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The problem of optimal design of a multi-gravity-assist space trajectory, with a free number of deep space

maneuvers, poses a multimodal cost function. In the general form of the problem, the number of design variables is

solution dependent. This paper presents a genetic-based method developed to handle global optimization problems

where the number of design variables vary from one solution to another. A fixed length for the design variables is

assigned for all solutions. Independent variables of each solution are divided into effective and ineffective segments.

Ineffective segments (hidden genes) are excluded in cost function evaluations. Full-length solutions undergo standard

genetic operations. This newmethod is applied to several interplanetary trajectorydesignproblems.Thismethodhas

the capability to determine the number of swing-bys, the planets to swing by, launch and arrival dates, and the

number of deep space maneuvers, as well as their locations, magnitudes, and directions, in an optimal sense. The

results presented in this paper show that solutions obtained using this tool match known solutions for complex case

studies.

Nomenclature

A = continuous design variable
B = discrete design variable
C = transformation matrix
F = fitness (cost function)
f = flight direction
h = pericenter altitude, km
�h = normalized swing-by pericenter altitude
i = maximum possible number of swing-by maneuvers
j = maximum possible number of total deep space

maneuvers in whole trajectory
k = maximum number of independent thrust impulses
l = leg number
Lmax = maximum chromosome length
m = number of swing-by maneuvers
n = number of deep space maneuvers in single leg
P = planet identification number
q = number of bits
R = mean radius, km
r = heliocentric position vector in inertial frame, km
rper = pericenter radius, km
rper = pericenter radius vector, km

T = time of flight, days
t = Julian date
v = heliocentric velocity vector in inertial frame, km=s
v1 = hyperbolic velocity vector relative to planet, km=s
v1 = hyperbolic speed relative to planet, km=s
z = number of swing-bys followed by zero-deep-space-

maneuver trajectory
� = intersection line between � and inertial ecliptic plane
� = accuracy of continuous design variable
� = deflection angle in swing-by plane, rad

�v = impulsive maneuver velocity vector, km=s
�vT = total mission cost, km=s
" = epoch of deep space maneuver as a fraction of

transfer time
� = swing-by plane rotation angle, rad
� = inclination of� to ecliptic, rad
� = gravitational constant, km3=s2

� = perpendicular plane to incoming relative velocity
� = angle between � and inertial Î, rad

Subscripts

a = arrival
d = departure
L = local frame
l = leg
max = maximum
min = minimum
nps = nonpowered swing-by
p = swing-by planet
ps = powered swing-by

req = required
s=c = spacecraft

Superscripts

� = incoming
� = outgoing

I. Introduction

T HE optimization of interplanetary trajectories continues to
generate a great deal of interest [1,2]. In interplanetarymissions,

it is usually desired to send a spacecraft to rendezvouswith a planet or
an asteroid. The interplanetary trajectory design problem can be
addressed in either a two-body or a three-body dynamics framework.
It can be addressed assuming impulsive or continuous thrust. The
patched conic approach for interplanetary trajectory design assumes
a two-body dynamics model and the use of chemical propulsion
system only [3]. In patched conicmission design, it is observed that a
deep space maneuver (DSM) may reduce the cost of a simple two-
impulse interplanetary transfer [e.g., the cost of the Earth–Mars (EM)
mission can be reduced by adding an impulse, almost midway, in
addition to the initial and final impulses]. For a transfer between two
noncoplanar orbits, a DSM reduces the out-of-plane component of
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the required impulsive velocity, and thus the total mission cost �vT
[4]. Because of�v leveraging effect at large distances from the sun,
DSMs are used to reduce the required�vT , and hence the equivalent
propellant mass that allows for a larger size payload or a smaller
launch vehicle.Navagh applied the primer vector theory to determine
where andwhen to use a single DSM to reduce the cost of a trajectory
[4]. He appliedDSMs to aMars round-tripmission to determine their
effect on the launch opportunities. He also studied cycler trajectories
and Mars mission abort scenarios. Later, Abilleira investigated the
broken-plane maneuver impact on the total mission cost �vT , the
incoming relative velocity, and the launch energy for Earth-to-Mars
trajectories [5]. He suggested the extra �v be applied close to the
halfway point of the near-180 deg transfer. He mentioned that DSMs
could also allow new families of trajectories that would satisfy
very specific mission requirements not achievable with ballistic
trajectories [5].

The optimization problem, in its general form, aims to minimize
some cost functions: usually the overall cost of the mission in terms
of the fuel expenditure. Another possibility is to optimize themission
trajectory to achieve minimum mission duration. Interplanetary
missions usually employ gravity-assist maneuvers to reduce the
overall cost of themission. The launch and arrival dates also affect the
mission cost. The space trajectory optimization process must
therefore determine the optimal values for the following parameters:
the departure and arrival dates, the number of swing-bys, the planets
to swing by, and the number of DSMs and their magnitudes, direc-
tions, and locations. This optimization problem, in its general form,
is challenging. Several optimization algorithms were developed in
the literature. Izzo et al. developed a deterministic search space
pruning algorithm to investigate the problem of multiple-gravity-
assist (MGA) interplanetary trajectories design [6]. The developed
tool requires the user to specify the gravity-assist sequence (i.e., the
number of swing-bys and the planets to swing by), and the pruning
technique efficiently locates all the interesting parts in the search
space of the DSM variables [6]. Olympio and Marmorat [7]
studied the global optimization of MGA trajectories with DSMs
(MGADSMs). They implemented a pruning strategy on the search
space to find fit trajectories. To that end, a stochastic initialization
procedure, combined with a local optimization tool, was used to
provide a set of locally optimal solutions. The primer vector theory
was extended to study the MGA trajectories. The optimal number of
DSMs was determined as well as their magnitudes and directions.
This techniquewas verified using several interplanetarymission case
studies. An efficient local optimization algorithmwas applied to find
a solution for complex problems [7]. In thismethod, the user specifies
the sequence of swing-bys a priori. Later, Olympio and Izzo applied
the interaction prediction principle to decompose the MGA problem
into subproblems by introducing and relaxing boundary conditions
[8]. Parallel subproblems could then be solved. The algorithm was
able to efficiently calculate the optimum number of DSM impulses
and their locations.

Evolutionary algorithms were implemented to solve the
MGADSM problem [9,10]. Vasile and Pascale used an evolutionary
algorithm with a systematic branching strategy to optimize the
problem of MGADSM [9]. They developed a design tool (IMAGO)
that allowed for more exploration of the solution domain through
balancing the local convergence and the global search. The search
space was reduced by performing a deterministic step at every new
run. The tool was applied several times on each specific problem to
provide reliable results [9]. IMAGO was able to calculate many
typical optimal sequences for a Jupiter mission. For the complex
trajectories (Cassini and Rosseta missions [11]), IMAGO was used
assuming afixed planet sequence andwide ranges of designvariables
based on a priori knowledge of the solution space [9]. Olds et al.
developed a trajectory optimization tool (MDTOP) to perform
preliminary design of high-thrust interplanetary missions using the
differential evolution (DE) strategy [10]. They tuned the algorithm
parameters to improve DE performance and were able to solve
complex interplanetary missions, such as Cassini and Galileo
[10,11].A formulation for theN-impulse orbit transfer that integrates
evolutionary algorithms and a Lambert’s problem formalism results

in a more efficient search algorithm [9,12]. This integration of
Lambert’s problem significantly reduces the size of the design space
to include only candidate solutions that satisfy Lambert’s problem
solution. In that context, the genetic algorithm (GA) was imple-
mented to obtain the optimum impulses for noncoplanar elliptical
interplanetary orbit transfers [12,13].

GAs have beenwidely used in the literature to solve several orbital
mechanics problems. GAs have been used to solve the fuel-optimal
spacecraft rendezvous problem [14], to design orbits with lower
average revisit times over a particular target site [15], to design
natural orbits for ground surveillance [16], to design constellations
for zonal coverage [17], and to investigate the design of near-optimal
low-thrust orbit transfers [18]. GAs are optimization techniques,
based on the Darwinian principle of the survival of the fittest, that
perform a stochastic search of initial conditions that maximize a
given fitness function [19]. The GAs have global search capability,
and theydo not require derivatives [17].GAs are particularly efficient
for the type of problems where it is not necessary to find the optimal
solution but, rather, a few reasonably good solutions. In GA, a design
point is called a chromosome (string). Each string consists of a set of
independent design variables that define a candidate solution to the
problem. Chromosomes are composed of genes (features) that take
on different alleles (values) [19]. Associated with each gene is its
location in the chromosome. The initial population consists of afinite
number of randomly generated individuals. Generations of this
population are created using genetic operations such as selection,
crossover, and mutation. At each generation, the fittest individuals
are selected as a pool of parents. The fitness of each individual is
evaluated according to the cost function. These parents are then used
to create the new generation. This process leads to the evolution of
more fit populations. Dasgupta and McGregor developed a
structured GA [20]. They introduced the terms of active and passive
genes through applying a gene activation mechanism that uses a
multilayered structure for the chromosome. Kim and de Weck
proposed a variable chromosome length genetic algorithm (VCL-
GA) in structural applications [21]. The variable chromosome length
concept depends on gradually increasing the chromosome length in
subsequent stages to achieve progressive refinement. Increasing the
chromosome length was proposed by either adding new design
variables or refining the current ones [21].

As can be seen from the previous discussion, often the mission
designer determines the number of swing-bys and selects the planets
to swing by by hand. The motivation of this study is to develop an
optimization algorithm that can, without a priori knowledge,
compute the number of swing-bys and the planets to swing by, in
addition to the rest of the classical MGADSM design variables. This
is a complex problem characterized by the following: first, some of
the design variables are discrete; second, the number of design
variables is solution dependent; and finally, the number of design
variables becomes rather high in complex missions. There are many
types of evolutionary algorithms, such as particle swarm [22] andDE
[9,10], which have been used to solve trajectory optimization
problems. But neither of those methods handles discrete design
variables (DDVs). The fact that some of the design variables are
discrete suggests the use of GAs [23,24]. Solution-dependent design
variables mean that different solutions have different numbers of
design variables. This fact hinders the implementation of standard
GAs in optimization. In this paper, the concept of hidden genes is
introduced in GA optimization. This concept allows the handling of
all solutions in the design space as if they all have the same string
length, and hence enables the implementation of standard genetic
operations. This paper presents an optimization algorithm and a
software tool that have the capabilities to find, in an optimal sense,
the values for the following design variables: optimal number of
swing-bys, the planets to swing by, the times of swing-bys, the
optimal number of DSMs, the components of these DSMs, the times
at which these DSMs are applied, the optimal launch and arrival
dates, and the optimal flight direction for the mission. The search
space of the new algorithm includes solutions with multirevolution
trajectories. The software tool for interplanetary trajectory opti-
mization using hidden genes genetic algorithm (ITO-HGGA) is
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developed. ITO-HGGA is tested for a number of MGADSM design
problems and compared with known solutions in the literature.

II. Problem Formulation

The objective is to design an interplanetary trajectory for a
spacecraft to travel from the departure planet to the target planet with
a minimum cost. The spacecraft will benefit from asmany swing-bys
as needed of other planets. The spacecraft can also apply DSMs. The
segment between any two planets is called a leg. A leg can have any
number of DSMs, as seen in Fig. 1. The spacecraft may havemultiple
revolutions about the sun before proceeding to the next planet. The
scenario of the mission refers to the sequence of swing-bys. The
determination of the mission scenario then means the determination
of the number of swing-bys, the planets of swing-bys, and the times
of swing-bys. The problem is worked out in a two-body dynamics
framework, and it is formulated as an optimization problem.

The problem is formulated as follows. For given ranges for
departure and arrival dates from the departure planet to a target
planet, find the optimal selections for the number of swing-bys, the
planets to swing by, the times of swing-bys, the number of DSMs, the
components and directions of these DSMs, the times at which these
DSMs are applied, and the exact launch and arrival dates such that the
total mission cost �vT is minimized.

III. Dependent Variables

An essential step in any genetic optimization algorithm is to
evaluate the cost function at different design points. At each design
point, the optimization algorithm selects values for all the inde-
pendent design variables of the problem. There are several other
dependent variables that need to be computed before the cost
function can be evaluated. This section details how these dependent
variables are computed given a set of values for the independent
design variables.

A. N-Impulses Trajectory

In the simple case of a two-impulse interplanetary orbit transfer,
the total number of design variables is two [13]. In this case, the
trajectory has one leg between the departure and arrival planets. The
two variables are the departure and arrival dates. For a candidate
solution, the departure and arrival dates fix the time of flight (TOF)T.
A Lambert’s problem is then solved to find the transfer orbit. The
required departure and arrival impulses, �vd and �va, are then
calculated.

In an N-impulses trajectory (no swing-bys), there are n DSMs in
addition to the departure and arrival impulses. The number of
different orbits is n� 1. The number of unknowns in this case is
4�n� 2�. These unknowns are the impulse velocity increment
vectors�v and the times of applying them t for all impulses. The time
of application of each DSM is defined as a fraction " of the overall

transfer time T. So, tDSM � "T, where 0< " < 1. Figure 2 shows a
three-impulse trajectory (one DSM).

Of the 4�n� 2� unknowns, there are 4n� 2 independent design
variables. These independent variables are selected to be the
departure and arrival dates, the velocity increment vector(s) at the
first n impulses, and the fractional variable(s) " at each DSM. The
remaining six unknowns are computed as functions of the inde-
pendent design variables as follows: the departure and arrival dates
fix the departure and target planets positions; hence, the spacecraft
heliocentric positions at these two locations, rd and ra, are fixed. The
impulsive velocity vector at departure �vd yields the spacecraft
initial velocity on the first transfer orbit that, along with rd, fixes the
first transfer orbit. Once we have the first transfer orbit and are using
the time of applying the first DSM "1, the location of the first DSM is
computed using Kepler’s equation [25]. The velocity of the space-
craft at that location before applying the DSM is also computed. The
velocity increment at the first DSM is used to compute the spacecraft
velocity right after thefirst DSM is applied. The procedure used in the
first transfer orbit is repeated for all subsequent transfer orbits but
the last one. On the last transfer orbit, Lambert’s problem is solved.
The spacecraft positions at the last DSM and at arrival are known.
The TOF is also known. A Lambert solution yields the last transfer
orbit. The velocity increments at the last DSM and at arrival are then
computed. The total cost of the mission in this case is

�vT � k�vdk �
Xn
1

k�vDSMk � k�vak (1)

B. Gravity-Assist Maneuvers

In this analysis, a gravity-assist maneuver is assumed to be an
instantaneous impulse applied to the spacecraft. The spacecraft
heliocentric position vector is assumed not to change during the
swing-by maneuver, and it is equal to the swing-by planet helio-
centric position vector at the swing-by instance:

r � � r� � rp (2)

where r� and r� are the spacecraft incoming and outgoing helio-
centric position vectors, respectively, and rp is the swing-by planet
heliocentric position vector.

As shown in Fig. 3, the trajectory of the spacecraft relative to the
planet is a hyperbola with the relative hyperbolic velocity vector v1,
which is defined as [26]

v1 � vs=c � vp (3)

where vs=c and vp are the spacecraft and planet heliocentric velocity
vectors at the swing-by instance, respectively.

Two types of swing-bys are implemented in this work: powered
swing-bys and nonpowered swing-bys [7]. In a nonpowered swing-
by, the incoming and outgoing relative velocities, v�1 and v�1,
respectively, have the same magnitude:

Fig. 1 MGA trajectory with free number of DSMs (MGADSMs).

Fig. 2 Three-impulse transfer orbit.
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kv�1k � kv�1k � v1 (4)

The swing-by plane is defined by the incoming relative velocity
vector v�1 and the pericenter radius vector rper. The change in the
relative velocity direction in the swing-by plane � can be computed
from Eq. (5) [26]:

sin��=2� �
�p

�p � rperv21
(5)

where �p is the gravitational constant of the swing-by planet, and
rper � krperk. In a nonpowered swing-by, the spacecraft velocity
change is given by Eq. (6) [7]:

k�vnpsk � kv�1 � v�1k � 2v1 sin��=2� (6)

For a nonpowered swing-by to be feasible, the periapsis radius
must be higher than a minimum radius; that is, rper > rpermin

. In this
work, we assumed rpermin

� 1:1Rp. This value is suitable for most
solar planets, as Earth and Venus. A much higher periapsis radius is
used in Jupiter swing-by to avoid radiation effects. If the desired
gravity assist is not feasible via a nonpowered swing-by, then an
impulsive post-swing-by maneuver is applied (the powered swing-
by). By applying a small impulse during the swing-by, higher
deflection angles could be attained [8]. The powered swing-by
impulse can be computed using Eq. (7):

�vps � �v�s=c�req � �v�s=c�nps (7)

where �v�s=c�req is the required spacecraft heliocentric outgoing

velocity vector, and �v�s=c�nps � vp � v�1.
The swing-by plane needs to be computed in order to calculate v�1.

To define the swing-by plane, a rotation angle � is introduced [9]. The
vector v�1 is obtained form the vector v�1 by performing two
consecutive rotations (� and �). The incoming relativevelocity vector

v�1 is defined in the heliocentric inertial frame Î Ĵ K̂. A local frame

î ĵ k̂ is defined such that the unit vector î is in the direction of the
incoming relative velocity vector; so

î� v�1
kv�1k

(8)

The plane of the swing-by maneuver is the ij plane. Therefore, the
outgoing relative velocity vector, as expressed in the local frame
�v�1�L, is

�v�1�L � v1� cos � sin � 0 �T (9)

The v�1 is computed in the inertial frame via a coordinate
transformation from the local frame to the inertial frame, as shown in
Fig. 4. To perform this transformation, the following procedures are

applied. The perpendicular plane� defined by its normal î intersects
with the inertial ecliptic plane (IJ plane) in the line �. The direction
of � depends on the orientation of the incoming relative velocity in

the inertial frame. The angle between � and the inertial Î is�, which

is defined in the IJ plane. The angle between� and the unit vector ĵ is
the rotation angle �, which is defined in the perpendicular plane�.
The inclination of plane � to the ecliptic plane is �. A three-angle

rotation is performed to calculate the local unit vector ĵ in the inertial
frame according to the following relation:

ĵ�
cos���� sin���� 0

� sin���� cos���� 0

0 0 1

2
64

3
75

1 0 0

0 cos���� sin����
0 � sin���� cos����

2
64

3
75

�
cos���� sin���� 0

� sin���� cos���� 0

0 0 1

2
64

3
75

1

0

0

2
64

3
75 (10)

Finally, the outgoing velocity vector in the inertial frame is computed
as follows:

v �1 � C�v�1�L (11)

where C is the transformation matrix:

C� � î ĵ k̂ � (12)

C. N-Impulses Multi-Gravity-Assist Trajectory

In this section, a formulation is introduced for the full problem of
optimal trajectory design, including MGAmaneuvers and, possibly,
N-impulses in each leg. The mission is designed to transfer a
spacecraft from a departure planet Pd to a target (arrival) planet Pa.
Time windows are given for each of the departure and arrival dates.
Consider a mission that consists of m gravity-assist maneuvers.
There arem� 1 different legs in the trajectory. Each leg contains nl
DSMs. The TOF for each leg, except the last leg, is an independent
design variable. The calculations of the dependent variables are
carried out starting from the departure planet, from one leg to the
next, and so on.

In any trajectory leg, the spacecraft trajectory is solved as
discussed in Sec. III.A. The velocity vector at the leg endpoint is the
heliocentric incoming velocity vector of the consequent gravity-
assist maneuver. If a leg has at least one DSM, then the swing-by
maneuver at the beginning of that leg is assumed a nonpowered
swing-by maneuver. The swing-by independent design variables are
the pericenter altitude h and the rotation angle �. The swing-by
maneuver calculations are carried out, as discussed in Sec. III.B, to
yield the outgoing spacecraft velocity vector. This velocity vector is
the spacecraft heliocentric velocity vector of the initial point on the
consequent transfer trajectory. The process is repeated for all legs and
swing-by maneuvers.

If any of the swing-by maneuvers is followed by a leg with no
DSM, then that swing-by is assumed to be a powered swing-by
maneuver. In this case, all dependent variables associatedwith the leg
before the swing-by are calculated first. Then, the dependent
variables associated with the leg after the powered swing-by are
computed. Finally, the powered swing-by variables, including the

Fig. 3 Gravity-assist model as seen in the swing-by plane projection.

Fig. 4 Transformation scheme from local frame ijk to inertial frame

IJK, showing definition of rotation angle �.
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swing-by impulse, are computed such that the two leg calculations
are compatible. Assume the powered swing-by planet is planet Pl.
The leg before planet Pl is leg l, and the leg after it is leg l� 1. The
times of swinging by planets Pl and Pl�1 are known; hence, the
positions of the spacecraft at these two times are known. There is no
DSM in leg l� 1; hence, a Lambert’s problem is solved to calculate
the spacecraft velocity vectors on the initial and final points of leg
l� 1. The velocity vector at the initial point of leg l� 1 is
the required heliocentric outgoing velocity vector �v�s=c�req of the

powered swing-by at planet Pl. To achieve this velocity, a swing-by
impulse �vps is added. Since it is desired to achieve all maneuvers
withminimum fuel.We assume that the powered swing-bymaneuver
plane is the plane containing the incoming relativevelocity vector v�1
and the required outgoing relative velocity vector �v�1�req so that
�vps does not have an out-of-plane component:

�v�1�req � �v�s=c�req � vp (13)

Equations (6), (7), and (13) are used to calculate�vps. The required
deflection angle �req between v�1 and �v�1�req is computed as

�req � cos�1
�

v�1:�v�1�req
kv�1kk�v�1�reqk

�
(14)

The maximum deflection angle �max is calculated from Eq. (5) by
substituting rper with the permissible minimum periapsis radius
rpermin

. If �req 	 �max, then v
�
1 is in the same direction as �v�1�req and is

calculated as

v �1 � v1
�v�1�req
k�v�1�reqk

(15)

If �req > �max, then �max is used, and the swing-bymaneuver is carried
out in the same plane defined by v�1 and �v�1�req.

IV. Optimization

The independent design variables to be optimized are described in
Sec. II. In this paper, the objective is tominimize the total cost�vT of
the trajectory for a MGADSM mission that consists of m gravity-
assist maneuvers and nl DSMs in each leg of them� 1mission legs.
Equation (16) shows the total cost of the mission:

�vT � k�vdk �
Xm
1

k�vpsk �
Xm�1
1

Xnl
1

k�vDSMk � k�vak (16)

where �vd and �va are the departure and arrival impulses,
respectively, �vps is the post-swing-by impulse of the powered
gravity assist only, and �vDSM is the applied DSM impulse. The
fitnessF at a design point, which ismaximized to determine thefittest
solution, is defined as

F� 1

�vT
(17)

A GA is adopted for optimization to find the most fit solutions.
Each individual design point in the GA population represents a set of
independent design variables. Those variables are divided into two
categories: discrete and continuous variables, as seen in Table 1.
Each individual is presented in a binary format as a binary string. This
string contains the binary representation of all the design variables
values at the corresponding design point. The number of bits for each
variable determines its accuracy. For the continuous design variables
(CDVs), the number of bits qA for a CDV A is selected according to
the following inequality:

2qA 	 Amax � Amin

�A

� 1; Amax ≠ Amin (18)

whereAmin andAmax are the lower and upper bounds of thevariableA,
and �A is the desired accuracy of A. For the DDVs, each variable
would be assigned a unique binary string. The number of bits qB for a

DDV B depends on the lower and upper bounds of the variable, Bmin

and Bmax, respectively. The variable qB is computed as

qB � 1 bit if Bmax � Bmin (19)

or

2qB 	 Bmax � Bmin � 1 if Bmax ≠ Bmin

In Table 1, i is the maximum possible number of swing-by
maneuvers and j is the maximum possible number of total DSMs in
the entire trajectory (both i and j are specified by the user). The term
DSM is used to define any thrust impulse applied during the mission
course, except the launch, arrival, and powered swing-by impulses.
The maximum number of independent thrust impulses is k, which
can be explained as follows: ifnl is themaximumnumber ofDSMs in
a leg, then there are nl independent thrust impulses if this leg is the
first one; while for the consequent legs, the number of required
independent thrust impulses is nl � 1. Each thrust impulse �v
consists of three CDVs. The pericenter altitudes h are normalized
with respect to themean radius of the associated swing-by planet,Rp.

The normalized pericenter altitudes �h are used as design variables to
limit the resulting pericenter altitudes to feasible values only when
dealing with different swing-by planets with obvious varied radii.
The epoch of a DSM " specifies the time at which the impulsive
maneuver is applied as a fraction of the associated leg transfer time.
For most applications, a DSM could be applied from 10 up to 90% of
the total TOF in the associated leg. The flight direction f of thewhole
mission is either retrograde or posigrade.

Given that the maximum possible number of swing-by maneuvers
is i, then we create i DDVs P1, P2; . . . ; Pi. Each variable Pl
determines the planet about which the lth swing-by occurs, as shown
in Fig. 5. The range of the discrete variable Pl is one through eight,
which are the indices for the planets in the solar system, from
Mercury to Neptune. The order of the swing-bys is the same as the
order of the variablesPl, as shown in Fig. 5. If the selected number of
swing-bys is m< i, then the first m variables (P1, P2; . . . ; Pm) will
be selected.

For aMGADSMproblem, the total number of independent design
variables depends on the number of swing-by maneuvers m and the
number of DSMs in every leg, n1; . . . ; ni�1. Selecting different
values for the DDVs,m; n1; . . . ; ni�1, changes the mission scenario
and the number of DSMs in each leg. So, for a given solution, the
values of these variables dictate the length of a certain portion in the
chromosome of that solution. For example, ifm� 2, then we need to
allocate two swing-by portions in the chromosome; however, if
m� 3, then three positions will be needed for swing-bys in
the chromosome. Thus, changing the mission scenario and/or the
number of DSMs is accompanied by a change in the length of the

Table 1 Discrete and continuous independent design variables

of the MGADSM problem

DDVs CDVs

Number of swing-by maneuvers, m Departure date, td
Swing-by planets, P1; . . . ; Pi Arrival date, ta
Count of DSMs in each leg,
n1; . . . ; ni�1

TOF, T1; . . . ; Ti

Flight direction, f Normalized pericenter altitudes,
�h1; . . . ; �hi

Rotation angles, �1; . . . ; �i
Epochs of DSMs, "1; . . . ; "j
DSMs, �v1; . . . ;�vk

Fig. 5 Coding of swing-by planets.
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chromosome. Standard GAs cannot handle this problem because of
the variation of string lengths among different solutions. Genetic
operations, such as crossover, are defined only for fixed-length string
populations. To overcome this problem, the concept of hidden genes
is introduced.

Let Lmax be the length of the longest possible chromosome (this
chromosome corresponds to a trajectory in which the spacecraft
performs the maximum possible number of swing-bys and applies
themaximumnumber of DSMs). All chromosomes in the population
are allocated a fixed length equal to Lmax, which is computed based
on the design variables stated in Table 1, as in Eq. (20):

Lmax � 5� 3i� j� 2�i � z� � 3k (20)

where z is the number of swing-by maneuvers that are followed by a
no-impulse leg. From the upper bounds of the key design variables
�m; n�, the maximum chromosome length could be calculated
a priori. In a general solution (a point in the design space), some of the
variables in the chromosome will be ineffective in cost function
evaluation; the genes describing thesevariables are here referred to as
hidden genes. The hidden genes, however, will be used in the genetic
operations in generating future generations. Figure 6 shows typical
solution chromosomes, where the variables at the top of thefigure are
the independent design variables. Each row in Fig. 6 represents a
member (single individual) in the GA population. The dark parts
represent genes that are effective in fitness function evaluations. The
white parts represent the hidden genes.

Because all chromosomes have the same length, standard
definitions of GAs operations can still be applied to this problem.
Hidden genes will take part in all genetic operations like normal
genes. To illustrate this concept, an example on the crossover
operation between two parent solutions to generate two children
(new) solutions is presented here. Figure 7 shows two parent
chromosomes and the resulting chromosomes after crossover, where
a single point crossover is performed. Consider, for example, the
genes representing the number of swing-bymaneuvers and the genes
representing the number of DSMs. The genes representing the
number of swing-by maneuvers and the numbers of DSMs are
always effective genes. The chromosome length allows for up to five
swing-bys and up to two DSMs in each leg. In the first parent, the
genes representing the first two swing-bys are effective genes, while
there are hidden genes representing the other three swing-bys.

Similarly, the genes representing the numbers of DSMs of legs 1
through 3 (n1–n3) are effective genes, while there are hidden genes
representing the rest of DSMs variables. In the second parent, the
genes representing thefirst three swing-bys are effective genes, while
the genes representing the other two swing-bys are hidden. The genes
representing the first four DSM variables are effective genes (n1:n4),
while there are hidden genes representing the rest of DSM variables.
The crossover operation is carried out as defined in the standard GA.
The resulting two children are shown in Fig. 7. The first child has
effective genes representing a single swing-by and two DSM
variables. The effective genes in the second child correspond to a
zero-swing-by maneuver with a single DSM maneuver. The rest of
the chromosomes of the children are hidden genes that represent the
ineffective design variables. Therefore, the generated children could
have different scenarios andDSM sequences from those of the origin
parents.

This algorithm is tested for several interplanetary missions,
ranging from simple to complex missions. The optimization algo-
rithm (ITO-HGGA tool) is designed to find the mission scenario (the
number of swing-bys and the planets to swing by) as well as the rest
of the independent design variables: the times of swing-by, the
number of DSMs, the times of DSMs, the magnitudes/directions of
DSMs, and the departure/arrival dates. The size of the design space is
controlled by the bounds of the independent design variables.

To reduce the computational cost for complex missions, the
problemmay be solved by a two-phase approach. A trajectory design
optimization can be started by assuming no DSMs in the trajectory
(zero-DSM trajectory). This reduces the number of independent
design variables by eliminating the following design variables:
periapsis altitudes, rotation angles, epoch of DSMs, and thrust
impulses. This reduction in the number of design variables allows for
exploring wider ranges for each of the remaining design variables.
Specifically, we can open the search space for any number of swing-
bys with any planets in the solar system; wider ranges of departure
and arrival dates and times of flight can be used, and both possible
flight directions can be considered. This will result in a set of fit
scenarios (zero-DSM solutions). For each one of these scenarios, we
then allow DSMs to be added to the trajectory and optimize our
selection for theseDSMs. So,we optimize on the number ofDSMs in
each leg and their locations/magnitudes/directionswhilemaintaining
the fixed scenario. The departure/arrival dates and TOFs are allowed
to change as design variables, with narrow ranges around the values
obtained from the zero-DSM solution. This technique of solving the
problem by the two-phase approach has the advantage of reducing
the computational time. This reduction in computational time comes
at a price; most of the design space will not be explored. In general,
optimizing a given scenario through adding DSMs improves the
fitness of this trajectory (if a zero-DSM trajectory is optimal, then
the second step in the optimization process will add no DSMs to the
scenario). On the other hand, some solutions are fit only when there
are DSMs in the trajectory and the fitness of the corresponding zero-
DSM scenario is poor [e.g., theMercury Surface, Space Environ-
ment, Geochemistry, and Ranging (MESSENGER) mission
trajectory is fit when we have a DSM in the first leg and becomes
poor if we assume no DSM in the first leg]. This means that it is not
possible to find the zero-DSM solution among the fittest solutions in
the first step. For this kind of trajectory, it is not possible to find the
optimal solution by solving the problem using the two-phase
approach.

Fig. 6 Typical chromosomes for trajectory optimization problem; each row represents a chromosome.

Fig. 7 Crossover operation.
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As an example, consider the Cassini 2 mission trajectory: let the
maximum possible number of swing-by maneuvers be four, and let
only one impulse, as a maximum, be applied in each leg. In opti-
mizing all the design variables, the required number of independent
design variables is 33 (11 DDVs and 22 CDVs). This is a
computationally expensive problem, especially with wide ranges for
the design variables. On the other hand, by solving a zero-DSM
problem, the number of design variables is reduced to only 12
variables (sixDDVs and sixCDVs). This step solves for the optimum
mission scenario without DSMs. Then, the second step is performed
with 27 designvariables (fiveDDVs and 22CDVs). The ranges of the
CDVs in the second step are reduced based on the information from
the initial mission scenario.

The ITO-HGGA tool also optimizes the number of revolutions in
each leg. The TOFof each leg and the time of applying eachDSMare
selected as design variables to allow for multirevolution transfers.
Lambert’s problem is solved once in each leg. Based on the position
vectors and the TOF, Lambert’s solution may have both single-
revolution and multirevolution transfers. The selection criterion is as
follows: the selected Lambert’s transfer should minimize the former
maneuver cost. This maneuver could be a departure impulse, a DSM,
or a swing-by maneuver. In the final leg, the selected Lambert’s
transfer will minimize the former maneuver cost plus the arrival
impulse cost.

A MATLAB toolbox (GENETIC v2.1) is used [27].
GENETIC v2.1 is structured such that continuous, discrete, and
mixed continuous/discrete problems can be addressed. The main
operations in the basic GA are coding, evaluation, selection, cross-
over, and mutation. GA tuning parameters depend on the specific
problem. A uniform crossover operation is conducted with a
probability varied from 0.9 to 0.98. The mutation probability is
selected between 0.01 and 0.08. A roulette wheel is used in the
selection operation. Proportional ranking is implemented in most
cases. In general, linear ranking is implemented with higher cross-
over probability values, in solving a zero-DSM problem, in order to
increase the diversity in the population. The linear ranking is
implemented to avoid local minima traps. To maintain a diverse
population, a niching principle is applied by degrading the fitness of

the similar individuals [28]. A simple niching technique is
implemented to solve the complex case of the Cassini 2 mission. The
fittest solution obtained by the GA is not necessarily an optimal
solution, nor is it at a local minimum. Therefore, a constrained
nonlinear optimization technique is used to improve the solution by
finding the closest local minimum to that solution. The local
optimizer is only optimizing over the CDVs, not the discrete
variables. The GA solution is used as an initial guess in the local
search algorithm.

V. Numerical Results

This section presents a number of case studies for interplanetary
space mission trajectory optimization. Comparisons to other
solutions in the literature are presented to validate the obtained
results.

A. Earth–Mars Mission

A MGADSM trajectory is optimized for the EM mission. The
lower and upper bounds for all design variables are listed in Table 2.
Themaximumpossible number of swing-bymaneuvers is selected to

Table 2 Bounds of design variables for EM mission

Design variables Lower bound Upper bound

Number of swing-by maneuvers, m 0 2
Swing-by planets identification numbers, P1; . . . ; Pi 1 (Mercury) 8 (Neptune)
Number of DSMs in each mission leg, n1; . . . ; ni�1 0 2
Flight direction, f Posigrade Retrograde
Departure date, td 01 June 2004 01 July 2004
Arrival date, ta 01 April 2005 01 July 2005
TOF, days/leg; T1; . . . ; Ti 40 300

Swing-by normalized pericenter altitude, �h1; . . . ; �hi 0.1 10

Swing-by plane rotation angle, rad; �1; . . . ; �i 0 2�
Epoch of DSM, "1; . . . ; "j 0.1 0.9
DSM, km=s; �v1; . . . ;�vk �5 5

Table 3 MGADSMsolution trajectory for theEVMmission

Mission parameter MGADSM scenario

Departure date,td 05 June 2004 00:28:38
Departure impulse, km=s 4.53
DSM date 11 Sept. 2004 18:35:44
DSM impulse. km=s 0.1293 (td � 98:77 days)
Venus swing-by date 19 Nov. 2004 01:42:40
Post-swing-by impulse, km=s 2:27 � 10�12

Pericenter altitude, km 7937.913
Arrival date 15 May 2005 15:07:38
Arrival impulse, km=s 6.095
TOF, days 167.07, 177.6
Mission duration, days 344.67
Mission cost, km=s 10.754
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Fig. 8 Convergence of optimization algorithm for EVM mission: a) zero-DSM model and b) MGADSM model.
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be two. The maximum number of DSMs in each leg is selected to be
two impulses. As can be seen fromTable 2, a gravity-assist maneuver
could be performed with any planet in the solar system, from
Mercury to Neptune. The direction of flight can be posigrade or
retrograde. The TOF of each leg, except the last one, is selected
between 40 and 300 days.

The total number of design variables for this mission is 33 (seven
DDVs and 26 CDVs). Wide ranges for the design variables are
adopted, as listed in Table 2. A population of 500 individuals is used
for 300 generations. A local optimizer uses the fittest GA solution as
an initial guess to find a local minimum. The resulting solution has a
single swing-by maneuver at Venus, with a total cost of
10:754 km=s. The fittest trajectory has a single DSM in the first
leg, as shown in Table 3.

The same problem is solved again by dividing the optimization
process into two steps to reduce the required computational time.
First, a zero-DSM solution is sought to determine amission scenario.
The number of design variables in this first step is only eight

variables. ITO-HGGA, with 200 populations and 100 generations, is
used. The convergence of the optimization algorithm is shown in
Fig. 8. The resulting zero-DSM scenario is a single swing-by
maneuver at Venus with a cost of 10:788 km=s. Then, the local
optimization tool is used to improve the solution to the nearest local
minimum solution. The local optimizer reduces the cost to
10:783 km=s. A powered swing-by is implemented in this case, and
the required impulse of the swing-by is 0:002 km=s. Figure 9 shows
the zero-DSM Earth–Venus–Mars (EVM) trajectory.

In the second step, the problem is solved using the full MGADSM
formulation, assuming that the mission scenario is EVM (the
scenario obtained from the first step). The ranges for the departure,
swing-by, and arrival dates are varied within only 10 days around
those values obtained from the first step. The number of design
variables in this step is 12 (twoDDVs and 10CDVs). A population of
300 individuals has been used for 100 generations of GAs followed
by a local minima optimizer. The result of the second optimization
step is a single DSM of 180:1 m=s in the first leg at 80.81 days from
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Fig. 9 Optimal EVM mission: a) zero-DSM model and b) MGADSM model.

Table 4 MGADSM solution trajectory for EVM mission using two-phase approach technique

Mission parameter Zero-DSM model
initial estimate

MGADSM model
final scenario

Departure date,td 05 June 2004 01:52:21 02 June 2004 11:43:25
Departure impulse, km=s 4.616 4.457
DSM date —— 22 Aug. 2004 00:07:46
DSM impulse, km=s —— 0.1801 (td � 80:81 days)
Venus swing-by date 20 Nov. 2004 15:10:59 19 Nov. 2004 07:02:55
Post-swing-by impulse, km=s 0.002 1:68 � 10�13

Pericenter altitude, km 7996.782 7869.048
Arrival date 14 May 2005 13:18:06 16 May 2005 03:29:08
Arrival impulse, km=s 6.165 6.091
TOF, days 168.56, 174.92 169.81, 177.85
Mission duration, days 343.48 347.66
Mission cost, km=s 10.783 10.728

Table 5 Bounds of Earth–Jupiter mission design variables

Design variables Lower bound Upper bound

Number of swing-by maneuvers, m 0 2
Swing-by planets identification numbers, P1; . . . ; Pi 1 (Mercury) 8 (Neptune)
Number of DSMs in each mission leg, n1; . . . ; ni�1 0 2
Flight direction, f Posigrade Retrograde
Departure date, td 01 Sept. 2016 30 Sept. 2016
Arrival date, ta 01 Sept. 2021 31 Dec. 2021
TOF, days/leg; T1; . . . ; Ti 80 800

Swing-by normalized pericenter altitude, �h1; . . . ; �hi 0.1 10

Swing-by plane rotation angle, rad; �1; . . . ; �i 0 2�
Epoch of DSM, "1; . . . ; "j 0.1 0.9
DSM, km=s; �v1; . . . ;�vk �5 5
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mission start time, as shown in Fig. 9. The total transfer cost is
slightly reduced to 10:728 km=s in the second optimization step.
Table 4 shows the zero-DSM trajectory, as well as the final trajectory.
As shown in Table 4, the effect of the DSM is reducing the departure
and arrival impulses, as well as reducing the impulse of the powered
swing-by, to almost zero. The fittest trajectory could be considered as
a nonpowered gravity-assist trajectory with a single DSM.

B. Earth–Jupiter Mission

A mission to Jupiter is considered. It is desired to find the
MGADSM trajectory with minimum cost. Wide ranges of all design
variables are allowed in optimization to explore more of the design
space. The design variable bounds are listed in Table 5. The total
number of design variables is 33 (seven DDVs and 26 CDVs). The
zero-DSM model is used to determine an initial scenario. The
independent design variables in this step are eight variables (four
DDVs and four CDVs). A population of 300 individuals and 100
generations are used in GA optimization. The resulting fittest
scenario is a two-swing-by trajectory with swing-bys around Venus
and then Earth [Earth–Venus–Earth–Jupiter (EVEJ)], as shown in
Fig. 10. The solution is a posigrade multirevolution trajectory. The
total cost of this zero-DSM trajectory is 10:298 km=s, as shown in
Table 6. The scenario of this solution is then used in the second
optimization step. The two swing-bys are fixed (EVEJ). The
departure/arrival dates and the TOF design variables obtained from
the first step are allowed to vary within 10 days from their values
obtained from the first step. A population of 500 individuals and 100
generations is used. Figure 11 shows the convergence of the

optimization algorithm. Table 6 shows the zero-DSM solution, as
well as two solutions with DSMs. One solution has a single DSM in
the second leg (Venus–Earth), while the other solution has a single
DSM in the first leg [Earth–Venus (EV)], as shown in Fig. 12. In the
first scenario, the DSM amplitude is 0:2 m=s, which seems an
insignificant value with respect to the total trajectory cost. It is
expected that this small DSMmay be vanished with more iterations.

C. Earth–Saturn Mission (Cassini 2)

One of the most complicated MGA trajectories is the Cassini 2
trajectory. In 1997, The Cassini–Huygens mission was launched to
study the planet Saturn and its moons [11]. The ITO-HGGA tool is
used to search for aminimum-cost trajectory for anEarth–Saturn trip.
For the sake of making comparisons with the literature, a narrow
range of departure dates is allowed around the known published date
for the Cassini 2 mission. The ranges for the other design variables
arewide enough to investigate all possible solutions. Table 7 presents
the upper and lower bounds for the design variables. A zero-DSM
model is initially used tofind an initial mission scenario. There are 12
independent design variables in this step (six DDVs and six CDVs).
A population of 500 individuals and 1500 generations is used. Initial
attempts show that resulting solutions are always trapped in regions
that are worse than the known solutions for the Cassini 2 mission.
This suggests allowing more time (more generations) for ITO-
HGGA to search for more solutions. To avoid high computational
costs, a simple niching technique is implemented [28]. The GA
convergence is shown in Fig. 13.

The obtained mission scenario is a four-swing-by trajectory with
the same planet sequence as the actual Cassini 2 mission scenario
[Earth–Venus–Venus–Earth–Jupiter–Saturn (EVVEJS)]. The tra-
jectory is a posigrade transferwith 10:685 km=s total transfer cost, as
shown in Table 8. Then, the initial zero-DSM scenario is used in the
MGADSMmodel to obtain the final trajectory. The planet sequence
is fixed at EVVEJS, with narrow ranges for the departure, arrival, and
gravity-assist dates. A population of 500 individuals and 1000
generations is used. Then, a local optimizer is used. Twenty-seven
design variables are used in this model (five DDVs and 22 CDVs).
The GA convergence is shown in Fig. 13. The final solution is
presented in Table 8. The trajectory has two DSMs, on in the first leg
(EV) and the other is in the second leg (Venus–Venus). The total
transfer cost is reduced to 8:385 km=s after applying the DSMs. The
zero-DSM initial trajectory and the MGADSM final trajectory are
shown in Fig. 14.

VI. Discussion

The cost being optimized in this work is a function of discrete
and CDVs. The discrete variables determine the mission scenario
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Fig. 10 Optimal zero-DSM trajectory of Earth–Jupiter mission.

Table 6 Optimal MGADSM trajectory of EVEJ mission

MGADSM Model

Mission parameter Zero-DSM model
initial estimate

Scenario (1) Scenario (2)

Departure date 09 Sept. 2016 11:38:03 06 Sept. 2016 13:36:17 07 Sept. 2016 01:55:17
Departure impulse, km=s 3.653 3.542 3.439
DSM date —— —— 21 Feb. 2017 08:29:43
DSM impulse, km=s —— —— 0.109
Venus swing-by date 05 Sept. 2017 05:57:07 05 Sept. 2017 14:57:28 07 Sept. 2017 07:43:57
Post-swing-by impulse, km=s 0.0004 —— 2:38e � 014
Pericenter altitude, km 1402.2 1307.28 613.545
DSM date —— 14 May 2018 09:31:08 ——

DSM impulse, km=s —— 0.0002 ——

Earth swing-by date 30 March 2019 02:25:00 30 March 2019 03:14:06 29 March 2019 02:19:05
Post-swing-by impulse, km=s 0.443 0.441 0.444
Pericenter altitude, km 637.8 637.8 637.8
Arrival date 18 Sept. 2021 21:15:27 24 Sept. 2021 23:59:59 17 Sept. 2021 07:43:51
Arrival impulse, km=s 6.202 6.195 6.19
TOF, days 360.76, 570.85, 903.79 364.05, 570.51, 909.87 365.24, 567.77, 903.23
Mission duration, days 1835.4 1844.43 1836.24
Mission cost, km=s 10.298 10.178 10.182
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(swing-by planets), the number of DSMs in each leg, and the
direction of flight (posigrade and retrograde). The continuous
variables determine the dates and parameters of the events. The ITO-
HGGA tool implemented in this paper finds the values for all the
design variables in the best solution trajectory. Then, the mission
scenario, the direction of flight, and the number of DSMs are fixed,
and the continuous variables are tuned by a local optimizer. The local
optimizer implements a constrained nonlinear optimization tech-
nique. The proposed hidden genes concept is different from theVCL-
GA concept presented in [21]. The VCL-GA assumes the same size
for all chromosomes in a given population. The chromosome length,
however, may vary from one generation to another. On the other
hand, the proposed hidden genes concept handles problems where
chromosomes of different lengths may exist in the same population.

The EVM mission trajectory optimization has been addressed in
the literature [7]. The solution presented in [7]was obtained using the

extended primer vector theory, and it has a single swing-bymaneuver
and a single DSM. In implementing the primer vector method, the
departure and arrival dates were assumed fixed (the mission duration
is 340 days). The Venus swing-by timewas also constrained to occur
at 165 days from departure. The resulting solution has a DSM of
68:7 m=s in the first leg at 96.08 days from mission start date. The
total cost of the mission is 10:786 km=s [7]. The solution obtained
using the ITO-HGGA tool in this paper has also one swing by Venus
and one DSM of 180:1 m=s in the first leg at 80.81 days from launch
date. The total cost of the mission is 10:728 km=s, as shown in
Table 4. The reduction in the total cost obtained using the ITO-
HGGA tool, as comparedwith that of [7], is accompanied by changes
in the mission’s launch, swing-by, and arrival dates, without
significantly changing the total mission duration. This solution is
obtained by allowing the maneuver’s launch, swing-by, and arrival
dates to be freely chosen during the zero-DSM optimization step.
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Fig. 11 Convergence of optimization algorithm of Jupiter mission: a) zero-DSM model and b) MGADSM model.
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Fig. 12 Optimal EVEJ mission: a) case 1 (10:178 km=s) and b) case 2 (10:182 km=s).

Table 7 Bounds of Cassini 2 mission design variables

Design variables Lower bound Upper bound

Number of swing-by maneuvers, m 1 4
Swing-by planets identification numbers, P1; . . . ; Pi 2 (Venus) 5 (Jupiter)
Number of DSMs in each mission leg, n1; . . . ; ni�1 0 1
Flight direction, f Posigrade Retrograde
Departure date, td 01 Nov. 1997 31 Nov. 1997
Arrival date, ta 01 Jan. 2007 30 June 2007
TOF, days/leg; T1; . . . ; Ti 40 1000

Swing-by normalized pericenter altitude, �h1; . . . ; �hi 0.1 10

Swing-by plane rotation angle, rad; �1; . . . ; �i 0 2�
Epoch of DSM, "1; . . . ; "j 0.1 0.9
DSM, km=s; �v1; . . . ;�vk �5 5
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Reference [7] presents a minimum-cost solution trajectory for the
Earth–Jupiter mission, assuming the fixed planet sequence EVEJ.
The departure, arrival, and swing-by dates were also assumed fixed,
with a launch in 2016 and a mission duration of 1862 days. The
primer vector theorem solution has four DSMs. Two DSMs are
applied in the first two legs. The total transfer cost for this solution is
10:267 km=s. The ITO-HGGA tool presented in this paper is able to
automatically find the known swing-by sequence for the Jupiter
mission in 2016. As listed in Table 6, the initial scenario (zero-DSM
trajectory) is obtained, starting from wide ranges for the design
variables. Then, the MGADSM solutions are obtained based on that
initial scenario. Each of the two MGADSM solutions presented in
Table 6 have less total cost than the solution presented in [7]. There is
only oneDSM in each of the two solutions. The solution presented in
[7] requires four DSMs.

The Cassini 2 mission trajectory design problem has been
addressed in several studies [7–10], where it is always assumed that a
fixed swing-by sequence (EVVEJS) is known. In [9], the IMAGO
obtained a solution that has a single DSM and a total cost of
9:06 km=s. Reference [7] implements the space pruning technique
and finds the values and locations of the DSMs to minimize the total
transfer cost. The departure, arrival, and swing-by dates were fixed.
The minimum cost obtained in [7] is 8:877 km=s. Olympio and Izzo
[8] recently developed an algorithm to find the optimal DSM

structure in a given trajectory scenario. For the Cassini 2 planet
sequence described in the Global Trajectory Optimization Problems
(GTOP) database [11], Olympio and Izzo [8] found a trajectory with
a total cost of 8:387 km=s. The solution obtained using the ITO-
HGGA tool in this paper finds a solution with a total cost of
8:385 km=s (as seen in Table 8), which is very close to the reported
result in the GTOP database (8:383 km=s) [11], and it is also very
close to the solution presented in [8]. The ITO-HGGA tool in this
case, however, finds the planets sequence as well as the DSM
structure.

Initially, the ITO-HGGA tool could not converge to the known
planet sequence of the Cassini 2 mission in the first optimization
phase. Rather, it converged to a worse solution. It has been observed
that, in phase one, the solutions are trapped around a certain planet
sequence that is worse than the known optimal scenario. The known
optimal scenario (EVVEJS) could be obtained by forcing the last
swing-by to be planet Jupiter. This suggested running the ITO-
HGGA tool for more generations so that the optimal scenario is
obtained. To avoid high computational cost and yet increase the
diversity in the population, a niching algorithm is implemented [28].
A niching technique applies a fitness degradation to the row fitness
function such that fitness is depressed in the regions where solutions
have already been found [28]. In ITO-HGGA, a simple niching
algorithm is added. Every five generations, the fitness is degraded for
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Fig. 13 Convergence of optimization algorithm of Cassini 2 mission: a) zero-DSM model and b) MGADSM model.

Table 8 Optimal MGADSM trajectory of Cassini 2 mission

Mission parameter Zero-DSM model
initial estimate

MGADSM model
final scenario

Departure date 30 Nov. 1997 00:00:00 13 Nov. 1997 11:12:37
Departure impulse, km=s 3.779 3.293
DSM date —— 25 March 1998 22:27:03
DSM impulse, km=s —— 0.449
Venus swing-by date 20 May 1998 12:58:21 30 April 1998 04:17:03
Post-swing-by impulse, km=s 2.633 ——

Pericenter altitude, km 27,470.963 2590.174
DSM date —— 11 Dec. 1998 14:55:31
DSM impulse, km=s —— 0.396
Venus swing-by date 26 June 1999 14:04:56 27 June 1999 11:24:49
Post-swing-by impulse, km=s 1:096 � 10�05 2:21 � 10�06

Pericenter altitude, km 605.303 245.216
Earth swing-by date 19 Aug. 1999 09:05:31 19 Aug. 1999 16:18:04
Post-swing-by impulse, km=s 1:36 � 10�06 6:04 � 10�08

Pericenter altitude, km 1810.704 1975.905
Jupiter swing-by date 24 March 2001 00:21:22 31 March 2001 09:30:36
Post-swing-by impulse, km=s 1:89 � 10�04 1:68 � 10�07

Pericenter altitude, km 5,167,772.8 4,918,886.8
Arrival date 12 Jan. 2007 12:50:27 23 March 2007 21:31:17
Arrival impulse, km=s 4.273 4.247
TOF, days 171.54, 402.05, 53.79, 582.64, 2120.52 168.67, 423.3, 53.2, 589.72, 2182.54
Mission duration, days 3330.54 3417.43
Mission cost, km=s 10.685 8.385
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the current fittest solution and all other solutions that have a similar
planet sequence to the fittest solution. By implementing this niching
technique, the ITO-HGGA tool is able to find the known optimal
scenario in the first phase of optimization.

Figures 8, 11, and 13 show the convergence of the developed ITO-
HGGA tool for the three case studies discussed in this paper. As can
be seen from the figures, the number of generations needed for
convergence to the solution varies from one case to another. In the
EVM mission, 40 generations are needed in both the zero-DSM
phase (eight design variables) and in the MGADSM phase (12
variables). In the Cassini 2mission, the number of design variables is
12 and 27 for the first and the second phases, respectively. The zero-
DSM phase converges in 900 generations, while the MGADSM
phase converges in 700 generations. Therefore, the complexmission
requires higher numbers of populations and generations than the
simple mission to converge to the optimal solution.

VII. Conclusions

The interplanetary trajectory optimization (ITO) problem is
addressed in this paper using a novel hidden genes optimization
technique. The hidden genes algorithm has the capability to handle
mixed (discrete and continuous) design variable optimization prob-
lems, with variable-sized design space. The concept of hidden genes
genetic optimization proved capable of finding, without a priori
knowledge, the number of swing-bys, the planets to swing by
(optimal planet sequence), and the number of DSMs in each leg (as
well as their components and directions), in addition to the rest of the
design variables in the ITO problem. A fixed chromosome length is
assumed for all chromosomes in the population. Part of the chro-
mosome is effective in fitness function evaluations, while the other
part (hidden genes part) is ineffective. Yet, the hidden genes take part
in the genetic operations. In some problems, a niching technique is
needed to increase the diversity in the population, and hence
increases the speed of convergence. In the three case studies
presented in this paper, the ITO-HGGA found the known optimal
solutions, with improvements in some cases. To avoid long compu-
tational times, in some complex problems, a two-phase algorithm
was implemented. The first phase finds only the mission scenario
(planet sequence), while the second algorithm determines the DSM
structure in the trajectory.
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