a
few highly � t individuals to receive many copies in the parent pool.
In the approachdescribed,all individualscompete twice in the tour-
nament. The best individual in the population always wins, and so
it will have two copies in the parent pool. The worst individualwill
never win and will not appear as a parent.

Once parents have been selected, the next generation is formed
via crossoverand mutation processes. In the crossoverprocess, two
childrenare formed from two parents.The approach used in this ef-
fort is uniformcrossover,in which each child string receiveseach bit
from the � rst parent or the second with a 50% chance.For example,
if a fair coin toss came up heads, the � rst child would inherit its � rst
bit from the � rst parent and the secondchild would inherit its � rst bit
from the secondparent. If the toss were tails, the � rst childwould in-
herit its � rst bit from the second parent, and the second child would
inherit its � rst bit from the � rst parent.Each bit location is examined
for crossover in this manner. Each resulting child chromosome is a
combination of bits inherited from its parents. Because the parents
were selected as good designs, combining chromosomes from the
parents usually (but not always) result in better child designs.When
a good child is formed, it will win its tournament, and then pass on
parts of its chromosome to future generations. Poor child designs
will not survive, and chromosome patterns corresponding to poor
performance will be removed from the population. Through this
process of combininggood chromosomes to form children and then
selecting the best of these children as parents for the next genera-
tion, the GA evolvespatternsof ones and zeros in the chromosomes
that correspond to designs with good � tness values. This process
provides most of the GA’s optimizationlikebehavior.

The crossover operator does much of the work to � nd optimal
designs, but the mutation operatorassists in the design space search.
After the child strings have been formed, a mutation may occur that
will change a bit to its binary opposite, for example, a zero becomes
a one, or viceversa.This mutationcan allow for a new binarypattern
to be introduced in a chromosome that was not present in a child’s
parents.If this mutation resultsin a high-� tnessdesign,then this trait
can be passed on to future generations. Conversely, if the mutation
results in a poorly performing individual, that individual is unlikely
to survive,and the binarypatterncreated by the mutation is removed
from the population. As in nature, the mutation process in the GA
occurs with very low frequency. The probability of mutation was
0.00875 for the hybrid rocket problem.

To assign � tness values, the child design chromosomes are de-
coded and evaluated for GLOW or Minert using the HYROCS code.
The selection operator is used to pick individualsfrom this group to
become parents for the next generation, and the process continues
through crossover and mutation to form new generations. With the
selection operator favoring good individuals and the crossover op-
erator combining features of good individuals, the GA population
moves toward the globallyoptimal design.For thiswork, the genetic
algorithm is halted after 100 generations.

Becausenoderivativesare used and the search is conductedwith a
populationof designpointsrather thanasinglepoint-to-pointsearch,
the GA is unlikely to stop its search at local optima. However, with
discretizedvariables, probabilisticoperators, and no gradient infor-
mation, the GA is not able to guarantee that it has found the exact
globalminimum. The best-� tness individualencounteredduring the
run of the genetic algorithm then provides a near globally optimal
design.For computationalsimplicity in this implementation,a pseu-
dorandomnumber generator is used for the probabilisticoperations.
For a given seed number, this generates a list of random numbers;
for the same seed, the same list will be generated. To address how
the GA’s stochastic processes affect the results, several runs were
conducted with different seed numbers for each � tness function of
interest.

Results
As mentioned earlier, both total inert mass Minert and GLOW

optimizations have been conducted using the GA methodology de-
scribed in the preceding section. A total of 100 generations were
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evaluated using a population size of 80 individuals. For the Minert

runs, the number of fuel ports ranged from 6 to 25 as described in
Table 2, and so a 27-bit chromosome was used. The GLOW runs
encoded the number of fuel ports between 10 and 25, resulting in a
26-bit chromosome, therebyeliminatingdouble coding of the Nports

variable. All other variable coding and GA parameters were the
same for both cases.

Typical run times were on the order of 10–15 min on a 200-MHz
Pentium personal computer. The GA required 8000 � tness eval-
uations (80 individuals times 100 generations) to complete each
run, which appears large compared to traditionaloptimization tech-
niques. As a comparison, however, a complete enumeration of the
design space available to the genetic algorithm would require over
134,000,000functionevaluations(227) for the problem to minimize
Minert using 27-bit chromosomes. Similarly, the problem to mini-
mize GLOW would require over 67,000,000 (226) function evalua-
tions.

Because the problem statement addressed here combines dis-
crete, integer, and continuous variables, an exact comparison with
gradient-based search techniques is not possible. However, an ap-
proximate comparison is possible. The Minert problem incorporates
three propellantsystems and 20 differentnumbers of fuel ports; this
means there are 60 possible combinations of discrete and integer
variables. A traditional gradient-based search could be conducted
for each of these 60 combinations. If the traditional technique re-
quires135ormore functionevaluationsto determinefunctionvalues
and numerical derivativesfor the search, the computationalcost (60
combinations times 135 function evaluations equals 8100 evalua-
tions) will exceed that of the genetic algorithmapproach.Addition-
ally, gradient-based optimization routines halt at the local minima
nearest the initial design, so conductingseveral optimizationsusing
different initial designs is common practice.

Figure 6 demonstrates the performance of the GA in � nding an
optimal number of fuel ports, one of the two discrete variables,
during a run to minimize Minert . There are 80 individuals in the
population, and the plots in Fig. 6 show the number of fuel ports
associatedwith each of these designs. The individualdesigns of the
randomly generated population (generation 1) have scattered val-

Fig. 6 Convergence of the genetic algorithm to optimal number of fuel ports.

ues for the number of ports as expected. By the 15th generation,
the GA has limited its search to the upper 2

3
of the optimiza-

tion range because designs with a small number of fuel ports have
larger Minert values and are not selected to survive as parents of fu-
ture generations. By the 100th generation, 74 of the 80 individuals
have 16 fuel ports. Four of the six outliers in generation 100 have
either 15 or 17 ports, very near the optimum value.

Figure 7 depictsthe searchof theGA in a planeof thedesignspace
containing two of the continuousvariables, Gox and Pc. These plots
show all 80 designs in the populationat selected generationsduring
the run of the GA; each design is representedby a + . The randomly
generated initial population (generation 1) shows designs scattered
throughout the possible design space. Booster designswith high Pc

are associatedwith large Minert values, so that the populationevolves
to the left half of the design space after only � ve generations. By
the 100th generation,nearly all individualsshare the optimal values
of Pc. Figures 6 and 7 illustrate that the GA approach successfully
� nds values for continuous, discrete, and integer variables.

The convergence-like behavior of the GA for a Minert run is il-
lustrated in Fig. 8. In the Fig. 8 plot, the � tness value of the best
design (lowest Minert ) in each generation is shown. As the gener-
ations progress, the lowest Minert value decreases rapidly over the
� rst several generations and reaches a nearly convergent state by
the 40th generation. The design space appears to exhibit a very
broad and shallow region near the optimum because Minert of the
best individual from a given generation varies only about 4% over
the 100 generationsevaluated by the GA. The GLOW optimization
runs exhibitedsimilar trendswith a rapid improvementin the � tness
functionover the � rst 10–20 generationsand with slower � ne tuning
over the remaining generations.

Because mathematical convergence to an optimum cannot be
guaranteedwith the GA, three runs with different initial seeds were
conducted for each of the two objective functions.The best designs
encountered during these runs are summarized in Table 4. In the
GLOW optimizations, two of the three seeds converged to the same
optimum, whereas the third case (seed 2) came up with a slightly
different optimum. The inert mass optimizations show more varia-
tion in the designparameters.In particular,seed 2 foundanoptimum
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Fig. 7 Convergence of the genetic algorithm to optimal Pc (psi) and Gox [lbm/(in.2 ¢ s)] values.

Fig. 8 Convergence history of one Minert optimization run.

with considerably fewer ports than in the other cases. However, all
of the optima differ in inertmass by less than 0.1%; this is the overall
mass convergence tolerance employed in the HYROCS code. Be-
cause all optimum values lie within the accuracy of the sizing code
itself, the GA has shown excellentperformance for these problems.

The results of Table 4 also illustrate that the GA is capable of ex-
ploringdifferentparts of the design space.The differencein GLOW
is very small for designs with 15, 10, and 16 ports, which implies
that thesedesignshavenearly the same performance.In practice, the

manufacturingcosts and complexityof a hybrid rocketincreasewith
the number of ports, and so the 10-port design would be a favorable
choice to addressmanufacturingconcerns.Generatingdifferent,but
similar performing, designs with the GA allows a designer to take
into account characteristics that were not initially considered in the
problem statement.

For the GLOW optimization,the seed 1 resultwas obtainedin just
the 34th generation.Although it is uncommon to encounter the best
design so early in the optimization process, this is not abnormal.
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Table 4 Performance of the GA
for different initial seeds

No. Pc , Gox Pt , Minert ,
Seed port psi lbm/(in.2 ¢ s) psi lbm

Minert optimizationsa

1 15 295 0.526 55.3 23,255
2 10 295 0.403 60.9 23,275
3 16 295 0.526 50.9 23,253

GLOW optimizationsb

1 11 205 0.409 59 54,0929
2 10 205 0.441 66 54,0493
3 11 205 0.409 59 54,0929

aAll Minert seeds found HP/HTPB propellants to be optimal.
bAll GLOW seeds found LOX/HTPB propellants to beoptimal.

Because the GA uses a random initial population and probabilistic
operators, it is certainly possible to � nd the best design early in the
search procedure. In the case of the seed 1 run, this best individual
certainly won its tournament competition, but because this design
was found early in the search, this design’s mate was certainlylower
performing in comparison.The exact genetic pattern to this individ-
ual’s excellent � tness was lost during the mating process and not
encountered again, but the designs present in the � nal generation
had � tness values nearly equivalent to the best-ever value.

Physical Signi� cance of Results
Table 4 shows that both optimizationsarrived at Pc values in the

200–300-psi range. It is not surprising that similar chamber pres-
sure values were selectedeven though the combustionchambers are
of differing dimensions with the different propellants because both
cases used the same constructionmaterials. In earlier work,5 which
used exhaustive search techniques to � nd optimal values, substan-
tially higher values of Pc (in the 1000-psi range) resulted.However,
these previous efforts did not include the effect of injector mass, a
substantial component that grows rapidly in weight with increased
chamber pressure; injector mass was included in the present work.
In addition, improvements to the motorcase design modules have
tended toward larger case weights than those predicted in previous
studies.Therefore, the combustionchamber becomesa more signif-
icant fraction of the total inert weight, thereby driving the optimum
to lower Pc values.

The tank pressures tended to gravitate to the 55–65-psi range,
which is consistent with existing propulsion systems. The optimal
Gox valuesobtainedare in the rangeof thoseused by othersconduct-
ing hybrid rocket design and experimentation,and these values are
consistentwith those obtained in earlier studies.5 Here, the tradeoff
in optimizing this variable is subtle. Large Gox values produce large
regressionrates [Eq. (1)] and lead to substantialchanges in fuel port
geometry over the course of the � ring. Because the fuel surface area
is changing with this port geometry, fuel � ow rates can shift sub-
stantially during the burn, thereby leading to shift from the optimal
O / F ratio. If one uses a low Gox value, very large fuel ports (and,
hence, combustion chambers) are required, thereby driving up inert
weight.The optimalvaluesobtainedin this studyare similar to those
obtained in a previous study7 using exhaustive search techniques.

Tables 5–7 provide performance, size, and weight comparisons
foroptimalvehiclesdesignedunderminimumGLOW andminimum
Minert objectives.In Table 5, the Isp valuesare computedassumingan
atmospheric pressure equivalent to 50,000-ft altitude. The superior
Isp value of the LOX oxidizer system results in a lower GLOW than
other propellant sytems. The HP-oxidized vehicle has an Isp about
10% lower than the LOX-oxidized design, a factor leading to the
requirementforhigherpropellant� ow rates in the HP-basedvehicle.
The high mixture ratio requiredfor the HP/HTPB combinationleads
to increases in gas generator � ows as well because more � uid must
be pumped for this propellant combination.

The higherdensity of the HP/HTPB propellantcombinationleads
to a reduction in overall vehicle length as indicated in Table 6. Dif-
ferenceshere arise becauseHP has about a 25% higher density than
LOX and because the LOX-based chamber needs to be very long to
accommodatetheadditionalfuel requiredfor the lowermixtureratio
operation of this propellant combination. The nozzle exit diameter

Table 5 Performance for GLOW
and Minert optimized boosters

Item GLOW Minert

Oxidizer LOX HP
Chamber pressure, psi 205 295
Ullage pressure, psi 60 55
Oxygen � owrate, lb/s 1708 2475
Gas generator � owrate, lb/s 5.3 9.7
Delivered vehicle Isp, s 310 278
Expansion ratio 4.44 6.15
Mixture ratio 2.5 7.5

Table 6 Dimensional comparison

Dimension, in.

Item Glow Minert

Overall length 1218 1011
Overall diameter 94 116
Chamber length 526 254
Chamber thickness 0.134 0.242
Injector thickness 0.65 0.97
Tank length 531 572
Tank thickness (cylinder) 0.33 0.39
Nozzle throat diameter 55.7 46.1
Nozzle exit diameter 117 114

Table 7 Weight comparison

Weight, lbm

Component Glow Minert

Usable propellant 291,514 340,968
Residual propellanta 5,612 6,406
Total propellant 297,126 347,374
Oxygen tank pressurant 1,041 750
Oxidizer tank 7,975 7,855
Intertank 515 865
Combustion chamber 6,636 5,206
Chamber polar bosses 146 168
Nozzle 5,811 5,438
Turbopump 415 1,041
Gas generator systemb 1,828 1,165
Injector 275 749
Misc. structure 1,196 807
Total inert weightc 24,797 23,295
GLOW 540,929 589,668
Booster mass fraction 0.923 0.936
aIncludes oxidizer tank pressurant.
bIncludes gas generator and its operating � uids and a heat
exchanger for LOX-based systems.
cExcludes residual propellants.

for the LOX-based vehicle is signi� cantly larger than the booster
because the booster diameter is set by internal ballistics constraints
and the grain design.This situationwould lead to high drag, a factor
not presently considered in the optimization. The Minert optimized
vehicle has a larger diameter to accommodate the higher � ow rates
and larger number of fuel ports.

The weight summary indicates that the HP-based design’s sim-
plicity explainsthe tendencyof the GA to choose this oxidizerwhen
minimizing inert weight. The heat exchanger is not needed in the
HP design because the tank is pressurized with decomposed per-
oxide from the gas generator system. In the LOX-based vehicle,
a separate � uid must be carried for the gas generator. The lower
bulk density of the LOX/HTPB leads to larger tank and chamber
volumes, with associated increases in mass of these components
relative to HP/HTPB.

Conclusions
A GA optimization methodology has been successfully applied

to the design of a large hybrid rocket booster to minimize inert mass
and to minimize GLOW. Results indicate excellent performanceof
the GA in this application, which contains both continuous vari-
ables (tank pressure, chamber pressure, and oxidizer mass� ux) and
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discretevariables(propellantcombinationandnumberof fuelports).
The capability to simultaneously handle both variable types is es-
pecially interesting in this context because the optimization of the
number of fuel ports is one of the top-levelconsiderationsin hybrid
boostersizing.Designswere generatedwithout the expenseor effort
of an enumerative search strategy.Results indicate that the GA was
able to generate optimal, or very nearly optimal designs in a space
that exhibits a very broad, shallow minimum. Furthermore, the GA
was able to � nd these solutions in the presenceof noise arising from
the weight convergencetoleranceused in the HYROCS sizing code.
The resulting designs are physically reasonable. The combination
of a genetic algorithm with a rocket sizing code appears to offer
bene� ts to the designers of rocket systems.
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