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Monte Carlo Tree Search for Interplanetary
Trajectory Design

Rita Neves

Abstract—Interplanetary exploration represents a very small
part of the space industry, since it involves many resources and its
purposes are mainly scientific, as opposed to communications or
surveillance. Currently, it is possible to make missions cheaper by
including, on the spacecraft’s course, maneuvers such as gravity
assists (or flybys), that use the gravitational energy of bodies in
space to reduce the acceleration needs.

In this way, trajectory design can be interpreted as a problem
of finding the sequence of flyby bodies and times, from the Earth
to the target planet, that meets our objectives and is limited by
the given constraints. We can define two variants for this problem,
depending on whether the times of flight are discretized or not.
The first case is fully combinatorial, for both the flyby planets
and times are discrete, while the second is hybrid. Nowadays,
software tools for trajectory design have to deal with an extremely
big search space of possibilities, which is why there is the need
for a fast, computationally cheap algorithm to do so.

The Monte Carlo Tree Search balances the exploration and
exploitation of the state space in a way that very good results
can be obtained in a short time and computational cost. We
test this algorithm against two problems with distinct evaluation
functions: minimize the ∆v or maximize the path length. The
baseline solutions are computed from an applied exhaustive
search method, Depth-First search. We establish the most ad-
equate constraints for each case, perform the tuning of the
necessary parameters and experiment with four different Tree
Policies regarding the learning of the method. The problems are
studied both in the combinatorial case, applied to the search tree,
and the hybrid case, combined with two different continuous
optimization tools.

Index Terms—Interplanetary Trajectories, Space Mission Anal-
ysis, Search Algorithms, Monte Carlo Tree Search, Optimization

I. INTRODUCTION

When developing a space mission, one of the first things
to be considered is the trajectory design. The path traversed
from the Earth to the destination has to be carefully computed
in order to fit the constraints: the launch window, the arrival
time, the total fuel consumption and other demands that can
be posed.

Typically, a mission trajectory is made considering a series
of gravity assist maneuvers to several astronomical objects
during the entire trajectory, in order to harness the gravitational
energy of these to accelerate our spacecraft. Thus, to design
a mission trajectory consists on finding the visit order for
these planets and arrival times (described by a string of
the following parameters: {P0, T0, P1, T1, ...}) that obeys the
posed constraints. We propose that our design purposes can
be related to minimizing the total ∆v (proportional to the fuel
consumption) or maximizing the number of celestial bodies
observed for science.

Considering the number of constraints and design parameters
involved, this is a very demanding problem in terms of
computation costs. Thus, the development of a search method
that evaluates all these options efficiently and quickly is of
fundamental importance. For this purpose, we consider the
application of the Monte Carlo Tree Search, which is a fast,
stochastic algorithm that does not rely on any heuristic. It
has been recently developed and tested mainly for two-player
games, such as Go ([1]), so there are still many domains in
which this algorithm can be applied.

We start by presenting our Model in Section II, providing
theoretical background on Orbital Mechanics, describing the
software used for the simulation of the Space environment
and detailing the test cases for the algorithm’s application.
Afterwards, we detail the principles behind the Monte Carlo
Tree Search algorithm and perform the tuning of its parameters,
in Section III. In Sections IV and V, we divide this problem into
a Combinatorial Optimization and a Hybrid one, explaining the
time grids applied and optimization techniques implemented.
In Section VI, we show the solutions resulting from the
implementation of an exhaustive search method. The results
from these methods are shown in Section . Finally, we infer
the conclusions gathered from this work in Section .

The framework for this study was started in [2] by Dario
Izzo and Daniel Hennes in the European Space Agency; the
remaining work developed was done in collaboration with
them.

II. MODEL

Interplanetary trajectory design can only be done using a
reliable framework in which we are able to simulate the true
physics of space travel. This is done using the software PyKEP
([3]), an open source project coded in C++ and exposed to
Python. This software allows us to compute the parameters
involved in a series of celestial maneuvers and, in this way,
simulate mission trajectories in conformity to the laws of space
dynamics.

The design of an orbital transfer involves the determination
of the orbit that goes through two specific points. If we need
a trajectory between planets, these points in space will be the
ephemerides of the two bodies (natural positions occurring at
a given date) and the task of finding the correct orbit knowing
only these position and time vectors is the Lambert’s Problem
([4]). A Lambert leg is a solution to this problem and, to
compute an orbital maneuver between planets, we need the
Lambert leg that connects the ephemerides of these two bodies
at given times. The maneuver’s needed ∆v is computed using
the velocities for the spacecraft at the beginning and end of
the trajectory.
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A direct orbital transfer such as the Hohmann maneuver ([5])
is not the best option for a long mission, since the necessary
∆v may be excessive and the time constraints too restrictive.
Thus, most interplanetary trajectories rely on a series of gravity
assists. Each one consists on a flyby of a body to use its angular
momentum, which decreases the fuel consumption. Therefore,
the spacecraft’s velocity can be changed in whichever way is
needed just by varying the angle and direction of approach
to the planet. The principles behind this maneuver are the
conservation of the kinetic energy and of the linear momentum
of both bodies ([6]).

In this model, it is possible to treat a Lambert leg as an
impulsive transfer, with chemical propulsion, or as a low-thrust
one. It is important to observe that, while utilizing low-thrust
impulses, each spacecraft is limited by a weight threshold,
above which the maneuver cannot be done (m∗) - a Lambert leg
is infeasible if m∗ is smaller than the current spacecraft mass.
The low-thrust model uses NEP (Nuclear Electric Propulsion)
and was developed by Landau ([7]).

A. Test Cases

We have considered three different missions to apply the
Monte Carlo Tree Search to. These are:

• Rosetta Mission: finding the trajectory between Earth
and comet 67P/Churyumov-Gerasimenko that spends the
least ∆v, with a limit of 4000 days, relying purely on
chemical thrust and considering Venus, Earth, Mars and
Jupiter as the flyby planets.

• Cassini Mission: finding the trajectory between Earth
and Saturn that spends the least ∆v, with a limit of 3000
days, relying purely on chemical thrust and the same flyby
planets.

• Asteroid Mission: discover the path that visits the max-
imum number of asteroids (out of 67 possible ones) in
6 years, staying at least 30 days on each, starting on
’Mimosa’ with a spacecraft mass of 2000 kg and using
NEP propulsion (adapted from [8]). The vehicle mass
for a maneuver must always be smaller than a computed
threshold m∗ and, after the movement, the new spacecraft
mass is computed using the Tsiolkovsky formula.

III. MONTE CARLO TREE SEARCH

Monte Carlo Tree Search is a tree search algorithm, but
also a Monte Carlo method, a statistical scheme that relies on
random sampling from a determined problem state, performing
a computation from it and generating results ([9]). In this way,
there is an unknown probability of finding the optimal solution,
but that is not guaranteed: depending on the problem, if enough
samples are taken, eventually the desired outcome will fall into
the pool of visited states. It is an aheuristic and asymmetric
algorithm, although it is possible to include information on it
([1]).

The general framework of the Monte Carlo Tree Search
algorithm is presented on Algorithm 1. The method consists
of four sequential steps that are repeated while a given budget
lasts: Selection, Expansion, Simulation and Update. This budget

can be defined in many ways: for instance, in terms of time
or number of simulations performed.

The algorithm starts with only the root node: the first step,
the Selection, consists of choosing which node should be played
next, until a leaf is reached. This is done using a Tree Policy,
which will be explained in detail in Section III-A. Once this
happens, we go through the Expansion phase to create a new
leaf node, resulting from a random move taken on the previous
node. The moves are the possible children of the current node:
for instance, if we are at a planet node, the moves from there
on are the possible times of flight to that planet.

From this point forward, we enter the Simulation step:
random moves are performed until we reach a terminal state,
meaning we have reached the goal (target planet) or violated
our constraints. At the end of this, a reward is computed to
assess the quality of the reached state. Finally, we Update the
statistics of each node traversed with the computed reward,
while backtracking until we are again at the root.

While budget is not over
Selection

node ← node.Select(TreePolicy)
end
Expansion

node ← node.Expand(RandomMove)
end
Simulation

state ← state.Move(SimulationPolicy)
If Terminal then

break;
end
Backtrack

node.Statistics ← Reward
end

end
Algorithm 1: Monte Carlo Tree Search

We are using the MCTS variant of the Monte Carlo Tree
Search, which builds the entire tree, choosing the best node
only after the budget is depleted, instead of a Flat Monte Carlo
approach, where a greedy choice is made and at each timestep
we get the best node from the current level of the tree we are
developing, forgetting everything that came before ([10]).

Since our search tree is limited by constraints, it was sensible
to implement an extra step to the computation: the Contraction
step, as described in [2]. This consists of removing the entire
tree branch traversed at the end of the simulation (once it
reaches a leaf), while keeping the statistics of the nodes and
storing the best overall path. Thus, the tree search never repeats
previously visited leaf states.

A. Tree Policies

The Tree Policy is a characteristic of the MCTS that defines
the choice of nodes already contained on the tree while
building it, performed on the Selection step. It consists on
the implementation of a confidence bound, used to balance
the exploration versus the exploitation of the search tree so
that the next move to play optimizes the expected total reward
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and minimizes the expected regret - this is defined as the
Multi-Armed Bandit Problem ([11]).

The Tree Policies considered for this study are: the Random
Policy, the UCB-1 Policy, the UCB-Tuned Policy and the
ε-Greedy Policy, described as follows:

• Random: The nodes are selected at random from the
parent, not depending on any reward estimate.

• UCB-1 The child chosen in this case is the one that
maximizes the value µj + CP

√
2 lnn
Nj

, in which µj and
Nj are respectively the average reward and the number
of times the child was visited, and n is the number of
selections that lead to the current node. The first term
vouches for the exploitation of the previously visited
choices with the highest reward values, and the second
encourages the exploration of undiscovered nodes.

• UCB-Tuned Tuning of the bound on UCB-1 accounting
for the variance. The equation that defines this upper
bound is then µj+CP

√
2 lnn
Nj

min{ 14 , Vj(nj)}, where 1
4 is

an upper bound on the variance of a Bernoulli distribution
and Vj is an upper bound on the the variance of the
machine j.

• ε-Greedy We consider an approximation of the formula
in [11]: the arm chosen maximizes the value of µj + εn

Nj

([12]). This calculation determines that the probability to
play the node with the biggest reward value is equal to
1− εn; following the same logic, a random node will be
selected with probability εn. This is an adaptive solution,
since the probabilities change with each updating of the
node’s rewards.

B. Rewards

A policy depends on a reward estimate for each node, which
is calculated from the results of simulations run from the node
onwards. The reward value is bounded and scaled down in
order to fit the interval [0 1], as indicated for this type of
problem in [13].

The computation of the reward for the Rosetta and Cassini
missions is given by the following equation, taken from [2]:

Xj = max
(

0,
∆vmax −∆vtot

∆vmax

)
, Xj ∈ [0, 1] (1)

in which Xj is the reward of node j, ∆vmax is the maximum
velocity imposed to the algorithm and ∆vtot is the total ∆v of
the analyzed path. We can see that the reward Xj can either
be 0 if ∆vtot is surpassed, or increasingly higher the smaller
the final ∆v is when reaching the goal.

For the Asteroid problem, a simple linear regression is
adequate, according to the following equation:

Xj =
1

66
Nvisited −

1

66
, Xj ∈ [0, 1], Nvisited ∈ [1, 67] (2)

in which Nvisited is the number of asteroids in one path.
The reward value for each node is considered an average

value; each time a node is updated, Xj is averaged with the
number of times the node was visited ([11]). Even so, since we
are working with a single-player game, this value is considered

not to be the average, but the maximum out of all the rewards
obtained by the simulations performed so far, so that Xj gives
a guaranteed lower bound on the true node’s value ([2], [12]).
Accordingly, this is the approach used on this project.

C. Parameter Tuning

The variations of the MCTS algorithm that can be imple-
mented, specifically the UCB-1 and the ε-Greedy policies, rely
on the definition of parameters CP and ε. Other variables
have to be established with proper reasoning in how to do so,
especially the ones related to the pruning of the search tree.

There is a total of five parameters to be defined: CP , ε,
maximum ∆v, maximum mission duration and maximum
number of swing-bys for a specific trajectory. The concept
of maximum number of swing-bys only makes sense for the
Cassini and Rosetta problems, but this limit is not imposed
since there is no reason to constrain the spacecraft in this way
from an engineering standpoint. The concept of maximum ∆v
is also not applicable to the Asteroid problem, because this
value will not affect its reward in any way.

1) Maximum ∆v: The upper ∆v limit for a given trajectory
balances the pruning of the tree with the knowledge stored on
the nodes on each simulation: after we reach a solution in the
end of a simulation, the resulting ∆v of the path is used to
update the statistics of the other nodes. A very high ∆v limit
may make the algorithm run for an infeasible amount of time,
but a low one can make it too greedy. If the majority of nodes
get a zero reward by surpassing the ∆v threshold, there will
not be enough valuable information to provide the tree on the
Selection step.

We want for the ∆v threshold to allow for at least 10%
of the total visited nodes to contribute to the learning of the
algorithm. The method to get this threshold is simply to run
the algorithm on a significant budget and perform an histogram
of ∆v yielded at the end of each simulation. The results can
be seen in Figure 1, where the red section on the histogram
indicates the lowest 10% values of the final ∆v of the solutions.
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(b) Cassini Problem

Figure 1: Study of the ∆v after each Simulation on a run of
MCTSFor the Rosetta mission, it is possible to determine that
these fall just under the threshold of the 20 km/s mark; for
the Cassini one, this happens on the 23 km/s value, which is
consistent with the fact that its baseline solution has a greater
∆v than the Rosetta one. In this way, these are the values fixed
as ∆v thresholds.

2) ε and CP : There are already some pre-defined and
studied values for the parameter CP : in particular, 1/

√
2 is

often utilized ([11]). However, since we are dealing with a very
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different model and, most importantly, a single-player case, it
would be best to determine the required parameters based on
the algorithm’s performance.

In order to find the most adequate parameters, we have
utilized different values of ε and CP , inside the interval [10−3

101], on 4000 runs of the algorithm. In the end, we obtain a
list of the ∆v found for each parameter - the goal is to choose
ε and CP values that appear to yield the best results. It is
important to denote that, this being a stochastic algorithm, two
runs with the same budget and the same parameter value may
yield different final ∆v, which is why the number of runs is
significant for the study.

This information has to be treated so that we can uncover
the best parameter interval. The method we created involves
dividing the space into bins with 80 points each. The average
∆v of every bin was computed and is represented in blue.
Afterwards, a threshold of 150 m/s, which we deemed
adequate, was applied to get the points that fall under this
amount, colored in red, which consist on the interval of possible
values for the parameter being tuned.

(a) ε (b) CP

Figure 2: Parameter Tuning for the Rosetta Problem

(a) ε (b) CP

Figure 3: Parameter Tuning for the Cassini Problem

The runs of the algorithm, for these four cases, were made
with a budget of 50K simulations, considering fixed initial dates
and thresholds for ∆v of respectively 20 and 23 km/s. The
interval of feasible values was determined so that we could fit a
greater variety of constraints to the problem; the parameter can
be any number in this range. In this way, we have determined
the parameters to use as ε = 0.008 and CP = 2.15.

Being a different problem altogether, the Asteroid mission
required parameter tuning performed with the same method,
as shown in Figure 4b:

(a) ε (b) CP

Figure 4: Parameter Tuning for the Asteroid Problem

The values chosen for CP and ε are of respectively 0.04 and
0.0001, which correspond roughly to the peaks in the figures.

IV. COMBINATORIAL OPTIMIZATION

A. Time Discretization

Considering the interval of each time of flight to be
continuous, a discretization is a useful approach in order to
convert the problem to a combinatorial one. After establishing
an appropriate grid resolution, the entire problem becomes
combinatorial and discrete.

The grid must then sample all of the possible intervals in
the same way, allowing for the same branching factor. This
is done by a discretization method that takes into account the
ephemerides and distances between the planets, as described
in [2]. This discretization is represented by Equation:

G = {t0 +
jlτi
360◦

, j ∈ N} (3)

in which τi is the orbital period, j is the point resulting from the
piecewise decomposition and l is the grid resolution parameter.
Here, l = 11.25◦ is the smallest grid resolution considered,
following the results of [2].

Since there are many asteroids in the search space whose
distances in between are not known but that are reasonably in
the same orbit, the time discretization is not made specifically
for each pair of them as in the previous test cases: it is the
same for all. Even so, different variations of the grid were
implemented, as follows:

• Linear Grid: from 60 to 330 days, evenly spaced in
intervals of 30 days.

• Logarithmic Grid: also from 60 to 330 days, with a
greater concentration of days in the middle point of these
extremes.

• Forced Grid: Similar to the linear one, but the algorithm
is always forced to choose the smallest possible time of
flight, so that maximum mission time constraint is reached
as late as possible. In this way, it starts by choosing the
value 60 for a given asteroid; if it is not feasible, goes on
to 90 days, and so on.

V. HYBRID OPTIMIZATION

A different approach to deal with the problem proposed in
this project is not to use a grid but, instead, to consider a hybrid
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optimization, named after its duality in nature: continuous times
of flight, discrete planets for swing-bys. For this, we propose
two different methods: a recent variation of the UCT (MCTS
with UCB-1 as Tree Policy), called HOOT [14], or to apply to
this case an optimization algorithm integrated with the MCTS
and several of its variations. Since not all of these methods
can be applied to every test case, we distinguish between the
used ones for the Rosetta, Cassini and Asteroid Problems.

A. Rosetta and Cassini Problems

1) HOOT: The HOOT algorithm (Hierarchical Optimistic
Optimization applied to Trees) is a fairly recent addition to
the Monte Carlo Tree Search family of algorithms ([14]). It
eliminates the need to discretize the action space by developing
the continuous time states into a binary tree and producing
simulation reward values for these nodes.

The HOOT algorithm has two distinct behaviors depending
on the nature of the node being selected: if it is discrete (planet
node), the regular MCTS is used; when it is continuous, the
HOO algorithm ([15]) is employed for the Selection phase. The
HOO consists in starting with the time window in question,
taking its middle point as a root and expanding a binary tree
from there on, decomposing the continuous space. At each time
step, when queried for an action to take, the algorithm chooses
the child node with the biggest B-value (high probability
confidence upper bound, ([14])) until it reaches a leaf, when
it is subdivided in two different nodes, and this process is
repeated at each time step for action selection. This routine can
be more or less throughout in the exploration of the continuous
space depending on the time we want to spend on the HOO
part in relation to the entire MCTS.

For the interplanetary trajectory design search, the HOOT
cannot be applied in its regular way, since the final solution is
not only a value inside a continuous interval: it is a sequence
of these values, interleaved with the planet choices for each
swing-by. Therefore, the application of the HOO algorithm for
this specific tree is not obvious. The main difference from the
MCTS algorithm is revealed in the Expansion step: if the next
node is to be a planet, then the algorithm expands all possible
planets and chooses randomly between them. However, if the
next node requires a choice of time, the HOO is applied.

The algorithm works integrated in a Monte Carlo Tree Search
framework. In order to figure out the values for each node and
expand the binary tree, random simulations have to be carried
out. After the first binary expansion and reward estimates
update, the selection becomes possible. This cycle continues
until the binary tree reaches a certain depth level, depending
on the budget. In the end, we return the best N nodes to the
MCTS algorithm in the expansion phase. In this way, if during
the MCTS we find the next node to be a planet, S more nodes
are added to the tree (S being the number of possible swing-by
planets) - this is also the number of time nodes to be returned
by the HOO algorithm.

2) MCTS with Initial Guess for Local Minimization: We
have integrated the L-BFGS-B method ([16]) with the MCTS
algorithm in the following manner: first, using the MCTS
with the discrete grid, we get a full sequence of planets

and times of flight from the Earth to the target planet. Then,
the local optimization method is applied, using the times of
the determined sequence as an initial guess of the function’s
minimum ∆v. After this, the reward computed using this ∆v
is backpropagated to the tree, following the regular MCTS
algorithm sequence.

The suspicion is that the discretization used, described in
Section IV-A, is fine enough so that, in between two points
of the same grid, there is no more than one minimum and,
therefore, the optimized solution is always better than the
discrete one.

3) MCTS with Global Minimization: This method consists
on the integration of the Differential Evolution algorithm ([17],
[18]) for optimization of the times of flight for each sequence
with the MCTS method. As opposed to the previous algorithm,
on this case, the search tree consists only of planet nodes;
the times of flight are added posteriorly, by employing the
optimizer.

When developing the tree, once a termination condition is
reached (which means we have arrived to the target body or
surpassed the maximum mission time), the optimization of
the full sequence is made and the nodes are updated with the
determined times of flight and ∆v. With those values of ∆v,
the reward is computed, giving information to the tree about
the quality of the path. In spite of being computed in the same
manner, the rewards on the combinatorial optimization and the
Initial Guess cases influence the algorithm in a greater way than
in this one. This happens because the former implementations
give information both on the quality of time of flight and planet
nodes, while during this one only planet nodes are being used
- the information propagated to the tree is not as complete.

B. Asteroid Problem

This cannot be as easily converted to a continuous opti-
mization question as the previously discussed missions, since
we cannot list the full sequence beforehand. Being that the
only limitations to the problem are mission duration and the
spacecraft mass and knowing that the path length is impossible
to optimize by itself, the design variable that seems the most
adequate for optimization is the spacecraft’s mass, since a
smaller mass will give more maneuverability to the ship and
possibly make future maneuvers faster.

The goal is then to find the time of flight, in between two
planets at a time, that yields a maneuver which leaves the ship
as light as possible and, by doing so, allows us to explore more
trajectories that would otherwise be infeasible in the discrete
case, instead of terminating too soon. Theoretically, the paths
found should only be limited by the mission duration.

VI. BASELINE RESULTS

Since the tree is finite due to the pruning of nodes whose
path reaches a certain ∆v and maximum mission time, it is
possible to implement the method of the depth-first search,
which in this case is optimal and complete, always finding the
best solution and running in a finite amount of time. Even so,
the latter was over 200 hours, which makes the use of this
algorithm inadequate for our purposes. This is done on the
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combinatorial problem, and the resulting values will act as our
baseline solutions for comparison purposes.

For the Rosetta case, with a fixed launch date at 1574.14
MJD2000, the best solution is the sequence [’Earth’, ’Venus’,
’Venus’, ’Earth’, ’Jupiter’, ’Earth’, ’67P’], with a ∆v of 4021.93
m/s. For the Cassini case, with a fixed launch date at -785.86
MJD2000, the best solution is the sequence [’Earth’, ’Venus’,
’Venus’, ’Earth’, ’Jupiter’, ’Saturn’], with a ∆v of 8525.14
m/s.

For the Asteroid case, it was impossible to explore the entire
tree in an acceptable time span, since the size of the problem
is even bigger than the previous one. Therefore, the results for
the exhaustive search are not here presented and the baseline
result used for comparison purposes is the biggest sequence
found on the 7th edition of GTOC - 13 (a solution of 14
asteroids is mentioned in [8], but not described). However, it is
fundamental to denote that this value was found with different
starting asteroid, launching time and bigger pool of celestial
bodies to choose for the path.

VII. RESULTS

We have compared the trajectories generated by the four
different Tree Policies of the MCTS, both with and without
the time grid. In the hybrid problem, we have also tested
a continuous variant of the MCTS, called the HOOT, and
distinct optimization methods, namely the L-BFGS-B and the
Differential Evolution. The results represent twenty runs of
each algorithm on a time budget of one hour; for the Rosetta
and Cassini cases, the ε and CP parameters are equal to 0.008
and 2.15; for the Asteroid one, their values are 0.0001 and
0.04. The green line on each Figure represents the baseline
solution.

A. Combinatorial Problem
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Figure 5: Different Policies for the Rosetta Problem

For the Rosetta and Cassini missions, we can see that the
Random policy, on every test case, is obviously very bad,
since the algorithm does not possess any information about
the nodes that can be learned. The exploration of the search
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Figure 6: Different Policies for the Cassini Problem
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Figure 7: Different Policies for the Asteroid Problem on a
Regular time grid

tree depends only on a random choice, and therefore there is
no exploitation of promising areas of the tree (the reward does
not influence the Selection process). In this way, there is also
a great variability in the results, caused by the exploration of
very distinct parts of the tree - considering the incredibly big
state space, the randomness allows for a very broad exploration
and improbable trapping on local minima states. Moreover,
this policy may arrive to the baseline solution (as it happens
on Figure 6), but there is nothing to be inferred of that. Even
so, the random choice made on the Selection phase is very
cheap in terms of computational time, allowing for a greater
exploration of the tree - it is the least consuming out of all the
policies.

In contrast, the UCB-1 policy is the one that takes the longest
to evaluate the nodes, making it the most computationally
expensive and, in this way, not improving on the results from
the Random policy in this budget type. Besides, the exploration
range is relatively narrow: due to the time constraint, it seems
to get trapped in a local minimum very often, showing the
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exploitative nature of the method.
The UCB-Tuned is very similar to this method in terms of

behavior. It does not take as long to run as the UCB-1 policy,
but its results are not necessarily better: we can see that the
Tuned version outperforms the regular one on the Rosetta case,
but not on the Cassini one. This may happen due to a multitude
of reasons: first of all, on the Rosetta case, the UCB-1 policy
seems to get trapped in a local minimum very often, something
that happens for the Tuned version in Cassini, deteriorating
both performances. It is not clear, however, which one of these
policies is better on this specific domain. In [11], it is observed
that the UCB-Tuned policy generally outperforms the UCB-
1 but it is not possible to prove a regret bound (difference
between the optimal reward and the one obtained by the Tree
policy). Even so, both results are clearly outperformed by the
ε-Greedy policy.

In terms of computational cost, the ε-Greedy policy is the
lightest after the Random one. It is the one that yields the
best trade-off between optimal results and computational time,
when finely tuned. It is also important to denote that it finds the
best solution for both problems many times within the budget
of one hour, while the exhaustive search took approximately
200 times longer - the median of the plots for this policy is the
optimal solution, on both the Rosetta and the Cassini problems
(Figures 5 and 6).

Regarding the results from the Asteroid problem, depicted
in Figure 7, we see that the ε-Greedy policy proves again to
be better than the others. A close second is the UCB-1 policy,
which arrives to solutions whose length is equal to the best ones
found by the previous policy. Clearly, the reward computation
proves to be very important in this case, since the Random
policy yields the worst results. The path lengths found so far
range from 4 to 10, still far away from our goal of 14. In this
way, we have also decided to compare the time discretizations,
described in Section IV-A, in Figure 8.
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Figure 8: Different Time Discretizations for the Asteroid
Problem, using the ε-Greedy Policy

We can see that the range of path lengths is very small,
making the results vary significantly with the addition of only
one asteroid. Moreover, we see that the Logarithmic time grid

clear separates itself from the others, achieving at best, with the
same Tree policy, paths composed of 12 asteroids. This comes
from the fact that the time intervals are not equally spaced
but, instead, are more concentrated on a range for which more
maneuvers are allowed.

The results for the Forced and Regular grids are similar, the
former being lightly better than the latter. Although the idea
behind the Forced discretization is promising, the code ends up
testing too many times of flight values, which takes time from
an efficient exploration of the possible asteroids. Furthermore,
the times of flight in the solutions are at the higher range of
the allowed interval, especially in the beginning of the trip,
when the spacecraft is at its heaviest and cannot travel fast
within the mass constraints - the algorithm spends too long
testing infeasible values to fully explore the possibilities.

It is important to denote that all these solutions have
terminated in the path length observed due to time constraints,
and not because the spacecraft’s mass exceeds the maximum
allowed. In this way, the time discretization proves to be
a determinant factor on the final path length. An efficient
utilization of departing and arrival periods may allow time for
the visit of more asteroids, making the consideration of times
of flight as continuous to be a possible benefit to this problem.

B. Hybrid Problem

The results for these method utilize only the ε-Greedy policy,
which was the one that proved to perform best; the HOOT
algorithm, however, utilizes UCB-1 by definition.

1) HOOT: For these experiments, we have found that a
budget of 250 simulations for the HOO to be an adequate
choice, which proved to be a good trade-off between the MCTS
simulations and the level of expansion of the binary tree.
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Figure 9: HOOT for the Rosetta Problem

It is observable that the median of these solutions is close
to the 9 km/s mark, almost twice as much as the best
combinatorial one. The worst ∆v, in this case, reach values
of the order of 18 km/s, something unthinkable of for a
space mission. The solution sequences are very different to the
discrete ones, since there is no time grid applied.
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Considering the expansion of the binary tree, the algorithm
takes much longer to run for the same budget in simulations.
Therefore, the space searched will be a lot smaller, making it
very difficult for this method to arrive to high quality solutions.
Thus, this algorithm is not a good option for a limited time
budget implementation of the Hybrid Optimization problem.

2) MCTS with Initial Guess for Local Minimization: The
results for the Rosetta and Cassini problems are shown on
Figure 10.
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Figure 10: Results using an ε-Greedy Policy for the Optimiza-
tion with an Initial Guess

We can see that only the solutions for the Cassini problem
are better on this case than on the combinatorial one, using
the same budget. They are much less dispersed in terms of ∆v
and yield impressively better results, the best saving around
2.5km/s - which indicates us that the discretization may not
be adequate for the Cassini problem, missing several goo
solutions. However, on the Rosetta case, some of the ∆v
are smaller than the combinatorial solution, but overall this
method does not perform very well, since the optimization
part of the algorithm weights on the performance, consuming
computational resources. Accordingly, this option is not viable
when considering this limited a budget.

This method was studied with a Python profiler to observe
the running times of every function and routine and infer the
ones that spend the most of the total computational budget.
The profiler’s report indicates that the function taking the
longest to run is the minimization one (with the method L-
BFGS-B), spending 98.996% of the total time to run. This
is consumed in two different ways: the function to minimize,
which receives the trajectory and various tentative time of flight
sequences, computing the ∆v for each of them by doing several
heavy calculations (ephemeris of each planets at the given
times, Lambert propagations, etc.); and also the optimization
function on itself, employing the Limited Memory Bounded
BFGS algorithm and several other subroutines. The function
to minimize takes 65.130% of the total time, leaving 33.866%
purely for this Scipy method.

On the other hand, on the combinatorial case, the code
was optimized in performance for all the ephemeris to be
pre-computed and, for each sequence, only one ∆v had to be
calculated; in the hybrid problem, several ∆v are computed
for the same sequence in order to find the minimum. In this
way, it is easy to infer that the quality in results gained by
the throughout exploration of the continuous time states is

impaired by the limited amount of time left to the exploration
of other promising planetary sequences.

3) MCTS with Global Minimization: The results for the
Rosetta and Cassini problems are depicted on Figure 11.
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(a) Rosetta Problem with Population
size of 15
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size of 15

Figure 11: Results using an ε-Greedy Policy for the Optimiza-
tion with Differential Evolution

As we can see, the Cassini problem proves again to be the
one with the most potential for this type of application, whose
solutions are the most impaired by the time discretization.
Even so, the final ∆v values obtained by this method are much
worse than the ones found via the Initial Guess one, as it also
happens for the Rosetta mission case.

The application of the method does not live up to the
suppositions; since the amount of time for a run is limited,
the algorithm does not have time to expand the tree to greater
sequence lengths. In this way, we have decided to also evaluate
this method in regards to its time performance. After profiling
the algorithm, we found that the minimization part totaled
99.982% of the entire time duration. Of this, 90.358% was
spent in computations inside the function to be minimized
– the differential evolution routine took less than 10% of
it. This is easily explained by the fact that the differential
evolution method is a very simple one, much more so than
the Limited-Memory Bounded BFGS – thus, it does not spend
much computational cost. However, since there is no initial
guess for this method, the time intervals for the times of flight
have to be explored in a much more throughout manner, which
demands more ephemeris and ∆v computations and, finally, a
bigger cost in terms of the function to minimize. Being so, this
algorithm explores even less of the tree than the Initial Guess
one and leaves out many promising flyby sequences, although
explores the few that obtains in a more extensive manner than
that method.

In this way, we can infer that the Initial Guess method
is better than the Global Minimization one; with the same
constrains in budget, it can deliver better results, due to the
fact that the optimizer takes less time to run - it has an initial
guess of the result, and only searches in a limited space around
it. The Global Minimization method, although possessing the
potential to dig into solutions that might have been overlooked
by the discretization, such as the baseline solution, loses in
terms of the optimization function.

For these test cases, it is then considered that the imple-
mentation of an efficient time grid is the best way to get fast,
reliable results. However, if not constrained in terms of budget,
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both hybrid optimization methods can deliver the results with
the smallest fuel consumption. In order to further argue for this
allegation, we have computed the final ∆v solutions of both
optimization methods that correspond to the best sequences of
the discrete search tree, whose results are presented next.

4) Best Tree Sequences: We have decided to implement
the optimizer only on the solution given after the budget is
depleted, instead of doing so at the end of every simulation.
In this way, the implemented algorithm is the MCTS with the
applied time grid but, almost at the end of the one hour time
budget, the optimization is performed on the resulting path.

The two optimization methods previously described are here
compared (L-BFGS-B and Differential Evolution) and the
results are depicted on Figure 12. These show the solution
from ten runs of the combinatorial case and the corresponding
results in both optimization methods.
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Figure 12: Optimization of the Final ∆v of the Combinatorial
Solution

As previously assumed, the solutions found by the hybrid
optimization techniques are always better than the original com-
binatorial one. With these results, it is difficult to infer what the
best method is. The Differential Evolution algorithm, although
taking longer (something we measured computationally), also
searches the state space more thoroughly. This is evident on
the Cassini case: the L-BFGS-B with the discretized times as
an initial guess finds a solution close to the best combinatorial
one, but the global optimization delivers much better ∆v using
points far from the considered hypothesis. This indicates us
that, as previously concluded, the time discretization does not
seem to benefit the Cassini case, since we can infer there are
much better solutions in between the points of the time grid.

This is not, however, the case of Rosetta: the discretization
seems to be fine enough so that the local optimization finds a
better solution, but not by a significant amount of ∆v; the same
happens for the Differential Evolution algorithm. The latter also
performs, most of the times, worse than the L-BFGS-B, since
the initial population is sampled from a very big state space,
therefore risking missing the global optimum. Furthermore, the
solutions found by the L-BFGS-B are more consistent than
the other, since the Differential Evolution does not always
provide the same ∆v due to the random sampling of the initial
population.

5) Asteroid Problem: All the Tree Policies were tried in
this case, to assert the possibility of changes in behavior
from the discrete problem. The results are depicted in the
form of boxplots in Figure 13. As initially proposed, all of

these solutions were confirmed, by our model, to be physically
correct.
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Figure 13: Hybrid Optimization for the Asteroid Problem

We can see that we have managed to get slightly better
results than on the combinatorial problem, due to a better time
management, since all of the sequences are constrained by time:
not one more asteroid can be added or the mission duration
would be exceeded. There are not many differences in terms
of Policy Comparison, but the ε-Greedy Policy excels again
on this case, managing sequences of up to 13 asteroids and
maintaining the highest median out of all Tree policies. The
others compare to the ε-Greedy one in almost the same way
as in the combinatorial problem: the UCB-1 is the second best,
the Random and the UCB-Tuned perform similarly. We can
infer that the parameters remain adequate for this problem and
the test case benefits from the continuous time intervals; even
so, since the minimization of the spacecraft’s mass does not
immediately translate to a maximization of the sequence, there
is the possibility, left for consideration, to find a more adequate
evaluation function for this problem.

VIII. CONCLUSIONS

We have concluded that the MCTS is a very fast and
computationally inexpensive algorithm, using only a small
fraction of the time an exhaustive search method takes to find
a global optimum. However, it is sensitive to the tuning of
its parameters, performing much poorly when the learning is
not done in the best way possible. In the end, a finely tuned
ε-Greedy Policy performs better than all the other policies,
while also being the fastest policy that involves learning out
of all considered ones, for both types of problems.

Considering the Rosetta and Cassini cases, the results
obtained from both the discrete and the hybrid problem can be
interpreted in different ways, depending on the time we want
to spend on the trajectory search. The time discretization made
on the first case provided a finite search tree whose best result
was a fixed node - the MCTS algorithm with the ε-Greedy
Policy found this value most of the time, given the constrained
time budget, and is very good performance-wise.
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On the other hand, the hybrid problem, dealing with the
optimization of a continuous interval, has the potential of
finding better solutions on the state space. However, the amount
of time spent by the optimizer in the entire run takes more than
98% of the designated budget. While using the Differential
Evolution method, this is even more noticeable than when using
the L-BFGS-B algorithm, since the search space of the former
is bigger than the latter, which can rely on an initial guess for
the minimum. Yet, without a reliable assumption for this value,
the L-BFGS-B algorithm performs very poorly, getting easily
trapped in local minima. The Differential Evolution method,
while slower, provides for a better coverage of the state space
and quality of minima, although needing a more throughout
definition of function parameters that may make the algorithm
even slower. The L-BFGS-B technique is preferable when the
initial hypothesis comes from a well discretized problem, as it
happens on the Rosetta case.

Ultimately, a compromise method is to utilize the optimizer
on the best discrete solution, only at the end of the run. It may
not be the best hybrid solution of the state space, but it will
always be better than the one found by the combinatorial tree.
This, nevertheless, cannot be done on the Asteroid case, since
can be no improvement on the top of a solution due to the
constraints on the search tree.

In the Asteroid problem, we have determined that a heavier
spacecraft is less maneuverable than a lighter one, and therefore
it takes longer for a given trajectory to be performed in feasible
terms. As such, the times of flight will start out as bigger than
in the end of the sequence, when the spacecraft has spent part
of its fuel mass - in this way, the time discretization is crucial
to visit as many asteroids as possible in the full six years.

In the combinatorial case, we have concluded that a Log-
arithmic time distribution, with the greater concentration of
points in the middle of out interval of feasibility, to be the
best, eliminating too fast and too slow time values. Yet, the
implementation of the Differential Evolution function in the
scope of this problem proves serve this purpose better, using
again the ε-Greedy policy.

The optimization of the spacecraft’s mass in order to get
the greatest possible sequence lengths in the Asteroid problem
was the solution presented in this project; nevertheless, these
two goals are not equivalent and, as such, we suggest that
an specially adapted algorithm for the sequence maximization
that includes the trajectory’s length as the variable to optimize
would yield better results. Also, increasing of the pool of bodies
to visit would be a good way to test the Monte Carlo Tree
Search’s effectiveness and speed against problems with a very
large scope.

We have deemed the Monte Carlo Tree Search algorithm to
be an efficient alternative for trajectory design, yielding very
good results in a very short time period, when using a finely
tuned Tree Policy - the tuning method is of utmost importance.
A time discretization is of benefit to this problem, but it
has to be adequate for its dimension. Moreover, engineering
constraints need to be carefully thought of, since they change
the problem dramatically. Furthermore, applying an optimizer
at the end of the budget on the discrete problem is a better
option than optimizing each solution. In conclusion, the most

important consideration to be taken is that the real mission
trajectories were found for both cases, besides the ∆v-EGA
maneuver on the Rosetta mission path which is not included
in the model.

In the study of the Monte Carlo Tree Search, several variants
are still left to explore relative to this domain. Single-player
Monte Carlo Tree Search is fairly unexplored, and other
learning mechanisms could be worth implementing, such as
other Tree and Selection Policies. Also, the HOOT algorithm,
while performing very poorly, could use an exhaustive tuning
of its several parameters (δ and the budget of HOO). Finally,
taking into account the importance of the time discretization,
the development of different grids in the scope of planetary
flight might be worth considering.

In regards to the model utilized to simulate the Space
mechanics and maneuvers, we propose some extensions to be
made, concerning the addition of low energy transfers, multiple
revolution gravity assists and ∆v leveraging maneuvers, such
as the ∆v-EGA included in the Rosetta mission path. These
additions will make the model more accurate in depicting the
possibilities presented by orbital mechanics in regards to each
mission design.
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