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Interplanetary Flyby Mission Optimization
Using a Hybrid Global–Local Search Method
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A hybrid optimizationapproachhasbeen developed combiningthe globalsearch properties of genetic algorithms
with the local search characteristics of recursive quadratic programming. The genetic algorithm initially surveys
the parameter space for candidate planetary encounter and maneuver occurrence times. The best candidate of
the genetic algorithm parameter population is submitted as an initial parameter set to the recursive quadratic
programming module for re� nement. This hybrid optimizer was applied to ballistic Earth–Venus–Earth (EVE)
and Earth–Mars–Earth (EME) � ybys to minimize weighted mission D V constrained by Earth return energy and
mission time of � ight inequalities. These mission classes were chosen for their potential to demonstrate Mars
transportation vehicle technology. Initial experiments with a time of � ight limit of 480 days and an Earth-return
energy limit of 14 km/s provided EME and EVE solutions with negligible D V at the respective � yby encounters.
The hybrid optimizer required two orders of magnitude fewer trajectory evaluations to produce results equivalent
to a grid search for this mission. The hybrid optimizer results indicate that a human Venus � yby transportation
veri� cation mission is superior to a Mars � yby mission.

Nomenclature
C = vector of constraint values
c = rocket exhaust velocity, km/s
J = scalar performance index
O(T) = vector of mission performance criteria evaluated at T
T = set of optimization parameters de� ning planetary

encounter times
t0 ¡ 1 = time offset from 1 January epoch to Earth departure,

day
t1 ¡ 2 = time offset from Earth departure to Venus or Mars

encounter, day
t1 ¡ 3 = time offset from Earth departure to Earth return, day
V1 ,3 = hyperbolic excess velocity at Earth return, km/s
D V = impulsive change in velocity, km/s
D VPFM = powered � yby maneuver impulse at Venus or

Mars, km/s
D VTPI = transplanetary impulse required at Earth

departure, km/s
d Mars = trajectory turning angle relative to Mars at Mars

� yby, deg
d sun = trajectory turning angle relative to sun at planetary

� yby, deg
d Venus = trajectory turning angle relative to Venus at Venus

� yby, deg
H mission = vector of operational constraints used by

multiple-body gravity-assist trajectory tool
u (T) = performance function

Introduction

G RAVITY-ASSIST trajectoriesmake the most of interplanetary
missions by reducing launch energies, thereby maximizing

scienti� c and engineering payload mass fractions. Flyby missions
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of Venus have long been considered as a way to provide more pay-
load delivery opportunities to Mars.1 ¡ 4 Indeed, missions such as
Galileo5 would be economically infeasible, or at least extremely
limited in terms of scienti� c payload, if not for multiple gravity-
assist � ybys. A mission designer’s challenge is to determine when
the trajectory performance can be improved by employing gravity-
assist � ybys. The unavailability, complexity, and cost of gravity
assist optimization programs for educationaluse prompted the cre-
ation of a program capable of optimizing multiple gravity-assist
trajectoriesaccurately and ef� ciently. The hybrid optimizationpro-
gramwas formedby integratingthe geneticalgorithm6 (GA)and the
recursive-quadratic-program- (RQP-) based multiple-bodygravity-
assist trajectory tool (MGRAV) developed by Rock.7 The GA and
RQP codesexistedas standaloneoptimizers that have independently
been used to design interplanetary trajectories and to tune Kalman
� lters in adaptive navigation research. The hybrid optimizer is in-
tended to be used as a preliminary design tool to help estimate
mission cost and feasibility in terms of trajectoryperformance.This
informationcan subsequentlybe used to estimatelaunchvehicleand
propulsion system requirements, as well as provide preliminary in-
formationfor thermal, power,and lifespandesignconsiderations.To
demonstrate this tool’s applicability,prospectiveEarth–Mars–Earth
(EME) and Earth–Venus–Earth (EVE) trajectories have been opti-
mized for the period beginning 1 January 2002 and ending 31 De-
cember 2011. These trajectoriesare of interest as possible missions
for the crewed Mars transportationand habitationvehicleTransHab.
Following the lead of the Apollo lunar � yby missions that predated
Apollo 11, a Venus or Mars � yby trajectory would serve to verify
the abilityof the TransHab to sustainastronautsin the interplanetary
environmentwithout the additional complexity of a Mars entry and
landing. Thus, the trajectories investigated here are viewed as po-
tential TransHab technology demonstrators for an eventual crewed
Mars mission.4,8 ¡ 10 Trajectories beyond 31 December 2011 are not
considered because it is assumed that a TransHab � yby mission
must be initiated by this date if data from the crew and spacecraft
performanceare to be incorporatedinto the operationsand hardware
of a Mars landing mission as early as 2018.

Trajectory Model
The hybrid optimizer operateson a simple trajectory model com-

posed of two parts, as shown in Fig. 1. The � rst component is the
trajectory module, which computes raw data [such as time of � ight
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Table 1 Trajectory sequence events

Sequence Optimization
Event Description parameters parameters

Departure Start of trajectory Start body Event time
Arrival End of trajectory Event number, Event time

end body
Encounter Unpowered gravity Event number, Event time

assist � yby � yby body
PFM Powered gravity Event number, Event time

assist � yby PFM body
DSM Impulsive deep Event number Event time, DSM

space maneuver location (x, y, z)

Fig. 1 Hybrid optimizer trajectory model.

(TOF) and D V ] from parameters such as mission event times and
maneuver locations. The second component of the model, the per-
formance module, is tasked with converting the resulting trajectory
data into quantitiesto indicate trajectoryparameterset performance.
The trajectorymodel is invokedfor each set of trajectoryparameters
consideredby the optimizationroutinesof the hybridoptimizer.The
trajectory module processes trajectories utilizing two-body equa-
tions of motion, Lambert targeting, and patched conic analysis11,12

to provide a design-levelgravity-assist trajectory model that is sim-
ple to use and computationallynonintensive.

To utilize the hybrid optimizer, the mission designer � rst builds a
trajectorybasedon a sequenceof events selected from Table 1. Each
event in this sequencecontainsa time parameter that is manipulated
within the optimizationprocess.Though the eventsequenceremains
unchanged, manipulation of event timing provides different candi-
date trajectories over the course of optimization. As a special case,
the deep space maneuver (DSM) event contains additional location
parameters which can be manipulated by the optimizer.

The performance module quanti� es trajectory performance via
trajectoryfactors and user-selectedperformance criteria.Trajectory
factors are properties of a given trajectory and include quantities
such as TOF, D V , departure energy, and � yby radius. The mission
designer selects from these factors to assemble performancecriteria
to be optimized or constrained. The performance criteria available
to the hybrid optimizer are listed as follows. The performance func-
tions are 1) departureenergy, 2) velocity change for orbit departure,
3) arrival energy, 4) velocity change for orbit injection at arrival,
5) velocity change for a powered � yby maneuver (PFM), and 6)
velocity change for a DSM. The equality constraints are 1) unpow-
ered � yby (V1 matching)and2) time critical(� xed time parameter).
The inequalityconstraintsare 1) planetary� yby radii (minimum), 2)
event time parameter window (minimum), 3) event time parameter
window (maximum), 4) TOF (maximum), 5) event time ordering,
and 6) arrival V1 (maximum).

According to the speci� c needs of the mission designer, selected
performance criteria are weighted and applied to candidate trajec-
tories in the form of a scalar performance index function, equality
constraint functions, and inequality constraint functions. Evalua-
tions of these functions are made directly available to the GA and
RQP componentsof the hybrid optimizer,which attempts to � nd an
optimum solution for the trajectory in terms of these functions.

The TransHabmissionpro� le was de� ned by sequencingan Earth
departure, a Venus or Mars PFM, and a returning Earth arrival as
provided in Table 1. The impulse to initiate transplanetaryinsertion

Fig. 2 Mission pro� le illustration (EVE).

(TPI) is assumed to occur from a 400-km altitude circular orbit
from Earth, and the Earth return mode is left undetermined to allow
for aerocaptureand propulsionoptions. A qualitative illustrationof
a representative EVE mission de� ned by T is shown in Fig. 2. A
particular� ybymissionisde� ned in theGA via the timingparameter
set

T =

2

4
t0 ¡ 1

t1 ¡ 2

t1 ¡ 3

3

5 (1)

where t0 ¡ 1 is the Earth departure TPI time relative to 1 January of
a given year from 2002 to 2011, t1 ¡ 2 is the TOF to Venus or Mars
PFM, and t1 ¡ 3 is the total mission TOF from Earth departure to
Earth return. The MGRAV component differs from the GA in its
timing parameter de� nition by using times for each event relative
to some common epoch date. The practical effects of this differ-
ence are that MGRAV timing solutions can be obtained outside the
boundaries of GA parameter encoding and that event ordering in-
equality constraints have to be used in MGRAV to ensure that the
� yby occurs between Earth departure and return. For simplicity, the
relative timing parameter format in Eq. (1) will be used throughout
this discussion.

Hybrid GA/RQP Optimizer
The GA and RQP optimizers have complimentary optimization

characteristics,and their combined use forms a single optimization
tool superior to each of its individual components. Indeed, when
each of these optimizers were used independently on the trajec-
tory model, their capabilities and limitations became evident. The
standalone RQP optimizer was consistently able to resolve precise
local minima of the trajectory solution spaces, but it was extremely
sensitive to the initial optimization parameter set. Slight variations
in the initial parameter set used by MGRAV were prone to pro-
duce signi� cantly different � nal solutions that often did not meet
all of the mission constraints. It was found that a certain a priori
knowledge of the parameter space was needed to reach solutions
that were feasible in that all of the constraints were satis� ed. The
causeof this behavioris that RQP methods search only in directions
that minimize performance and tend to operate within performance
valleys. Therefore, MGRAV is prone to overlook minima that lie
in local valleys not encountered in the process of modifying the
initial parameter set. This drawback was quickly found to be lim-
iting because the trajectory solution space for EME missions was
found to be highly constrained.On the other hand, the GA operates
by comparing candidate parameter sets in initially disjoint regions
of the parameter space. The GA utilized here is a binary chromo-
some implementation that maps the real-valued timing parameters
from binary chromosome arrays of � nite length, implying a � nite
precision in the resolution of timing parameters. Performance is
interpreted as reproduction probability that is used to recombine
information contained in the chromosomes into successive gener-
ations of comparative solutions in a survival-of-the-�ttest analog.
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Fig. 3 Hybrid optimizer.

This approach makes the GA resistant to initial poor parameter se-
lection, but causes dif� culty in differentiating between solutions
once the population has converged to a region of high performance
where the GA begins to evenly distribute reproduction probability
among population members.

The hybrid optimizer uses a sequential application of the GA
and RQP methods on the trajectory model, as shown in Fig. 3. In
essence, the GA serves a starter engine that identi� es regions of
global minima within the trajectory solution space that the RQP ap-
proach can then re� ne to pinpoint the minimum parameter solution
with � ne resolution. The GA and RQP routines input the trajectory
timing parameters into the trajectory model and make changes to
the parameter sets based on the output from the performance mod-
ule. Once the GA has reached a speci� ed number of generations,
the candidate trajectory solution with the best performance is sub-
mitted to the RQP engine in MGRAV for � ne tuning. Elitism is
employed in the GA to ensure that the best candidate solution is
retained throughoutthe genetic process.13 The reader is encouraged
to consult the literature for more information on the applicationand
implementationof GAs or the numerical optimization literature for
more information on RQP methods.13 ¡ 18

Overview of Hybrid Performance Implementation
The performance indices for the GA and MGRAV modules were

constructed from the criteria outlined earlier. One feature of the
hybrid optimizer is that slightly different performance de� nitions
may be used by the GA and RQP modules. Both modules utilized
D VTPI , D VPFM, V1 ,3 , and TOF as performance criteria, but the GA
includedall of these factors in the singleunconstrainedperformance
whereas MGRAV optimizedthe weighted sum of D VTPI and D VPFM

constrained by inequality conditions on V1 , 3 and TOF. The GA
performance index is speci� cally given by

JGA(T) =wTPI D VTPI + wPFM D VPFM + wV1 ,3 V1 , 3 + wTOFTOF (2)

where the weights before the performance criteria represent user-
selected values to be discussed hereafter. The effect of thisperfor-
mance de� nition is that the GA seeks to minimize the weighted
sum of all mission values of interest without constraints. This ap-
proach was chosen to allow the GA to seek trajectories favorable in
all criteria without prematurely excluding missions that may have

genetic information of use to the remaining population of solu-
tions. As TOF is typically two orders of magnitude larger than the
other performance criteria, the GA tended to produce � nal results
that sacri� ced mission D V for the sake of lower TOF. Once the GA
consideredthe speci� ed numberof solutions, the MGRAV tool then
modi� ed the best GA solution by placing inequality constraints on
V1 , 3 and TOF while minimizing

JMGRAV(T) = wTPI D VTPI + wPFM D VPFM (3)

The constraints on V1 ,3 and TOF are applied according to the
active set method so that they do not affect the MGRAV perfor-
mance in Eq. (3) if they are satis� ed. These constraintswere chosen
to be 14 km/s for V1 ,3 and 480 days for TOF. Realistic constraints
for TOF are highly dependent on TransHab life support and main-
tenance speci� cs, and so 480 days was arbitrarily chosen because
it is longer than most low-Earth-orbit (LEO) crewed missions and
approximatelyhalf the duration of potential three-yearMars explo-
ration missions. The V1 ,3 constraint of 14 km/s is relaxed from the
roughly 9 km/s suggested by Munk19 to allow the optimizer to sur-
vey a parameter space including trajectories slightly more energetic
at than desired Earth return. The utilizationof two performancefor-
mulations allowed the hybrid optimizer to locate a parameter region
initially that was likely to satisfy the V1 ,3 and TOF constraints and
then to re� ne the search in this region to optimize only the critical
factors of mission D V .

GA Implementation
The GA implementationutilizes the followingperformance eval-

uation:

JGA(T) = WT
GAO(T) (4)

where

O(T) = [D VTPI D VPFM V1 ,3 TOF ]T (5)

WGA =
£
wTPI wPFM wV 1 ,3 wTOF

¤T
(6)

Thus, the GA seeks timing parameter sets T that minimize the
weighted sum of mission D V , V1 , 3, and TOF. The speci� c WGA

used by the optimizer was

WGA = [1 10 1 1]T (7)

where additional weight has been placed on the D VPFM magnitude
to discouragelarge maneuversat the � yby encounter.This approach
is reasonable given the nature of the rocket equation

D V = c [m0 / (m0 ¡ D m)] (8)

which requires than an exponential quantity of fuel, D m, be ex-
pended at exhaust velocity c to achieve a desired D V on the initial
total spacecraftmass m0 . A simple staging analysis assuming nom-
inal exhaust velocities will demonstrate that D VPFM magnitudes of
a few hundred meters per second can prohibitively increase the
amount of mass that must be accelerated from Earth orbit to exe-
cute the � yby mission.20 The GA that minimizes Eq. (4) will seek a
solution in the region of the parameter space with desirablemission
qualities and appropriatelyemphasizes the high cost of midmission
fuel requirements.

The timing parameterswere encoded in binary chromosomes ac-
cording to Table 2, allowing the GA to resolve the solution space
to better than 1-day precision.13 A single trajectory solution is de-
� ned by a 25-bit chromosome at this precision level, allowing for

Table 2 GA timing parameter chromosome encoding

Minimum, Maximum, Bit Precision,
Parameter day day length day

t0 ¡ 1 0 365 9 0.7143
t1 ¡ 2 80 280 8 0.7843
t1 ¡ 3 281 481 8 0.7843
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225 possible parameter set realizations. The rule of thumb for this
particularGA implementationhas been to use a population size and
number of generations at least equivalent to the total bit length of
the chromosome.21 Therefore, the GA was set to execute40 genera-
tionsof 30 populationmembers each to canvas loosely theparameter
space with a total of 1200 trajectory evaluations. If needed, a larger
population size could be used to perform a more thorough search
of the parameter space. Note that the GA has an implicit TOF con-
straint built into the parameter mapping in that it will only consider
solutionswithin these chromosomeboundaries.The RQP optimizer
in MGRAV will require penalty functions to enforce event ordering
as well as the Earth departure to Earth return TOF constraint.

RQP Implementation
The performance index for the RQP optimization problem was

represented as

J (T) = u (t0 ¡ 1, t1 ¡ 2 , t1 ¡ 3) (9)

subject to the inequality constraints

H (t0 ¡ 1, t1 ¡ 2 , t1 ¡ 3) · 0 (10)

where the objective function u is de� ned as

u (t0 ¡ 1, t1 ¡ 2 , t1 ¡ 3) = WT
O D V (11)

WO is an objective weighting vector, and D V is the vector of im-
pulsive maneuver magnitudes. The � yby mission plan de� nes the
quantities WO and D V as

D V =

³
D VTPI

D VPFM

´
WO =

³
wTPI

wPFM

´
(12)

where wTPI , wPFM > 0.
The constraint function implemented in MGRAV also assigns

weights to each constraint element

H (t0 ¡ 1 , t1 ¡ 2, t1 ¡ 3) = WT
C C · 0 (13)

where WC is the vector of constraint weights and C is the vector of
constrained elements. This constraint vector is de� ned as

C(t0 ¡ 1, t1 ¡ 2 , t1 ¡ 3) =

2

4
V1 ,3 ¡ V1 ,max

TOF ¡ TOFmax

H mission

3

5 (14)

where the partition H mission is an operational constraint vector uti-
lized by the MGRAV code to ensure compliance with the mission
design. Speci� cally, the MGRAV operational constraints require
proper event ordering (t1 < t2 < t3) and mission feasibility (� yby
radius above planetary atmosphere rPFM > rtarget ). As already dis-
cussed, the constraint quantities were chosen to be 480 days for
TOFmax and 14 km/s for V1 ,max .

The total weight vector for MGRAV operation is thus

WMGRAV = [WO WC ]T (15)

This vector is a notational conveniencebecause it contains weights
for constructing the relative importance of the optimized and con-
strainedperformancecriteria.The speci� c values used in the results
presented here were

WMGRAV = [1 10 1 1 1+]T (16)

where the 1+ indicates unity weighting for all necessary MGRAV
operational constraints.7 The constraint methodology in MGRAV
employstheactiveset approachso thatoperationalconstraints,Earth
arrival speed, and TOF will not affect the performanceindex if they
are below their respective inequality thresholds.

Results
Mission Performance

The mission D V , V1 ,3 , and TOF values from the EME and
EVE hybrid optimization iterations are listed in Table 3. Note that
trans-planetaryinsertionsare distinguishedby trans-Venus insertion
(TVI) and trans-Mars insertion (TMI) labels for the appropriatetar-
get.By assumingthat 5 km/s is a reasonablelimitingvaluefor D VTPI

in LEO, one EME and � ve EVE missions were found with accept-
able propulsion requirements. Furthermore, all but one of the EVE
missions required a LEO impulse of less than 10 km/s, whereas
only � ve of EME missions were below this value. As an interesting
historic perspective, the requirement for trans-lunar insertion D V
during the Apollo exploration program was about 3.5 km/s. The
utility of the increased optimization weight placed on the PFM is
evident because the majority of EVE and EME D VPFM magnitude
requirementsare less than 1 km/s. Half of the EME resultspresented
here were unable to meet the V1 ,3 constraintof 14 km/s, due in large
part to the 480-day TOF limitation. Higher TOF constraints allow
for EME missions with less energetic Earth return modes. The sig-
ni� cance of the 480-dayTOF constrainton the EME mission design
is that larger population sizes should be used to isolate any narrow
regions in the parameter space that might just barely conform to the
mission constraint requirements.

Table 3 Mission D V results 2002–2011

EVE EME
D VTVI , D VPFM , V1 , 3, TOF, D VTMI , D VPFM , V1 ,3 , TOF,

Year km/s km/s km/s day km/s km/s km/s day

2002 3.5279 0.0058 7.2925 384 8.6836 0.1254 11.7478 359
2003 5.3154 0.3974 5.5826 433 4.0119 1.6705 11.7652 470
2004 3.7447 0.0384 8.1435 373 9.3590 0.2898 13.2250 368
2005 5.0462 0.7721 8.5258 374 14.838 2.1455 23.8192a 383
2006 6.4575 0.1033 13.334 313 9.0729 0.0141 12.0645 354
2007 3.6824 0.0202 7.7346 377 6.8514 1.0146 16.6848a 481
2008 5.5044 0.0881 3.5482 374 11.309 0.9260 18.8728a 364
2009 4.9280 0.9120 8.2613 335 12.642 0.5674 18.8920a 363
2010 3.5194 0.0134 7.3384 389 13.000 0.18252 18.3185a 354
2011 5.7284 0.1338 3.4192 365 13.798 1.3732 14.000 377
aFailure to meet constraints.

Table 4 Best solutions for EVE missions

2002 2004 2007 2010
Parameter launch launch launch launch

t0 ¡ 1 , day 217.2823 82.2691 149.4338 214.1381
t1 ¡ 2 , day 121.6105 114.2393 116.7257 122.6202
t1 ¡ 3 , day 384.7392 373.2496 377.4699 389.2965
D VTVI , km/s 3.5279 3.7447 3.6824 3.5194
D VPFM, km/s 0.0058 0.0384 0.0202 0.0134
V1 ,3 , km/s 7.2341 8.1435 7.7346 7.3384
d Venus, deg 60.9355 70.1135 75.5107 56.7916
d sun, deg 7.2994 8.6743 7.7344 6.6674
Flyby radius, km 12,167.5 8,816.4 10,536.1 14,217.9
Flyby altitude, km 6,116.5 2,765.4 4,485.1 8,166.9
Lambert calls: GA 2,400 2,400 2,400 2,400
Lambert calls: MGRAV 152 152 280 152

Table 5 Best solutions for EME missions

2002 2003 2004 2006
Parameter launch launch launch launch

t0 ¡ 1 , day 244.3152 113.3458 270.6252 380.8780
t1 ¡ 2 , day 270.1730 187.2066 222.3118 226.2744
t1 ¡ 3 , day 358.6353 469.9329 368.1226 353.5815
D VTMI, km/s 8.6836 4.0119 9.3590 9.0728
D VPFM, km/s 0.1254 1.6705 0.2898 0.0144
V1 ,3 , km/s 11.7479 11.7653 13.2251 12.0645
d Mars , deg 25.9156 38.8287 3.4922 26.2177
d sun, deg 7.8596 5.1076 1.7590 8.4921
Flyby radius, km 3,596.9 3,596.9 19,136 3,596.3
Flyby altitude, km 203.6 203.6 15,743 202.9
Lambert calls: GA 2,400 2,400 2,400 2,400
Lambert calls: MGRAV 238 504 56 476
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Fig. 4 EVE trajectory for 2010 (planar projection).

Fig. 5 EME trajectory for 2006 (planar projection).

The full performance criteria for the most promising hybrid op-
timizer results can be found in Tables 4 and 5, which include the
trajectory timing parameters, the mission D V , the trajectory turn
performed by the powered � yby, the � yby altitude, and the number
of Lambert evaluations needed by each of the optimization mod-
ules. This collection of missions assumes that D VTPI =10 km/s is
the limiting magnitude for both missions. Of particular interest are
the EVE 2002, EVE 2010, EME 2002, and EME 2006 missions,
which offer the best performance indices of the missions provided.
The trajectories of the EVE 2010 and the EME 2006 missions can
be viewed in Figs. 4 and 5, with the planar projection of the po-
sitions of Earth and Venus or Mars displayed at 30-day intervals.
Figures 6–9 show contours of EVE 2010 and EME 2006 missions
for D VTPI and V1 , 3.

To corroboratethe optimalityof theseresults,a three-dimensional
grid search was performed with 5-day time steps over each timing
parameter covering the span indicated in Table 2. The results from
thisveri� cationareprovidedin Table6 for theEVE 2002,EVE 2010,
EME 2002, and EME 2006 departuremissions.These timing vector
parameters are compared to the results from the hybrid optimizer
in a graphical format in Figs. 6 and 9, where the results from the
GA and MGRAV modules of the hybrid optimizer are plotted along

Fig. 6 EVE 2010 D VTPI contours.

Fig. 7 EME 2006 D VTPI contours.

Fig. 8 EVE 2010 V1 ;3 contours.

with the 5-day grid search resultsagainst the backdropof D VTPI and
D VPFM pork chop contours.

The hybrid encounter times are all located near 5-day grid search
results and perform on a par with the results of the grid search in
terms of Eq. (11). However, inspection of the TOF for the EVE
missions indicate that the MGRAV search remained in the valley of
the GA module’s best performing parameters,which included TOF
in the performanceindex 4. The 5-day grid search required248,788
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Table 6 Best grid search solutions for EME and EVE missions

Flyby planet
Venus, Venus, Mars, Mars,

Parameter 2002 launch 2010 launch 2002 launch 2006 launch

t0 ¡ 1 , day 215 215 240 365
t1 ¡ 2 , day 120 125 265 215
t1 ¡ 3 , day 411 401 356 356
D VTPI , km/s 3.5341 3.5338 8.8814 9.2709
D VPFM, km/s 0.0026 0.0021 0.0056 0.0140
V1 ,3 , km/s 7.8491 7.5439 12.7321 13.2162
d target , deg 29.9306 44.5591 22.6110 10.5014
d sun, deg 3.0266 4.9955 7.6558 3.4680
Flyby radius, km 32,514 21,582 4,039.9 8,541.3
Flyby altitude, km 26,463 15,531 646.5 5,147.9
Lambert calls 248,788 248,788 248,788 248,788

Fig. 9 EME 2006 V1 ;3 contours.

Lambert evaluations per mission, a value two orders of magnitude
greater than required by the average hybrid optimization run.

Hybrid Optimizer Operation
The hybrid optimizer was found to generally create acceptable

solutions without requiring a priori knowledge of feasible timing
parameter sets. However, the small population size utilized by the
GA resulted in a sensitivity to the seed value used to initialize its
random number generator. Because the hybrid optimizer utilized a
serial union of the GA and MGRAV engines, this sensitivity prop-
agated to the � nal MGRAV parameter solution. Optimizing EME
solutions that satis� ed all of the inequality constraintsproved dif� -
cult as the 480-TOF limit highly constrained the parameter space.
Additionally, because the GA solution only sought to minimize the
sum of trajectory factors, it is not guaranteed to present MGRAV
with an initial parameter set in a region of the parameter space
that could be re� ned to a feasible solution. The EVE mission solu-
tions were suf� ciently within the mission constraints that the hybrid
optimizer was easily able to create feasible solutions and did not
display a signi� cant sensitivity to GA random seed initialization.
Experimentation with larger population and generation sizes in the
GA indicate that several EME solutions satisfying TOF and V1 ,3

constraints are available, but at the cost of prohibitive mission D V .

Conclusions
The hybrid optimizer was created to utilize the strengths of the

GA and RQP optimization techniques. The GA acts as a startup
engine to search the parameter space for regions of global extrema.
The best solution from the GA is then used by the RQP engine as
an initial guess in a calculus-basedRQP optimization. Based on an
evaluation of prospective TransHab missions, the hybrid optimizer
was shown to exhibit performanceon par with a standard grid-type

parameter search with two orders of magnitude fewer trajectory
evaluations. This improved ef� ciency would allow the mission de-
signer the � exibility to consider several different event sequences
and performance de� nitions in a feasibility study. In particular, a
mission designer could quickly determine how much the TOF con-
straint needed to be relaxed to allow for a greater selection of EME
trajectories. The results of the TransHab mission analysis indicate
that Venus is a superior target to Mars for TOF and return energy
constrained � yby missions in terms of mission D V and mission
opportunities. The recurrence of EVE solutions is consistent with
the 1.6-year synodic period and 8-year inertial period of the Earth–

Venus system, but the entire 15-year Earth–Mars inertial cycle was
not covered because of the mission cutoff date for incorporationof
results into a human Mars landing mission as early as 2018. The
most promising EVE missions required D V on par with lunar mis-
sions and had negligiblePFM requirements at Venus. In the current
serial implementation, the hybrid optimizer uses the best GA so-
lution to provide a likely starting parameter set for MGRAV. The
hybrid optimizer might be improved by altering this structure to a
parallel implementation,where each populationmember of the GA
is used as an initial parameter set for a RQP search. The perfor-
mance from each RQP search within the population would then be
used as the performancefor the respectivepopulationmember in the
GA. In this manner, the GA would consider the space of potential
starting parameter sets by evaluating each set’s � nal performance
after RQP re� nement. This approach could greatly assist in search-
ing for trajectories in highly constrained parameter spaces such as
encountered in the EME missions investigated here.
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