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Abstract

In this paper we describe a number of global optimisation problems connected to spacecraft trajectory
design. Each problem is coded in the form of a blackbox objective function accepting, as inputs, the decision
vector and returning the objective function and the constraint evaluation. The code is made available on
line as a challenge to the community to develop performing algorithms able to solve each of the problems
proposed in an efficient manners. All the problems proposed draw inspiration from real trajectory problems,
ranging from Cassini to Rossetta to Messenger to possible future missions. As a start we also report the
results coming from applying standard global optimisation algorithm to each of the problem. We consider
Differential Evolution, Particle Swarm Optimisation, Genetic Algorithm, Adaptive Simulated Annealing
and GLOBAL. As all these standard implementations seem to fail to solve more complex problems, we
conclude the paper suggesting a cooperative approach between the different algorithm showing performance

improvements.

Introduction

Spacecraft trajectory design problems can be formal-
ized as optimisation problems. Multiple gravity assist
(MGA) missions, with the possibility of using deep
space manouvre (MGADSM), are essentially global
optimisation problems, which is, generally speaking,
the task of finding the absolutely best value of a non-
linear function under given constraints. Good so-
lutions to these problems can also serve as starting
points for low-thrust trajectory optimisation, usually
approached with local optimisation methods. Re-
cently, many papers are dealing with global trajec-
tory optimisation [1, 2, 3, 4, 5, 6], however, there is
no standard way to state how relevant the achieved
result is. The aim of this paper is to propose a collec-
tion of interesting and realistic test problems as chal-
lenging benchmark problems together with test re-
sults obtained by systematic run of some well-known
and widely used global optimisers. We applied our
collaborative distributed global optimiser [7] in or-
der to get results which can be used as references.
These results are an invitation the communities —
to the global optimisation community and to the
aerospace engineers—, to develop, apply and compare
their own algorithms on these problems. All the

proposed models are coded in Matlab and C/C++
and made available to download on our website
www.esa.int/gsp/ACT/inf/op/globopt.htm. Ref-
erences and weblinks to the solvers used in this pa-
per can also be found in this location. Should any
research group find better solutions than the ones re-
ported in the web site and in this paper, they are
encouraged to submit them to us (act@esa.int) with
a short description of the method, so that we can
update the web site.

The models

In this paper we essentially present two types of tra-
jectory models we will refer to as the MGA prob-
lem and the MGADSM problem. The first type of
problem, described in details in [3], represents an in-
terplanetary trajectory of a spacecraft equipped with
chemical propulsion and able to thrust only during
its planetocentric phases. This simple model is quite
useful in a number of preliminary trajectory calcula-
tions and has the advantage of resulting in a small di-
mensional optimisation problem that has been proven
to be suitable for a pruning process having poly-
nomial complexity both in time and in space and



that results into an efficient computer implementa-
tion (GASP [3]) . On the other hand, the constraint
on the spacecraft thrusting only during the planeto-
centric hyperbolae is often unacceptable as it may
results in trajectories that are not realistic or that
use more propellant than necessary. A more complete
problem is the MGADSM. This represent again an in-
terplanetary trajectory of a spacecraft equipped with
chemical propulsion, able to thrust its engine once
at any time between each trajectory leg. Thus the
solutions to this problem are suitable to perform pre-
liminary quantitative calculation for real space mis-
sions. This comes to the price of having to solve an
optimisation problem of larger dimensions. The im-
plementation details of this problem are the sum of
a number of previously published works [4, 5, 6, §]
and thus are briefly reported. The generic form of
the MGADSM problem can be written as:

find: xeR"”
to minimise: J(x)
subject to:  g(x)

where x is our decision vector, J is the objective func-
tion and g are non linear constraint that may come
from operational considerations or from the space-
craft system design. Given a planetary sequence of
N planets, the decision vector is defined by:

X = [tO7VOOau7U7771)T17
T.p27 bincl?aﬂQ; T27

o Tpn_1s binclel s IN—1, TNfl]

As a consequence a typical MGADSM problem will
have dimension d = 6+ (N —2)*4. In the decision vec-
tor, to represent the spacecraft launch date, Voo, u, v
define the heliocentric direction of the departure hy-
perbolic velocity v according to the formulas:

0 = 2mu
¢ = arccos(2v—1) —7/2
Voo /Voeo = cos(8)cos(p)i+ sin(f) cos(p)j +

+sin(p)k

where the frame i, j, k is defined by

v(to)/ || v(to) ||
r(to) x v(to)/ [l r(to) x v(to) |
z X 1

i =
kK =
j =

and r(to), v(to) are the heliocentric velocity and po-
sition of the departure planet at 9. Once the space-
craft heliocentric position r(¢y) and velocity is known
Vije = v(to) + Voo its trajectory gets propagated
along a keplerian orbit for the time 7,77 and from
the arrival point a Lambert problem [9] is solved that
brings the spacecraft position to match that of the
second planet in sequence in the time (1 —ny)7y. If
N > 2 each subsequent i-th trajectory phase will be
determined by first evaluating the fly-by geometry:

Vin = Vin — Vpla
e = 147y /ppialVinl
d = 2arcsinl/e
iz = Vin/[|[Vinll
iy = iz xXrpe/|iz X Tyl
i = iy xiy

Vout/||Vinl| = cosdiy + sinipsindi, +
+ cosip sin i,
Vout = Vpla + Vout

where fipq is the planet gravitational constant. Once
the spacecraft velocity v, is known, we propagate
the spacecraft trajectory along a keplerian orbit for
the time 7;T;. From the arrival point a Lambert prob-
lem [9] is then solved to bring the spacecraft position
to match that of the ¢ + 1-th planet in sequence in
the time (1 — n;)T;.

The objective function J(x) typically measure the
propellant consumption of the spacecraft, but can
also be related to other objectives such as the total
mission time, the spacecraft mass, the properties of
the final orbit acquired and so on. Also the non lin-
ear constraint functions g(x) depend on the problem
considered and are defined case by case.



The Problems

In this section all the benchmarking problems are
listed with their complete parameter description.
The first two are MGA problems and then we are
describing four MGADSM problems. The best solu-
tions known (the solution vectors together with the
corresponding objective values) are reported as well.
These were obtained using DIGMO [7], a distributed
cooperative global optimisation technique which uses
several population based global solvers and able to
learn the best solver combination to approach com-
plex problems.

Cassinil (EVVEJS.mat)

This is an MGA problem that is related to the Cassini
spacecraft trajectory design problem (a more com-
plex representation of this problem is found later).
The objective of this mission is to reach Saturn and
to be captured by its gravity into an orbit having
pericenter radius 7, = 108950 km, and eccentricity
e = 0.98. The planetary fly-by sequence considered is
Earth-Venus-Venus-Earth-Jupiter-Saturn (as the one
used by Cassini spacecraft).

Table 1: State vector bounds in Cassinil.

State Variable LB UB Units
x(1) to -1000 0  MJD2000
x(2) T 30 400  days
x(3) T 100 470 days
x(4) T3 30 400 days
x(5) Ty 400 2000 days
x(6) T 1000 6000 days

As objective function we use the total AV accumu-
lated during the mission, including the launch AV
and the various AV one needs to give at the plan-
ets and upon arrival to perform the final orbit injec-
tion. For the six dimensional state vector we use the
bounds given in Table 1. As constraints we limit the
various fly-by pericenter to the values: 1,1 > 6351.8
km, rp > 6351.8 km, rp3 > 6778.1 km, r,4 > 600000
km. The best solution known for this problem is
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Figure 1: Best solution known for the problem
Cassinil.
x = [—789.8055, 158.33942, 449.38588, 54.720136,

1024.6563, 4552.7531], corresponding to a final objec-
tive function of 4.93 km/sec. This solution is shown
in Figure 1.

GTOC1 (EVEVEJSA.mat)

This problem draws inspiration from the first
edition of the Global Trajectory Optimisation
Competition (GTOC1) [10]. More informa-
tion on the yearly event can be found at
www.esa.int/gsp/ACT/mad/op/GTOC/index.htm.

It is, again, an MGA problem [3] with a rather long
fly-by sequence including mainly Earth and Venus.
The final target is the asteroid TW229. The ob-
jective of the mission is to maximise the change in
sami-major axis of the asteroid orbit following an
anaelastic impact of the spacecraft with the asteroid
J(x) =m;U - v. As constraints we limit the various
fly-by pericenters to the values values: r,; > 6351.8
km, r,o > 6778.1 km, r,3 > 6351.8 km, 7,4 > 6778.1
km, rps > 600000 km, 7,6 > 70000 km. We also
consider a launcher AV of 2.5 km/sec, a specific im-
pulse of Iy, = 2500s and a spacecraft initial mass of
mo = 1500kg. For the eight dimensional state vector
we use the bounds given in Table 2.

The best solution known for this problem is x =
[6809.476683160, 169.598512787, 1079.375156244,
56.53776494142, 1044.014046276, 3824.160968179
1042.885114734 3393.057868710], corresponding to a



Table 2: State vector bounds in GTOC1

State Variable LB UB Units
x(1) to 3000 10000 MJD2000
x(2) T 14 2000 days
x(3) T 14 2000 days
x(4) Ty 14 2000  days
x(5) Ty 14 2000  days
x(6) Ts 100 9000 days
x(7) Ts 366 9000 days
x(8) T 300 9000 days
Figure 2: Best solution known for the problem
GTOCI1.

final objective function of 1,580,599 kg km?/sec?.
Figure 2 shows this solution. Note that the arc join-
ing Saturn with the asteroid is forced to be retrograde
when solving the relative Lambert problem.

SAGAS (EdEdJ.mat)

In this trajectory problem we design what is com-
monly called a AV-EGA manouvre to then fly-by
Jupiter and reach 50AU. The objective function con-
sidered is the overall mission length and has to
be minimised. This creates an MGADSM problem
where two more variables need to be added to the
decision vector in order to be able to evaluate the
keplerian orbit reached after the last fly-by. As con-
straints we consider the AV capability of the space-

craft AV; + AV, < 1.782 and the total available
AV = AV + AVh + AV, < 6.782 km/s. For the
twelve dimension state vector we use the bounds
given in Table 3.

Table 3: State vector bounds in SAGAS.

State Variable LB UB Units
(1) to 7000 9100 MJD2000
x(2) Voo 0 7 km /sec
x(3) u 0 1 n/a
x(4) v 0 1 n/a
x(5) T 50 2000 days
x(6) T 300 2000  days
x(7) m 0.01 0.9 n/a
x(8) M2 0.01 0.9 n/a
x(9) Tp1 1.05 7 n/a
x(10) Tp2 8 500 n/a
x(11)  bipeln -7 ™ rad
x(12 bi 19 -7 ™ rad

Note that the bound on the departure AV is quite
large and include a very strong minima at around
1- 4 km/sec (1:1 Earth orbit resonance) that often
tricks the optimisers. Clearly, by reducing this bound
(knowledge-based pruning) one can drastically help
any optimiser to locate the correct global optima.
As here we are interested in the algorithmic perfor-

Figure 3: Best solution known for the problem

SAGAS.



mances, we selected the bounds to create an interest-
ing optimisation problem rather than to simplify the
problem as much as possible and thus we included
zones of the search space one could prune out by ex-
perience. The best solution known to this problem is
x = [7020.49, 5.34817, 1, 0.498915, 788.763, 484.349,
0.4873, 0.01, 1.05, 10.8516, -1.57191, -0.685429], cor-
responding to a final objective function value of
18.1923 years, see Figure 3.

Cassini2 (EAVdVdEdJdS.mat)

In the section named Cassinil we presented a global
optimisation problem related to the mission Cassini.
In that problem the description of the trajectory was
made . In this section we consider a different model
for the Cassini trajectory. This time we will allow
for deep space maneuvers between each one of the
planets and thus and MGADSM problem. This leads
to a higher dimensional problem with a much higher
complexity [5, 6]. We also counsider, in the objec-
tive function evaluation, a rendezvous problem rather
than an orbital insertion as in Cassinil. This is the
main cause for the higher objective function values
reached. For the twelve dimension state vector we
use the bounds given in Table 4. These are consis-
tent with the ones used in [4].

No other constraints are considered for this
problem. The best known solution is x =
[—815.144, 3, 0.623166, 0.444834, 197.334, 425.171,
56.8856, 578.523, 2067.98, 0.01, 0.470415, 0.01,
0.0892135, 0.9, 1.05044, 1.38089, 1.18824, 76.5066,
—1.57225,-2.01799, —1.52153, —1.5169] correspond-
ing to an objective function value of 8.92401 km/sec,
see Figure 4. In the paper by Vasile and De Pascale
[4] an objective function of 9.016 is reached for a sim-
ilar problem, which is very close to the best solution
we found. However, details in the implementation of
the problem can easily account for quite significant
variation of the objective value reached (for example
planetary ephemerides, different bounds on some of
the variables, etc.).

Table 4: State vector bounds in Cassini2

State Variable LB UB Units
<(1) to  -1000 0 _ MJD2000
x(2) Voo 3 5 km/sec
x(3) u 0 1 n/a
x(4) v 0 1 n/a
x(5) T 100 400 days
x(6) T 100 500 days
x(7) Ts 30 300 days
x(8) Ty 400 1600 days
x(9) Ts 800 2200 days
x(10) m 0.01 09 n/a
x(11) M2 0.01 09 n/a
x(12) 73 0.01 09 n/a
x(13) N4 0.01 09 n/a
x(14) M5 0.01 09 n/a
x(15) 1.05 6 n/a
x(16) 7o 1.05 6 n/a
x(17) Tp3 1.15 6.5 n/a
x(18) Tpa 1.7 201 n/a
x(19)  bipenn -7 ™ rad
x(20)  bipel2 -7 ™ rad
x(21)  bipels -7 ™ rad
x(22)  bipcla -7 ™ rad
Figure 4: Best solution known for the problem
Cassini2.

Messenger (EAEdVdVdMe.mat)

This trajectory optimisation problem represents a
rendezvous mission to Mercury modelled as an



Table 5: State vector bounds in Messenger

State Variable LB  UB Units
x(1) to 1000 4000 MJD2000
x(2) Voo 1 5 km /sec
x(3) u 0 1 n/a
x(4) v 0 1 n/a
x(5) T 200 400 days
x(6) T, 30 400 days
x(7) Ts 30 400 days
x(8) Ty 30 400 days
x(9) M 0.01 0.99 days
x(10) 001 099  n/a
x(11) s 001 099  n/a
x(12) N4 0.01 0.99 n/a
x(13) Tp1 1.1 6 n/a
x(14) Tp2 1.1 6 n/a
x(15) Tp3 1.1 6 n/a
x(16)  bipeln -7 ™ n/a
x(17)  bipclo -7 T n/a
x(18)  bincl -7 T n/a

MGADSM problem. The selected fly-by sequence
is the same used in the first part of the Messenger
mission. It is well known that a significant reduc-
tion of the required AV is possible if a number of
resonant fly-bys follow the first Mercury encounter.
Here we did not include that part of the trajectory
in the optimisation problem as the dynamical model
needed to represent multiple revolution solutions was
not present in the code we planned to put on-line. We
plan to publish the full trajectory problem descrip-
tion in a future work. For the eighteen dimensional
global optimisation problem we consider the bounds
listed in Table 5.

The best solution known for this problem is x =
[2363.36, 1.68003, 0.381885, 0.512516, 400, 173.848,
224.702, 211.803, 0.238464, 0.265663, 0.149817,
0.485908, 1.34411, 3.49751, 1.1, 1.20892, 2.49324,
1.81426] with the objective value 8.981973 km/s.
This result is shown in Figure 5.
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Figure 5: Best solution known for the problem Mes-
senger.

Rosetta (EdEdMJEdEdA .mat)

The problem presented in this section is a MGADSM
problem relative to a mission to the comet
67P /Churyumov-Gerasimenko. The fly-by sequence
selected is similar to the one planned for the space-
craft Rosetta. The objective function considered is
the total mission AV including the launcher capa-
bilities. The bounds used for the twenty-two dimen-
sion decision vector are listed in table 6. These are
consistent with the ones used in [4].

Figure 6: Best solution known for the problem

Rosetta.



Table 6: State vector bounds in problem Rosetta

State Variable LB UB Units
x(1) to 1460 1825 MJD2000
x(2) Voo 3 5 km /sec
x(3) u 0 1 n/a
x(4) v 0 1 n/a
x(5) T 300 500 days
x(6) T 150 800 days
x(7) T3 150 800 days
x(8) Ty 300 800 days
x(9) Ts 700 1850 days
x(10) m 0.01 09 n/a
x(11) 72 0.01 09 n/a
x(12) N3 0.01 09 n/a
x(13) N4 0.01 09 n/a
x(14) N5 0.01 09 n/a
x(15) #1059 n/a
x(16) 7 105 9 n/a
x(17) Tp3 1.05 9 n/a
x(18) Tpa 1.05 9 n/a
x(19)  bipenn -7 ™ rad
x(20)  bipe12 -7 ™ rad
x(21)  bipel3 -7 ™ rad
x(22)  bipe -7 ™ rad
The best solution found for this problem is

x = [1524.25, 3.95107, 0.738307, 0.298318, 365.123,
728.902, 256.049, 730.485, 1850, 0.199885, 0.883382,
0.194587, 0.0645205, 0.493077, 1.05, 1.05, 1.05,
1.36925, —1.74441,1.85201, —2.61644, —1.53468],
which correspond to an objective function value of
J(x) = 1.4491 km/s, see Figure 6.

The Optimisers

We here try some widely used global optimisation
algorithms on the benchmark problems described
above. In this section a short introduction is given
on the solvers used in the paper.

Differential Evolution (DE) This optimisation
algorithm is based on updating each element of

a set (population) of feasible solutions by using
the weighted difference of two (or more) other
randomly selected population elements. This
way no separate probability distribution has to
be used which makes the scheme completely
self-organizing [11].

Particle Swarm Optimization (PSO) This is
another population-based algorithm inspired by
the social behaviour of bird or fish flockings
[12]. In a PSO method, each element (particle)
evolves by taking the combination of the current
global best and individual best solutions into
account.

Genetic Algorithm (GA) The goodness of an in-
dividual in the population is measured by its fit-
ness value (i.e. the objective function value).
GA evaluates the fitness of each individual in
the population and then while not converged
it selects individuals to reproduce, performs
crossover and mutation to make the offspring
evaluates the individual fitnesses of the offspring
and finally replaces the worst ranked part of the
population with the offspring [13].

Adaptive Simulated Annealing (ASA)
Simulated Annealing (SA) [14] picks some
neighbour y of a point =z and compute its
energy (this is like the fitness value in the above
algorithms). SA moves to this new point y
based on a randomly selected number which
depends on the distance of the corresponding
function values and on a global parameter T
(temperature), that is gradually decreased dur-
ing the process. Adaptive simulated annealing
[15] is a variant of SA in which the algorithm
parameters that control temperature schedule
and random step selection are automatically
adjusted according to algorithm progress.

GLOBAL This multistart clustering global opti-
mization method [16] is based on Boender’s al-
gorithm [17]. It’s goal is to find all local mini-
mizer points that are potentially global. These
local minimizers will be found by means of a



local search procedure, starting from appropri-
ately chosen points from the sample drawn uni-
formly within the set of feasibility. In an effort
to identify the region of attraction of a local min-
imum, the procedure invokes a clustering proce-
dure. In this paper we use the recent version of
this solver implemented in MATLAB and docu-
mented in [18].

COOP Recent results show that collaborative us-
age of population based algorithms can lead to
performance improvement [7]. This algorithmic
scheme is a combination of DE and PSO in a co-
operative way. Namely, we allow N7 iterations
for DE and the result population is passed to the
PSO as initial value. Then PSO can take N it-
erations and the result passed back to DE which
does again N; iterations and passes the result
back to PSO, and so on. Typically N1 = N»
and they are much smaller than the maximum
iterations allowed.

The Results

The results obtained with the solvers listed in the pre-
vious section is reported here. For all the solvers 20
independent run was made and the best and the av-
erage objective values are documented. The allowed
number of objective function evaluations (NFE) were
limited in the following way:

Model NFE

Cassinil 20,000
GTOC1 25,000
SAGAS 20,000
Cassini2 30,000
Messenger 30,000
Rosetta 35,000

Note that this is an ad-hoc set up, using more func-
tion evaluations should lead to better results for some
of the algorithms. However, our goal was to make a
fair comparison of the solvers and for this purpose a
meaningful stopping criteria was needed to be fixed.

In case of GLOBAL there are some built-in stop-
ping criteria which would be fulfilled earlier than the

limit in the number of function evaluations is reached.
This feature was kept in this benchmarking, so occa-
sionally GLOBAL stopped the run before it reached
the maximum NFE limit.

The following option were set for the different
solvers:

e DE: population size: 20, F = 0.95, CR = 0.9,
strategy: rand/1/bin.

e PSO: population size: 20, w = 0.65, n1 = 12 = 2,
Umax = 0.5.

e GA: population size: 20, crossover rate: 0.75,
mutation rate: 0.05.

e ASA: default options were used.

e GLOBAL: N100 = 5,000, NGO = 10, NSIG =
8, local minimizer: UNIRANDI.

e COOP: N7 = Ny = 50 and the same parameters
were used as the stand alone versions of DE and
PSO.

These values are more or less the standard ones
usually used for the corresponding solvers. Note that
changing these parameters would also lead different
results. Here we do not address the problem of find-
ing a good (or optimal) parameter setup for a particu-
lar method for the trajectory optimisation problems.

MGA problems

First, the results for the MGA problems (Cassinil
and GTOCI1) are reported in Table 7. None of the
solvers was able to find the reported best solutions.

In case of Cassinil the best results were given by
DE and COOQOP, although they stacked at 5.303 which
is a very strong local optimum point of this particular
problem. In terms of average performance GLOBAL
was the best for this problem.

For the GTOCI problem (note that this is a
maximisation problem) the ASA and GLOBAL per-
formed relatively well compared to the other solvers.
However, as it was expected, COOP reached much
higher objective value both as best and as average.
This result is consistent to the one obtained in [7]
where a quite similar problem was considered and a
cooperative strategy was tested.



Table 7: Results obtained for the MGA problems.
For all the solvers the best and the average (out of
20 independent run) objective values are reported.

Solver Cassinil GTOC1

best average best average
DE 5.3034 8.8036 891,757 342,613
PSO 6.1857 11.7060 582,169 295,468
GA 5.5973 13.1635 871,281 321,119
ASA 5.7806 15.5844 1,173,444 547,372
GLOBAL 5.5243 6.6703 1,035,278 609,649
COOP 5.3034 11.3677 1,365,286 790,252

MGADSM problems

For these more difficult problems the benchmarking
results are reported in Table 8 and 9. Again, none of
the solvers were able to find the best solutions known.
Maybe one can obtain better results allowing more
function evaluations, but it seems that a tendency
can be seen even in this case.

The SAGAS problem seems to be the most chal-
lenging one to the solvers. As best solution among the
tested methods ASA gave the lowest function value
and that was the best algorithm in average. These re-
sults compared to the best solution known (18.1923)
leads to the consequence that all the solvers have diffi-
culties to find an acceptable solution to this problem.

For the DSM version of the Cassini mission DE
gives the best solution, which is significantly bet-
ter then the results of the stand alone other solvers.
However, in terms of average performance ASA and
GLOBAL are better. COOP reached almost as good
best value as DE and in average it is the best solver
for this problem.

Considering the Messenger mission DE gave again
the best result, while ASA and GLOBAL did again
good performance in average. As for the previous
problems, COOP was the best solver in average.

For the Rosetta mission DE was able to find a very
low function value. In this case DE performed quite
well in average, followed by ASA. COOP was again,
in average, this the best among the other solvers.

Table 8: Results obtained for the MGADSM prob-
lems SAGAS and Cassini2. For all the solvers the
best and the average (out of 20 independent run) ob-
jective values are reported.

Solver SAGAS Cassini2

best average best average
DE 712.940 1234.60 14.9567 27.0123
PSO 1131.746 1555.92 27.6783 31.1449
GA 1283.45 1657.38 27.4809 32.4357
ASA 29.621  741.84 19.8575 24.3598
GLOBAL 416.63 1072.57 22.0915 25.2963
COOP 846.219 1033.01 15.7216 22.7855

Table 9: Results obtained for the MGADSM prob-
lems Messenger and Rosetta. For all the solvers the
best and the average (out of 20 independent run) ob-
jective values are reported.

Solver Messenger Rosetta

best average best average
DE 11.5660 20.5040 2.2191 8.5766
PSO 17.8808 19.9091 12.5653 16.3658
GA 18.9884 21.7286 15.6275 18.0396
ASA 14.6387 17.3892 6.3417 12.8708
GLOBAL 17.1259 18.8728 8.2186 11.8180
COOP 13.0425 15.4839 2.9308 8.3039

Conclusions

We introduce six global trajectory optimisation prob-
lems in the hope they may serve as reference prob-
lems to further development of models and solvers.
We give preliminary test results for these problems
obtained with standard global optimisation solvers.
We find that in almost every case the simple appli-
cation of standard global optimisation solvers is not
enough to find good solutions and some more elabo-
rated approach is desirable. The simple scheme pro-
posed in this paper to use collaboratively different



solvers (differential evolution and particle swarm op-
timisation were used in here), improves the average
performance of the stand alone solvers and is well
suited to find good solutions to trajectory optimisa-
tion problems. A similar approach, only distributed
and including more solvers, was used to present a
‘best’ solution for each one of the proposed problems.
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