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Multiobjective Optimization of Rocket Engine
Pumps Using Evolutionary Algorithm

Akira Oyama¤ and Meng-Sing Liou†
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A design optimization method for turbopumps of cryogenic rocket engines has been developed. Multiobjective
evolutionary algorithm is used for multiobjective pump design optimizations. Performances of design candidates
are evaluated by using the meanline pump � ow-modeling method based on the Euler turbine equation coupled
with empirical correlations for rotor ef� ciency. To demonstrate feasibility of the present approach, single-stage
centrifugal pump and multistage pump design optimizations are performed. The number of pump performance
evaluationsnecessary toobtaina reasonablepareto-optimalset for the conceptualrocket enginepumpdesignwill be
investigated using the single-stage centrifugal pump design optimization. In both design optimizations the present
method obtains hundreds of reasonable and uniformly distributed pareto-optimal solutions that include some
designs outperforming the original design in total head while reducing input power by 1%. Detailed observation of
the design results also reveals some important design criteria for turbopumps in cryogenic rocket engines. These
results demonstrate the feasibility of the evolutionary algorithm-based multiobjectivedesign optimizationmethod
in this � eld.

I. Introduction

A LTHOUGH budget for space developmentprograms has dras-
tically shrunk in most countries, recent and future space mis-

sions increasingly demand high performance and reliable rocket
engine systems and components, such as turbopumps. Progress in
computational � uid dynamics (CFD) methods and development of
powerful computational facilities have contributed to the reduction
in required cost and time to develop advanced turbopump designs.
The design process still largely depends on experienced designers.
Therefore, numerical design methods coupled with CFD, which are
capable of ef� ciently developingadvanced turbopump designs, can
greatly reduce such dependency.

Yet, despite the fact that numerical optimization methods have
been successfully applied to a variety of design problems, applica-
tionof numericaloptimizationmethod to rocket enginepumpdesign
still remains as a formidable challenge. One of the main reasons is
that a rocket engine pump design involves simultaneous optimiza-
tion of multiple and competing objectives such as maximization of
totalheadrise,minimizationof inputpower,minimizationofweight,
etc. Although single-objectiveoptimization problems might have a
unique optimal solution, multiobjective problems (MOPs) present
a set of compromised solutions, largely known as the tradeoff sur-
face, pareto-optimal solutions or nondominated solutions.1 These
solutions are optimal in the sense that no other solutions in the
search space are superior to them when all objectives are consid-
ered (Fig. 1). The goal of MOPs is to � nd as many pareto-optimal
solutions as possible to reveal tradeoff information among differ-
ent objectives. Once such solutions are obtained, the higher-level
decision-maker will be able to choose a � nal design with further
considerations.
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Traditionaldesignmethods suchas the gradient-basedmethods2;3

are single-objectiveoptimization methods that optimize one objec-
tive. These methods usually start with a single baseline design and
use local gradient informationof the objective functionwith respect
to changes in the design variables to calculate a search direction.
When these methods are applied to a MOP, the problem is usually
transformed into a single-objectiveoptimization problem by com-
bining multiple objectives into a single objective typically using a
weighted sum method. For example, to minimize competing func-
tions f1 and f2 these objective functions are combined into a scalar
function F as

F D w1 ¢ f1 C w2 ¢ f2; w1 C w2 D 1 (1)

This approach,however, can � nd only one of the pareto-optimalso-
lutions corresponding to each set of the weights w1 and w2. There-
fore, one must run many optimizations by trial and error adjusting
the weights to get pareto-optimal solutions uniformly over the po-
tential pareto-front. This is considerably time consuming in terms
of human time. What is more, there is no guarantee that uniform
pareto-optimal solutions can be obtained. For example, when this
approach is applied to a MOP that has concave tradeoff surface it
converges to two extreme optimums without showing any tradeoff
information between the objectives (Fig. 2).

Evolutionary algorithms [(EAs) for example, see Ref. 4], on the
other hand, are particularlysuited for MOPs. By maintaininga pop-
ulation of design candidates and using a � tness assignment method
based on the pareto-optimalityconcept, they can uniformly sample
various pareto-optimal solutions in one optimization without con-
verting a MOP into a single-objective problem. In addition, EAs
have other advantagessuch as robustness,ef� ciency,as well as suit-
ability for parallel computing. Because of these advantages, EAs
are a unique and attractive approach to real-world design optimiza-
tion problems such as the rocket engine pump design optimization
problem.Recently,EAs havebeen successfullyapplied to aerospace
design optimization problems.4¡8

The objective of the present study is to develop and demonstrate
a design optimizationmethod for turbopumpsused in the cryogenic
rocket engines.The multiobjectiveevolutionaryalgorithm(MOEA)
will be used for multiobjective optimization of pump designs. Per-
formancesof designcandidateswill be evaluatedby using the mean-
line pump � ow-modeling method based on the Euler turbine equa-
tion coupled with empirical correlations for rotor ef� ciency. The
present approach will be applied to conceptual designs of centrifu-
gal and multistage turbopumps.
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Fig. 1 Concept of pareto-optimality. This is an example of MOPs,
which minimizes two con� icting objectives f1 and f2 . This MOP has in-
numerable compromised pareto-optimal solutions such as solutions A,
B, and C. These solutions are optimal in the sense that there is no bet-
ter solution in both objectives. One cannot say which is better among
these pareto-optimal solutions because improvement in one objective
degrades another.

Fig. 2 Weighted sum method applied to a MOP having a concave
pareto-front. Any combination of weights w1 and w2 would result in
the extreme optimum A or B. A gradient-based method might stack
in a local optimum C because of complexity of the objective function
distributions.

Fig. 3 Flowchart of the present evolutionary algorithm.

II. Evolutionary Algorithms
EAs mimic mechanisms of natural evolution, where a biological

population evolves over generations to adapt to an environment by
selectionaccordingto � tness, recombination,and mutation of genes
(Fig. 3). In EAs a design candidate, objective function values, and
design variables usually correspond to an individual, � tness, and
genes, respectively.

Starting with an initial population of design candidates that is
often generated by random sampling from the design space, EAs
select good design candidates in terms of � tness, which is assigned
on the bias of their objective function values. Typically, � tness of
a design candidate is its objective function value itself for a single-
objective problem. For a MOP an individual’s � tness is determined
according to pareto-optimal concept.1 Recombination is applied,
where new population is generated by exchanging features of the
selected designs with the intent of improving the � tness of the next
generation. Then, mutation is applied to design parameters of the
new population to maintain diversity in the population. EAs for
MOPs are called MOEAs.4

One of the key features of EAs is that it searches from multiple
points in the design space in contrast to the traditional methods
that usually move from a single design point. In addition, EAs use
objective function values alone to determine a search direction and
do not require derivatives or gradients of the objective function
while the traditional methods use local gradient information of an
objectivefunction.These featuresalso lead to some advantagessuch
as the following:

1) The � rst advantageis the capabilityof samplingvariouspareto-
optimal solutions in parallel. By maintaining a population of solu-
tions and introducing the concept of pareto-optimality for � tness
assignment, EAs can uniformly sample various pareto-optimal so-
lutions in parallel when applied to MOPs.

2) The second advantage is robustness. Deterministic methods
such as the gradient-basedmethods typically start with a single de-
sign point and use the local gradient information to determine a
search direction. Optimization depending on such local informa-
tion leads to a local, not necessarily a global, optimum nearby the
stating point. In contrast to them, EAs determine their search direc-
tion globally and probabilisticallybut ef� ciently using their unique
operators so-called recombination and mutation that give EAs ca-
pability of � nding global optimums. Compared with other proba-
bilistic methods such as the simulated annealing method3 that is
similar to the gradient-basedmethods but tries random step accord-
ing to the so-called Boltzmann probability distribution, EAs are
more robust because they maintain a population of design candi-
dates, and they do not use function gradients that direct the search
toward a local optimum. In addition, EAs have capability to handle
any design problems that might involve nondifferentiableobjective
function and/or a mix of continuous, discrete, and integer design
parameters.

3) Suitability to parallel computing is the third advantage. Be-
cause EAs are population-basedsearch algorithms, all design can-
didates in each generation can be evaluated in parallel by using a
simple master-slave concept. Parallel ef� ciency is extremely high,
if objective function evaluations consume most of CPU time.

4) Simplicity in coupling evaluation codes is the fourth advan-
tage. Because EAs use only objective functionvalues of design can-
didates, EAs do not need substantial modi� cation or sophisticated
interface to evaluation codes. If an all-out recoding were required
to every optimizationproblem, extensivevalidationof the new code
would be necessary every time. EAs can save such troubles.

The present MOEA uses � oating-point representation,where an
individualis characterizedbya vectorof realnumbers. It is naturalto
use the � oating-pointrepresentationfor real parameter optimization
problems instead of binary representationbecause it is conceptually
closest to the real design space, and moreover, the string length is
reduced to the number of design variables.

To introducethe pareto-optimalityconcept to the presentMOEA,
Fonseca’s pareto-based ranking method9 is used for � tness assign-
ment where an individual’s rank corresponds to the number of in-
dividuals in the current population who are better than the corre-
sponding individual in every objective function. Fonseca’s ranking
method for a minimization problem is shown in Fig. 4. Then, the
N best individuals are selected from both the present N design
candidates and the previous N design candidates for mating pool
accordingto their rankswhere populationssize is set equal to N (see
Ref. 10). A standard sharing function11 is incorporated to maintain
diversity in the population.

To generatenew design candidates, the blendedcrossover (BLX-
®/ is applied to the best N individuals,where mating is determined
randomly. The blended crossover is the most common approach
for recombination of two parents represented by a vector of real
numbers proposed by Eshelman and Schaffer.12 In this approach
children are generated on a segment de� ned by two parents, but
the segment can be extended equally on both sides determined by a
user-speci�ed parameter ®. Thus, a child solution is expressed as

Child 1 D ° ¢ Parent 1 C .1 ¡ ° / ¢ Parent 2 (2)

Child 2 D .1 ¡ ° / ¢ Parent 1 C ° ¢ Parent 2 (3)
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Fig. 4 Fonseca’s pareto-ranking method for a multiobjective mini-
mization problem. The solutions A, B, C rank � rst because they are
pareto-optimal. The solutions D and E rank second because they are
worse than the solutions B and C on both objectives, respectively. The
solution F ranks third because two solutions (A and B) are better than
the solution F on both objectives.

Fig. 5 Blended crossover.

where

° D .1 C 2®/u ¡ ® (4)

Child 1, Child 2 and Parent 1, Parent 2 denote design parameters of
the children and parents, respectively;u is uniform random number
in [0, 1]. Schematic view of BLX-® is shown in Fig. 5. When an
EA is applied to a design optimization problem, what is important
is the balance of two con� icting goals: exploiting good solutions
and exploring the search space.13 Thus, BLX-0.5 is used in which
both exploration and exploitation are carried out equally. Because
the strong elitism is used, high mutation rate of 0.2 is applied, and
a random disturbance is added to the parameter in the amount up to
§20% of the design space. Unbiased initial population is generated
by randomly spreading solutions over the entire design space in
consideration.

III. Pump Performance Evaluation
Total head and required input power of pump design candidates

are evaluated by using a one-dimensional meanline pump � ow-
modeling method,14 which provides a fast capability for modeling
turbopumps within rocket engines. This method has been validated
by simulating a variety of very different pumps such as Mark48
liquid hydrogen pump, XLR-129 liquid hydrogen pump, Orbital
Transfer Vehicle liquid oxygen pump, etc.

The components of the inlet and exit � uid velocity triangles are
calculatedat the hub, mean, and tip locationsalong the rotor blades.
The meridional velocity of the � uid at the rotor leading-edge rms
diameter CM1 (m/s) is de� ned by Eq. (5):

CM1 D m=½1 A1 (5)

where m is the mass � ow (kg/s), ½1 the � uid density at leading edge
(kg/m3), A1 the � ow area at leading edge (m2).

Flow area is calculated from the input � ow path dimensions:

A D ¸b¼ B.Rhub C Rtip/ ¡ blockc (6)

where ¸ is the boundary-layer blockage factor, B the blade span
from hub to tip (m), Rhub the radial distance from pump centerline
at hub (m), Rtip the radial distance from pump centerline at tip (m).

The metal blockage of the rotor block is calculated by Eq. (7):

block D
thk ¢ B ¢ Z

sin ¯
(7)

where thk is the normal blade thickness (m), Z the blade number,
and ¯ the relative angle from tangential, deg.

The tangential component of velocity entering the rotor is calcu-
lated in terms of the swirl angle of the � ow ®1 by Eq. (8):

CU 1 D
CM1

tan.®1/
(8)

The meridionaland tangentialcomponentsof absolute� uid velocity
at the rotor trailing edge are calculated by Eqs. (9) and (10):

CM2 D m=½2 A2 (9)

CU 2 D U2 C WU 2 (10)

where½2 is the � uid densityat trailingedge(kg/m3 ), A2 the � ow area
at trailingedge (m2), U2 the blade tangentialvelocity at trailingedge
(m/s), and WU 2 the tangential component of relative � uid velocity
at trailing edge (m/s).

Flow area at trailing edge is calculated by Eq. (6). The blade
tangential velocityU and tangential componentof the � uid relative
velocity WU 2 are given by Eqs. (11) and (12), respectively:

U D 2¼ ¢ R ¢ N

60
(11)

WU 2 D CM2 ¢ tan ¯2 C U2.1 ¡ ¾/ (12)

where R is the radial distance from pump centerline (m), N the
shaft rotative speed (rpm), and ¯2 the relative angle from tangential
at trailing edge (deg).

The slip factor ¾ is de� ned by

¾ D 1 ¡ slip=U2 (13)

The slip is the differencebetween the theoretical and absolute � uid
tangentialvelocities.For centrifugalimpellersP� eiderercorrelation
to geometry15 is used to calculate the slip factor ¾ . A default slip
factor of 0.95 is used for inducers.

The head rise through the rotor is calculated iteratively from the
Euler turbine equationcoupledwith empirical correlationsfor rotor
ef� ciency

H2 D [.U2 ¢ CU2 ¡ U1 ¢ CU 1/=gc] ¢ ´hyd (14)

where H2 is the head rise through the rotor (m), ´hyd the rotor hy-
draulic ef� ciency; and gc the gravitational constant, 9.8 m/s2 .

The rotor hydraulicef� ciency is obtained from empiricalcorrela-
tions to rotor-speci�c speed.16 The total pressureand static pressure
at the rotor exit are estimated from the rotor head rise by Eqs. (15)
and (16):

Pt2 D H2 ¢ ½1¡2 C Pt1 (15)

Ps2 D Pt2 ¡
C2

2 ¢ ½2

2 ¢ gc

(16)

where Pt1 is the total pressure at the leading edge (kgf/m2), Pt2 the
total pressureat the trailing edge (kgf/m2), ½1¡2 the average density
of the � uid from the leading edge to the trailing edge (kg/m3 ), and
Ps2 the static pressure at the trailing edge (kgf/m2).

Fluid absolute velocity at trailing edge C2 (m/s) is de� ned by

C2 D
q

C2
M2 C C 2

U 2 (17)

Total pressureat the dischargeof the last stage Pt4 (kgf/m2) is given
by the following equation:

Pt4 D Pt2 ¡ !2¡4 ¢ .Pt2 ¡ Ps2/ (18)
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where the total pressureloss coef� cient of the diffusionsystem !2¡4

is a empirically derived function of loading parameter L14

!2¡4=!2¡4;0 D 1:8151¡ 1:83527 ¢ L C 0:8798 ¢ L2 C 0:18765 ¢ L3

(19)

where the total pressure loss coef� cient of the baseline diffusion
system !2¡4;0 is assumed to be known. The loading parameter is
de� ned in terms of the velocities at the vaneless diffuser exit and
the velocity at the diffusion system throat.

L D
Cthroatp

C2
U 3 C C2

M3

(20)

where Cthroat is the � uid absolute velocity at the diffusion system
throat (m/s), CU 3 the tangentialcomponentof � uid absolutevelocity
at vaneless diffuser exit (m/s), and CM3 the meridional component
of � uid absolute velocity at vaneless diffuser exit (m/s).

The velocity at the diffusion system throat is de� ned by the
Eqs. (21) and (22).

CM3 D m=½3 A3 (21)

CU 3 D .1 ¡ !2¡3/ ¢ CU 2 ¢ .R2=R3/ (22)

where the pressure loss coef� cient at the diffuser exit !2¡3 is as-
sumed to be 0.1. Fluid velocity at the throat is given by the Eq. (23):

Cthroat D
m

½3 Athroat

(23)

The total head rise through pump is calculated by

H4 D
¢.Pt4 ¡ Pt1/

½1¡4

(24)

where H4 is the total head rise through pump (m), Pt4 the total
pressure at the pump exit (kgf/m2 ), and ½1¡4 the average density of
the � uid from the inlet to the discharge (kg/m3 ).

The input power required to drive the rotor is calculated from the
head rise through the rotor, mass � ow, rotor hydraulic ef� ciency,
mechanical ef� ciency, volumetric ef� ciency, and disk pumping loss
as

input D
³

m ¢ H2

´hyd ¢ ´vol

C PLdisk

´
¢ 1

´mech

(25)

where input is the input power (kgf ¢ m/s), ´mech the mechanical
ef� ciency,´vol thevolumetricef� ciency,andPLdisk thediskpumping
loss (kgf ¢ m/s).

The mechanical ef� ciency is assumed to be 0.98, and the volu-
metric ef� ciency is based on internal leakage and is expressed as
the ratio of leakage to the inlet � ow. The disk pumping loss is calcu-
lated from empirical correlations to geometry, � uid density at rotor
trailing edge, and the shaft rotative speed.15 During the calculation,
local static pressure at the rotor tip is compared to the local vapor
pressure to check for the cavitation inception point.

To compare overall performance maps of the baseline designs
and pareto-optimaldesigns, off-designtotal head and required input
power are estimated by using the empirically derived variation of
slip factor and rotor ef� ciency as a function of � ow-speed ratio
F:14;17

¾

¾design
D 1:534988 ¡ 0:6681688 ¢ F

C 0:077472 ¢ F2 C 0:0571508 ¢ F3 (26)

´hyd

´hyd;design
D 0:86387 C 0:3096 ¢ F

¡ 0:14086 ¢ F 2 ¡ 0:029265 ¢ F 3 (27)

IV. Centrifugal Pump Design
First, redesign of a single-stage centrifugal pump, M-1 oxygen

3
8 -scale water tester18 is demonstrated.

A. Design Problem Formulation

Objectives of the present design problem are maximization of
total head and minimization of input power at a design point. These
objectives are competing, and therefore the solution to this opti-
mization problem is pareto-optimal solutions.

The design point is shaft rotative speed of 5416.7 rpm, total tem-
perature of the � uid entering the pump of 29.6±C, total pressure of
the � uid entering the pump of 35200 kgf/m2, and mass � ow into the
pump of 85.67 kg/s.

Design parameters are rotor leading-edge tip radius Rtip1, rotor
trailing-edgeradius R2 , volute tongue radius R3, blade span at trail-
ing edge B2, blade span at volute tongue B3 , axial length of the
blade at the rms diameter S, number of blades Zn , blade thickness
thk, blade trailing-edge angle at the hub, rms radius, and tip (¯hub,
¯mid, ¯tip/ as shown in Fig. 6. Table 1 presentspresentdesign spaces.

B. Number of Evaluations Required for the Multiobjective Design

For EAs some parameters must be speci� ed by users such as
population size, number of generations, crossover rate, and muta-
tion rate. Among them, populating size and number of generations
are of great importance because they directly affect computational
time as well as an EA’s robustness. For example, optimization with
large populationsize and large number of generations(that is, large
number of evaluations) might always result in global optimal solu-
tions,but it might requiretremendouscomputationaltime.However,
there is no researchinvestigatinghow many evaluationsare required
for a multiobjectiveoptimization as far as the authors know. There-
fore, required number of evaluations for the present multiobjective
optimization problem is examined in this section.

For a singleobjective optimization problem usually there is a
unique optimum, and the convergence is easily examined using its
objective function value. In contrast to that, a multiobjective opti-
mization problem has pareto-optimal solutions, which have multi-
ple objectives.Some metrics have been presented to compare some
pareto fronts.19¡22 In this study generationaldistance G23 is used as
a measure of error of a current pareto front PFcurrent from the true
pareto-front PFtrue:

G D

pPn
i D 1 d2

i

n
(28)

where n is the number of designs in PFcurrent and di is a distance
between a design point ( f1;i , f2;i , : : :) in PFcurrent and the nearest
point (F1; j , F2; j , : : :) in PFtrue in the objective function space given
by

di D

s
mX

k D 1

.Fk; j ¡ fk;i / (29)

where m is the number of objective functions. In this study PFtrue

is derived from � ve pareto-optimal fronts obtained by executing
� ve optimizations using the EA with population size of 400 and
300 generations.

Fig. 6 Design parameters of the centrifugal pump design problem.
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Table 1 Design parameter ranges of the centrifugal pump design problem

Design variables R1 tip , in. R2, in. R3, in. B2 , in. B3 , in. S, in. ¯hub, deg ¯rms , deg ¯tip , deg thk2, in. Zn2

Upper boundary 4.00 5.60 6.20 0.85 1.00 4.30 45.0 45.0 45.0 0.10 30
Lower boundary 3.40 5.00 5.60 0.70 0.85 3.70 25.0 25.0 25.0 0.03 4

Fig. 7 Generational distance histories.

Fig. 8 Objective function values of the centrifugal pump designs.

Figure 7 shows the generational distance histories of optimiza-
tions with six different population sizes in terms of the number of
evaluations. Each curve represents average of � ve optimizations
starting with different initial populations. Examining some pareto-
optimal fronts at differentgenerationaldistancevalues,generational
distance of 0.1 is assumed to be suf� cient for the present problem.
Accordingto the � gure,EA with populationsizeof 100–200worked
ef� ciently for the current optimization problem. Among them EA
with population size of 120 converged to generational distance of
0.1 with about 3000 evaluations that correspond to 25th generation.

C. Results

Next, pareto-optimalsolutionsof an optimizationwith population
size of 120 at 30th generationare examined.An executionof EA ob-
tained 498 different pareto-optimal solutions showing the tradeoff
information among competing objectives. Though EAs are some-
times criticized because they require too large a number of evalu-
ations, they require reasonable number of evaluations per an opti-
mum when applied to a MOP. In the present case, the EA required
about seven evaluationsper an optimum (120 designs£ 30 genera-
tions/498 optimums D 7.22). In this sense, EAs are very ef� cient.

Total head and input power of pareto-optimal designs, original
design, and all other design candidates are illustrated in Fig. 8.

Fig. 9 Centrifugal pump overall performance map.

Fig. 10 Flowvelocity atbladeexit hubof thecentrifugal pumpdesigns.

Designs that have cavitation are eliminated from the � gure. Present
pareto-optimal solutions successfully display tradeoff information
between maximization of the total head and minimization of the
input power. Such tradeoff information is very helpful to a higher-
level decisionmaker in selectinga design with other considerations.
Among the pareto-optimal solutions, some designs outperform the
original design in the total head while reducing the input power by
1%.

Figure 9 compares overall performance maps of the original de-
signand a compromiseddesign thatovercomestheoriginaldesignin
both objectives. The compromised design improved the exit pres-
sure in all off-design conditions. The design parameters of these
designs are shown in Table 2.

The absolute � ow velocity at rotor exit hub is shown in Fig. 10.
This � gure indicatesthe pareto-optimaldesignshave small exit � ow
velocity,which contributesto minimizationof the total pressureloss
in the diffusion system. By minimizing the total pressure loss in
the diffusion system, designs can improve their total head rise. To
minimize the exit � ow velocity, the optimum designshave small slip
factor values (that is, large slip than others). In fact, the high head
design and the compromised design maximize R2 to increase slip
causedby the inertialeffectwhile the low inputdesignminimizes R2

to minimize inputpower.The lowinputdesignand thecompromised
design also have small blade angle at hub and tip to reduce absolute
� uid velocity at rotor exit while the high head design maximizes
blade trailing-edge angles to improve its total head. However, it is
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Table 2 Pareto-optimal designs of the centrifugal pump design problem

Design variables R1 tip , cm R2, cm R3, cm B2, cm B3, cm S, cm ¯hub, deg ¯rms, deg ¯tip , deg thk, cm Zn

High head design 9.80 14.2 14.6 2.08 2.21 10.6 43.3 35.9 44.2 0.211 13
Compromised design 8.84 14.2 14.4 1.78 2.49 10.1 27.5 37.3 28.1 0.249 7
Low input design 8.64 12.8 14.5 1.96 2.39 9.55 31.6 38.2 25.9 0.140 4
Original design 9.30 13.6 15.0 2.06 2.31 10.2 35.0 35.0 35.0 0.127 12

Table 3 Design parameter ranges of the multistage pump design problem

First stage

Design variables Rtip , cm R2 hub , cm ¯2 hub, deg ¯2 rms, deg ¯2 tip , deg thk2 , cm Zn2

Upper boundary 3.00 1.35 50.0 40.0 35.0 0.203 10
Lower boundary 2.74 1.09 35.0 25.0 20.0 0.0762 2

Second stage

Design variables R2 , cm .R4 ¡ R3/, cm B2 , cm B3 , cm thk3, cm S, cm Zn3 ¯3, deg

Upper boundary 5.59 0.381 0.889 1.27 0.203 2.54 18 90.0
Lower boundary 5.08 0.127 0.381 0.762 0.0762 2.03 6 60.0

Fig. 11 Total pressure loss coef� cient of the centrifugal pump designs.

known that nonuniform radial velocity around the periphery of the
impeller caused by large slip degrades its head rise. Therefore, this
effect should be counted in the future study.

Figure 11 shows the total pressure loss coef� cient of the diffu-
sion system of the designs. Pareto-optimal solutions successfully
minimize it to increase their total head rise. According to these
detailed observations of the results, present MOEA obtained rea-
sonable pareto-optimal solutions, which ensure the feasibility of
the present design optimization approach in rocket engine pump
designs.

V. Multistage Pump Design
Now, the present method is applied to redesign of the RL10A-

3-3A liquid oxygen pump.24 The RL10A-3-3A engine is a liquid
oxygen/liquidhydrogenexpandercycleengine,whichhasbeenused
for the expandable Atlas Centaur upper stage vehicles since 1984.
This pump consists of one inducer and a single centrifugal impeller,
followed by a vaneless diffuser and conical exit volute.

A. Design Problem Formulation

The objectives are maximization of total head and minimiza-
tion of input power at the design point, which is shaft rotative
speed of 12,900 rpm, total temperature of the � uid entering the
pump of ¡176±C, total pressure of the � uid entering the pump of
28100 kgf/m2 , and mass � ow into the pump of 18.1 kg/s. Design
parameters and the corresponding parameter ranges are shown in
Fig. 12 and Table 3, respectively.

Fig. 12 Design parameters of the multistage pump design problem.

Fig. 13 Objective function values of the multistage pump designs.

B. Results

Based on the discussion in the preceding section, population
size and number of generations are set to 120 and 30, respectively.
Figure 13 shows total head and input power of pareto-optimal de-
signs, original design, and all other design candidates that have no
cavitation. Number of the pareto-optimal designs is 660. Though
this design optimization problem involves two stages and a larger
number of design parameters, the present MOEA � nds reasonable
pareto-optimalsolutions including some designs that improve both
total head and input power by as much as 1%.

Figure 14 shows overall performancemaps of the original design
and a pareto-optimal design that overcomes the original design in
both objectives.The optimaldesign improves the exit pressure in all
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Table 4 Pareto-optimal designs of the multistage pump design problem

First stage

Design variables Rtip , cm R2 hub , cm ¯2 hub, deg ¯2 rms , deg ¯2 tip , deg thk2 , cm Zn2

High head design 3.00 1.18 49.4 39.3 34.8 0.195 9
Compromised design 2.95 1.27 42.4 37.8 34.1 0.105 8
Low input design 2.97 1.28 42.1 28.5 27.5 0.144 3
Baseline design 2.87 1.22 43.0 27.3 21.6 0.102 3

Second stage

Design variables R3, cm .R4 ¡ R3/, cm B3, cm B4 , cm thk3, cm S, cm Zn3 ¯3, deg

High head design 5.59 0.361 0.404 1.04 0.179 2.40 17 87.7
Compromised design 5.46 0.248 0.630 1.12 0.141 2.10 6 66.3
Low input design 5.08 0.194 0.813 0.947 0.0955 2.05 6 64.5
Baseline design 5.33 0.241 0.638 1.02 0.0762 2.23 12 90.0

Fig. 14 Multistage pump overall performance map.

Fig. 15 First-stage performances of the multistage pump designs.

off-design conditions. The design parameters of these designs are
shown in Table 4.

Figures 15 and 16 illustrate the head rise and the required input
power of the � rst and the second stages. Because the exit of the � rst
stage connectswith the inlet of the secondstage directly, the relation
between the head rise and input power becomes linear.The optimum
designs increase their head rise through the � rst stage because the
slope of the curve consisting of pareto-optimalsolutions in Fig. 16
is steeper than that of the line in Fig. 15. To increase the head rise
throughthe � rst stage, the highestheaddesignand the compromised
design increase Rtip and ¯2 hub . Another interesting thing is that the
secondstagesof thepareto-optimaldesignsare not optimalby them-
selves, especially in the high head region. This indicates that each
stage of a multistage pump should not be designed separately.

Fig. 16 Second-stage performances of the multistage pump designs.

Fig. 17 Flow velocity at second stage exit hub of the multistage pump
designs.

Figure 17 shows � uid velocity at rotor exit hub. This � gure is
also interestingbecause the pareto-optimaldesigns in the high total
head region have smaller � uid velocity at exit like the single-stage
pump design, whereas the pareto-optimal designs in the low total
head region do not necessarilyhave small � uid velocity at exit. This
is probably because of complicated interactions between the � rst
and second stages.

Figure 18 is the total pressure loss coef� cient of the designs.The
optimal designs in the high total head region maximize their total
pressure loss coef� cient, but the optimal designs in the low total
head region minimize it. More work is necessary to understand the
multistage pump designs.



OYAMA AND LIOU 535

Fig. 18 Total pressure loss coef� cient of the multistage pump designs.

VI. Conclusions
In the present study a design optimization method for cryogenic

rocket engine turbopumps has been developed. A multiobjective
evolutionary algorithm is used for the multiobjective optimization
of pump designs. Performances of design candidates are evaluated
by using the meanline pump � ow modeling method, which is based
on the Euler turbine equation coupled with empirical correlations
for rotor ef� ciency.

To demonstrate the feasibility of the present approach, single-
stage centrifugal pump design and multistage pump design opti-
mizations were demonstrated. The number of pump performance
evaluations necessary to obtain a reasonable pareto-optimal set for
the conceptualrocketenginepump designwas investigatedusingthe
single-stagecentrifugalpump design optimization.In both cases the
present method obtained reasonable pareto-optimal solutions that
include designs outperforming the original design in total head as
well as inputpowerby1%. Detailedobservationof the designresults
also revealed some important design policies in turbopump design
of cryogenic rocket engines.These results ensured the feasibilityof
EA-based design optimization method in this � eld.
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