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We use neural reinforcement learning to control a spacecraft around a small celestial body whose gravity
field is unknown. The small body is assumed to be a triaxial ellipsoid and its density and dimensions are
left unknown within large bounds. We experiment with different proprioceptive capabilities of the spacecraft
emphasising lightweight neuromorphic systems for optic flow detection. We find that even in such a highly
uncertain environment and using limited perception capabilities, our approach is able to deliver a control
strategy able to hover above the asteroid surface with small residual drift.

I. Introduction

The gravity field surrounding small bodies in our solar system is rather weak. The gravitational acceleration in low
Earth orbit is around 9 ms-2, in contrast, a small body like Rosetta’s comet 67P/Churyumov-Gerasimenko produces a
gravitational attraction which is six orders of magnitude smaller. Other effects often considered perturbative, like solar
radiation pressure, thus become much more significant in the surrounding of these small bodies. Additionally, the
highly irregular shapes of small bodies result in gravity fields which can hardly be related to the simple spherical case.
Thus, from the orbital mechanics point of view, small bodies are among the most interesting and extreme environments
currently found in our solar system. Investigations on the stability limits of orbits in the vicinity of small bodies1, 2

show how uncontrolled trajectories can be “unstable” and the spacecraft easily impacts or escapes the small body
also within short time spans. A related but different problem to that of orbiting small bodies is that of hovering,3

which is an option in weak gravitational fields of slowly rotating bodies as current low thrust propulsion systems
allow there for quite some maneuverability. In a hovering pahse the spacecraft either keeps its position fixed with
respect to the small body’s surface (body-fixed hovering) or keeps it fixed with respect to an inertial fixed reference
frame (inertial-frame hovering). A nearly continuous thrusting effort is needed to enact such a strategy. Hovering,
as a strategy to gain control over a spacecraft’s trajectory, has several applications. Body-fixed hovering can be the
starting point for a landing sequence, or can allow the acquisition of high resolution imagery and measurements of
a particular area on the body’s surface. Applications for inertial-frame hovering, in which the small body rotates
below the spacecraft, include the mapping of a small body’s surface, the use as a holding orbit from which to stage
further maneuver or some asteroid deflection concepts. Applying traditional control methods for close proximity
maneuvering near small celestial bodies requires accurate knowledge of the small body’s gravitational environment,
shape and rotational state. To obtain this knowledge, the spacecraft has to fly multiple controlled trajectories around the
celestial body. These controlled trajectories are costly in both, time and use of propellant.4, 5 A study by Broschart5 on
the Hayabusa mission’s target asteroid Itokawa investigated the feasibility of body-fixed and inertial-frame hovering,
when the dynamics of the small body are known. The study concludes that, given the mission parameters, both
body-fixed and inertial-frame hovering is indeed possible. However, a controller able to achieve hovering in a small
body’s vicinity without knowing the environmental dynamics has the potential to save considerable time and resources.
From the perspective of machine learning, the task of learning to hover in a stochastic environment can be cast as a
reinforcement learning (RL) problem. Reinforcement learning is deeply rooted in psychological and neuroscientific
perspectives on animal behavior. Software agents are exposed to an environment and try to learn good behavior, i.e.,
to take actions which optimize some notion of cumulative reward. Initially, the agent may not know anything about
its best behavior but iteratively interacts with the environment and observes feedback, i.e., rewards from it. In order to
∗Intern, Advanced Concepts Team, ESA
†Scientific Coordinator, Advanced Concepts Team, ESA
‡Research Fellow, Advanced Concepts Team, ESA.

1 of 17

American Institute of Aeronautics and Astronautics Paper 16-277



Figure 1: Acquisition of relative position offset to
landmark on small body surface. Figure 2: Simulated EMD response from an asteroid

scenario, while the spacecraft is performing a spiral
descent. Image taken from Izzo et al.8

maximize the cumulative reward, the agent adapts its behavior accordingly. According to Sutton et al.,6 the principles
of interaction, observation and optimization of a cumulative reward are the most important distinguishing features of
RL.

In this work, we take the RL approach to design a controller around an unknown small body and we show how the
hovering task can be solved efficiently under rather large uncertainties. We start from and extend the results reported
in the work by Gaudet et al.7 achieving higher precision in the positional control, considering a more generic gravity
model (tri-axial ellipsoid) and, in addition, studying the possibility to use only neuromorphic sensors measuring optic
flow observables to hover over an unknown small-body.

II. Sensory Systems

The next two sections describe the origin of the sensory inputs (i.e., the MDP state spaces) used in our experimental
setup. First, the relative localization sensor system is explained. Second, the ventral optic flow and time-to-contact
sensor system is explained.

A. Relative Offset and Velocity to Landmark

A possible sensory system which is able to report relative position offsets to a target landmark on the small body’s
surface is based on a method borrowed from proportional navigation guidance used for guided missile homing.9 The
system consists of an optical seeker which tracks a landmark on the small body’s surface, and a laser range finder
which is pointed in the same direction as the optical seeker. A gyroscope on board the spacecraft is used to establish
a body fixed reference frame Fb =

[
b̂x, b̂y, b̂z

]
. This system is able to express the position of a tracked landmark in

Fb. It measures the angles θ and φ of the seeker’s orientation with respect to the spacecraft’s attitude, and obtains the
distance r to the landmark from the laser range finder. Thus, the landmark’s position in Fb can be described as

p = Fb ·

r cos θ sinφ

r sin θ sinφ

r cosφ

 .

If the system stores the first obtained position right after selecting the landmark, it is able to output relative position
offsets further on. Instead of expressing the landmark’s position in a spacecraft centered reference frame, one can
also express the spacecraft’s position in a landmark centered reference frame. The later is more intuitive. Once the
spacecraft’s relative position is obtained, its velocity can be estimated using e.g., a Kalman filter.10 Note that in the
previous work by Gaudet et al.7 this type of relative positioning system is assumed.
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Figure 3: Gravity potential of a tri-axial body with a = 300, b = 200 and c = 100 [m] and a density ρ = 2.8 [g/cm3]
in separated 2D planes.

B. Elementary Motion Detectors

The benefits of neuromorphic electronics which mimic neurobiological circuits with the aim of replicating the circuits’
functionality, are well known.11 These electronics are realized on very-large-scale integrated (VLSI) systems using
either purely analog, digital, or a mixture of both circuits. Their major features include fault- and noise-tolerance,
energy efficiency, and fast processing of data with minimal mass and volume requirements. As a consequence, neu-
romorphic electronics find applications where these features are key requirements. For example a prosthesis which
mimics the cochlea in the human ear. Another example of a neurobiological circuit that has been mimicked is the
visual autopilot of insects. Research dates back into the 1960s focusing on the development of similar control systems
based on elementary motion detectors (EMDs). EMDs are neuromorphic electronics which are able to detect motion
from visual contrast and are implemented for more then ten years, e.g., on VLSI chips.12 They have been used for
example to implement visual autopilots for unmanned aerial vehicles.13–15

Another application of EMD based navigation is planetary exploration16 and landing for which the first studies17, 18

were coordinated by the Advanced Concepts Team of the European Space Agency. The usefulness of EMD systems in
a closed loop control architecture to perform planetary landing was investigated. These studies make use of a software
called PANGU19 with which realistic surface images of landing scenarios can be produced. These images were fed
into the EMD sensor system to extract motion information in terms of ventral optic flow $ and time-to-contact τ .
Geometrically, these measures can be defined as

$ =
v‖

h
τ = − h

v⊥

where v‖ is the spacecraft’s velocity parallel to the surface and v⊥ is its velocity perpendicular to the surface. The
first proposal to introduce the usage of ventral optic flow and time-to-contact to planetary landing is rather recent.20

Figure 2 shows the simulated output χ of an analog EMD circuit which is mounted on a spacecraft above an asteroid
and pointed at nadir. The output is in volts and its magnitude is related to the ventral optic flow by a known curve
characteristic of the EMD circuit itself. The time series of the EMD system output can be explained by the descending
motion of the spacecraft and the asteroid’s constant rotation speed. The closer the spacecraft is at the ground, the
higher the EMD sensor response is. Thus, descending towards the surface causes the EMD sensor to measure increas-
ingly higher ventral optic flow, which explains the increasing tendency of the EMD system output. The asteroid’s
irregular shape rotates uniformly below the spacecraft, which causes the height to vary periodically. This is visible in
the EMD system output as a periodic volt pattern.

III. Dynamics

The small body is modeled as a tumbling tri-axial ellipsoid with uniform density ρ. The ellipsoid axes have length
a, b and c. Its principal moments of inertia are defined, without loss of generality, as Ix < Iy < Iz . The reference
frame FS , i.e. the small body’s body axes, has its x, y, and z axes aligned to the principal axes a, b and c and its origin
at the small body’s center of mass. Since the small body is assumed to be tumbling with an angular velocity ω (t), FS
is not an inertial reference frame.

Under these assumptions, the equations of motion of a spacecraft subject to the small body gravitational pull and
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to solar radiation pressure are written, in the FS frame, as:

r̈ = −2ω × ṙ− ω̇ × r− ω × (ω × r) + ag + aSRP + T
m

ṁ = − T
Ispg0

(1)

where 2ω× ṙ is the Coriolis acceleration, ω̇× r is the Euler acceleration, ω× (ω × r) is the centrifugal acceleration,
ag is the gravitational acceleration due to the tri-axial ellipsoid, aSRP is the acceleration caused by solar radiation
pressure and unknown random perturbations, T is the commanded thrust, Isp the propulsion system specific impulse
and g0 = 9.80655 [m/s2]. Note that in the above equations, the angular velocity ω (t) is, in general, an explicit
function of time. Fortunately, under the assumption of rigid body motion, such a function can be elegantly expressed
in terms of the Jacobian elliptic functions cn, sn and dn:21

ωx (t) =

√
2EIz −M2

Ix (Iz − Ix)
cnτ

ωy (t) =

√
2EIz −M2

Iy (Iz − Iy)
snτ

ωz (t) =

√
M2 − 2EIx
Iz (Iz − Ix)

dnτ

where,

τ = t

√
(Iz − Iy) (M2 − 2EIx)

IxIyIz

and E is the energy of the system, which is conserved, and has the expressions,

Ixω
2
x + Iyω

2
y + Izω

2
z = 2E

M is the magnitude of the system angular momentum which is also conserved and canis expressed by,

I2xω
2
x + I2yω

2
y + I2zω

2
z = M2

The elliptic modulus of the Jacobian elliptic functions is,

k2 =
(Iy − Ix)

(
2EIz −M2

)
(Iz − Iy) (M2 − 2EIx)

.

In all the above formulas, for simplicity, ωy (0) = 0 is assumed so that only two remaining initial conditions can be
specified. It is thus possible also to only specify E and M , which, in turn, define the starting small body’s angular
velocity as ω0 = [ωx(0), 0, ωz(0)]. Note that, while the small body will not necessarily have a periodic motion, the
angular velocity has and its period P is given by,

P = 4K

√
IxIyIz

(Iz − Iy) (M2 − 2EIx)
(2)

where K is a complete elliptic integral of the first kind. After computing ω (t) at time t, the angular acceleration ω̇ (t)
at time t can be computed by substituting ω (t) into Euler’s equations

ω̇x = − (Iz − Iy)ωyωz
Ix

ω̇y = − (Ix − Iz)ωzωx
Iy

ω̇z = − (Iy − Ix)ωxωy
Iz
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The analytic solution allows computing the angular components in constant time without loss of precision. The
alternative is to integrate Euler’s rotation equations, which makes the precision and evaluation time depend on the time
that passed since the start of the simulation.

1. Gravity

The term ag in Eq.(1) is the gravitational acceleration coming from the tri-axial ellipsoid. Since the small body’s
density ρ is uniform, the gravitational parameter µ for the small body can be expressed as,

µ = Gρ
4

3
πabc

where G = 6.6695 × 10−11 [m3 / kg / s2] is the universal gravitational constant. The gravitational potential V of a
solid homogeneous tri-axial ellipsoid inRS can be expressed as:

V (x, y, z) =
3

4
µ

∫ ∞
κ0

(
1− x2

a2 + κ
− y2

b2 + κ
− z2

c2 + κ

)
·

· dκ√
(a2 + κ) (b2 + κ) (c2 + κ)

(3)

where κ0 is the largest root of the confocal ellipsoid C defined as

C (κ) =
x2

a2 + κ
+

y2

b2 + κ
+

z2

c2 + κ
− 1.

The above expressions are attributed to Ivory,22 a detailed derivation is given by Mac Millan,23 Danby24 and Moul-
ton.25 The integrals appearing in Eq.(3), are elliptic integrals. Introducing Legendre’s canonical elliptic integrals of
first kind F and second kind E it is possible to find an explicit expression for V and its derivatives (e.g. the gravita-
tional acceleration). The complete derivation of these expressions can be found in the work of Cersosismo.26 Here,
though, we develop and use an alternative approach which relates the gravitational potential to the more modern Carl-
son elliptic integrals.
Introduce the following variable transformation κ′ = κ − κ0 in Eq.(3). The expression for the gravitational potential
of a tri-axial ellipsoid becomes,

V (x, y, z) =
3

2
µRF

(
a2 + κ0, b

2 + κ0, c
2 + κ0

)
− 1

2
µx2RD

(
b2 + κ0, c

2 + κ0, a
2 + κ0

)
− 1

2
µy2RD

(
a2 + κ0, c

2 + κ0, b
2 + κ0

)
− 1

2
µz2RD

(
a2 + κ0, b

2 + κ0, c
2 + κ0

)
.

where RF (x, y, z) and RD(x, y, z) are two of the Carlson symmetric forms The explicit cartesian components of the
gravitational acceleration ag in (x, y, z) can than be derived by taking the gradient of V which yields,

ax = ∂V
∂x = −µxRD

(
b2 + κ0, c

2 + κ0, a
2 + κ0

)
ay = ∂V

∂y = −µyRD
(
a2 + κ0, c

2 + κ0, b
2 + κ0

)
az = ∂V

∂z = −µzRD
(
a2 + κ0, b

2 + κ0, c
2 + κ0

)
.

(4)

Note that when computing this gradient, one must consider k0 as a function of x, y, z, thus deriving Eq.(4) is not
as trivial as it seems. The computations can be simplified starting from Eq.(3), performing the derivatives and only
then introducing Carlson symmetric forms.

The newly derived expressions express the gravity in terms of Carlson symmetric forms of elliptic integrals rather
than in terms of Legendre forms of incomplete elliptic integrals. A comparison based on the GSL implementations of
elliptic integrals shows that the new expressions have a substantially comparable computing complexity (speedup of
x1.01609), while being substantially shorter and more elegant.

5 of 17

American Institute of Aeronautics and Astronautics Paper 16-277



Figure 4: Example of a simulated trajectory of an uncontrolled spacecraft around a tumbling tri-axial small body.
The altitude over the surface is shown (left) against the simulation time normalized by the angular velocity period P
together with the actual trajectory (right).

2. Perturbations

The aSRP term in Eq.(1) represents the acceleration caused by solar radiation pressure which we here account for by
adding an unknown random perturbation. The acceleration is assumed to be normally distributed with nonzero mean
µSRP and standard deviation σSRP

aSRP ∼ N (µSRP , σSRP )

Uncertainties are also considered on the propulsion system specific impulse by setting,

Isp = Isp0 + Isp0 · N
(
0, σIsp

)
3. Simulation

When simulating the equations of motion Eqq.(1), we sample the uncertain variables at 1 Hz and thus transform the
equations into an ordinary differential system of equations. An adaptive time step Cash-Karp Runge Kutta integrator
is then used to produce the new spacecraft state after each second. The spacecraft altitude over the small body surface
is also computed along the simulation as that is ultimately the quantity we wish to control. To illustrate the complexity
of the dynamics thus generated we show in Figure 4 an example of simulated trajectory in the case of an uncontrolled
spacecraft. The altitude is also reported. The simulation is stopped when the spacecraft impacts the small-body
surface.

IV. Evolutionary Direct Policy Search

1. Markov Decision Process

The controller optimization can be formulated as a Markov Decision Process (MDP) learning problem. The sensory
output R for the assumed sensor system generates the state space S in the MDP. Its action spaceA is defined as T, the
spacecraft’s thrust in x, y, and z dimension. Note that the thrust vector is defined in the body fixed frame and thus its
actual implementation would require an attitude controller or thrust vectoring system. The transition model is defined
by the equations of motion from Eqq.(1).
The rewards for state-action pairs and thus the utility functions depend on the sensor system setups. The utility func-
tion U (π) is based on the output of the simulator sim (χ, θ). The MDP can be constructed by a single seed χ which
defines the initial conditions of the spacecraft and all properties of the small body. All actual definitions are given in
the next chapter where we discuss the experimental setups.

2. Policy Architecture

We perform direct policy search (DPS) with a genetic algorithm to obtain controller policies with high utility. To
perform DPS we have to decide on a policy architecture for which the genetic algorithm will optimize its parameters.
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Figure 5: General architecture of a feed forward neural network with one hidden layer.

The universal approximation property of Feed Forward Neural Networks (FFNNs), their simple architecture and their
short evaluation time make them a promising choice. The architecture is also able to handle continuous state and
action spaces. The input dimension of the FFNN is then given by the MDP state dimenions plus a bias neuron, the
output dimension of the FFNN is given by the action space, i.e., the thrust vector.

What is left to decide on is the number of hidden layers, the activation functions in the hidden and output layers,
and the number of hidden neurons in each hidden layer. These are the hyperparameters of the model and their choice
is nontrivial. Adding a hidden layer of dimension k after a layer of dimension l adds k× l+k parameters to the model.
Therefore, the aim is to keep the number of hidden layers and hidden nodes small. Several works7, 27, 28 experimenting
with neural networks as policy architecture, use one hidden layer. Since we aim to compare our controllers to the one
from,7 we use one hidden layer as well. Furthermore, the policy from Gaudet et al.7 uses two hidden neurons for
each of the three independent controllers. We therefore use six hidden neurons in the hidden layer. Layers are fully
connected and no human pre or post optimization of the architecture is performed.
The sigmoid function is used in the hidden and output layer, where the sigmoid function in the output layer serves
as a thrust limiter to keep the FFNN’s output in (0, 1) which can then be scaled by the maximum magnitude of the
spacecraft’s thrusters.

3. Generational Particle Swarm Optimizer

For this architecture, the policy’s parameters θ are the weights between the neurons in the FFNN. We encode the policy
parameters in a genom by reshaping the weight matrices in the FFNN into a vector of weights and use it in our genetic
algorithm. We chose a generational particle swarm optimizer as the optimization algorithm. The algorithm is based
on the original PSO.29 It is an evolutionary optimization algorithm for which promising results in evolutionary policy
optimization exist.28, 30–32

The optimization problem’s cost function which defines an individual’s fitness has yet to be defined. The aim is to
evolve policies which have a high utility. Therefore, the fitness of an individual is defined as the utility of the policy
that the individual’s genom encodes. The utility function Uχi

(πθ) uses the output of the simulation sim (χi, θ) to
compute the utility of policy πθ. The output of this function for a given seed χ is deterministic and depends only on
the policy’s behaviour defined by θ.
The spacecraft’s initial conditions and asteroid properties change after every generation according to the distribution
of the environment parameters as described earlier. Thus, the policy evolution is learning conditioned on these distri-
butions. Algorithm 1 shows the pseudocode of the PSO DPS algorithm. After N generations, the individual with the
best fitness is picked from the population. It represents the best policy π̂ which was found during evolution.
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Algorithm 1 Direct policy search with a generational particle swarm optimizer.
1: Initialize a population of particles P = {p0, · · · , pn} with random speed and random positions in the search space
D

2: Initialize a random number generator τ
3: Initialize the champion c← p0
4: Sample the first k random seeds Ξ = {χ1, · · · , χk} from τ
5: for Each particle pi do
6: pi encodes a policy πi
7: Evaluate the fitness f (Ξ, pi) = − 1

k

∑k
j=1 Uχj

(πi)
8: if f (Ξ, pi) < f (Ξ, c) then
9: c← pi

10: for N generations do
11: Sample the next k random seeds Ξ = {χ1, · · · , χk} from τ
12: for Each particle pi do
13: Adapt velocity of the particle
14: Update the position of the particle
15: p′i is the updated particle
16: if f (Ξ, p′i) < f (Ξ, pi) then
17: pi ← p′i
18: if f (Ξ, p′i) < f (Ξ, c) then
19: c← p′i
20: Particle c encodes the best policy after N generations

V. Experimental Setups

1. Markov Decision Process Properties

The MDP is constructed with a single seed, based on which all parameters for the small body and the spacecraft are
sampled. Table 1 gives an exhaustive overview of all configurable parameters and their distributions.
The maximum magnitude of the angular velocity ω depends on the size of the small body. Since most small bodies
are piles of boulder, they would fly apart if the centrifugal force exceeded the gravitational force inside the small body.
Let us assume a spherical model of the small body for a moment. An estimate of the maximum magnitude of ω can
then be defined as follows

ω2r ≤ GM

r2
=
G 4

3πabcρ

r2

ω ≤

√
G 4

3πabcρ

r3
.

By setting r = a, an upper bound on the angular velocity can be set as

ω ≤

√
G 4

3πbcρ

a2
. (5)

Solar radiation pressure and unknown random perturbations are defined by two parameters. Since the total of
these two forces is assumed to be Gaussian, a mean µSRP and a standard deviation σSRP fully define it. These two
parameters are the only environmental parameters which are fixed for all constructions.
The spacecraft is defined by six parameters. The first parameter defines its mass m, which implicitly also defines
its empty mass m

2 (after all propellant has been used). The next three parameters describe the spacecraft’s engine
properties by a specific impulse Isp, its noise σIsp , and the maximum thrust T it can deliver. The spacecraft’s sensor
system is assumed to obtain imperfect information which is modeled by the sensor noise parameter σSN . Fixed
spacecraft parameters for all environments are the engine and sensor system properties.

The spacecraft needs to be positioned around the small body. The positioning is performed using two parameters,
smin and smax. First, a position uniformly at random on the ellipsoid is sampled, which is based on the same principle as

8 of 17

American Institute of Aeronautics and Astronautics Paper 16-277



Parameter Units Distribution

Axis Scale c sc U (100, 8000)

Axis Scale b sb U (1.1, 2)

Axis Scale a sa U (1.1 · sb, 4)

Semi Axis c m sc

Semi Axis b m sb · c
Semi Axis a m sa · c
Density ρ kgm-3 U (1500, 3000)

Angular Velocity in x direction ωx s-1 U
(
ω
2 , ω

)
(Eq.(5))

Angular Velocity in z direction ωz s-1 U
(
ω
2 , ω

)
(Eq.(5))

Time Bias tbias s U (0, 12 · 60 · 60)

Solar Radiation Pressure FSRP N N
(
10−4, 10−5

)
Hovering Position p m Algorithm 2

with smin = 1.1, smax = 4

Spacecraft Mass m kg U (450, 500)

Spacecraft Maximum Thrust T N 21
Spacecraft Specific Impulse Isp s 200
Spacecraft Specific Impulse Variation σIsp 0.05
Spacecraft Sensor Noise σSN 0.05

Table 1: Distributions of the initial conditions. A very rich set of different initial conditions can be generated.

Algorithm 2 Sampling a point outside an ellipsoid with semi-principal axes a, b and c.
function SAMPLEPOSITION(a,b,c,smin, smax)

u← 2π · U (0, 1− ε)
v ← cos−1 (2 · U (0, 1)− 1)
s← U (smin, smax)

p←

s · a · cosu sin v

s · b · sinu sin v

s · c · cos v


return p

uniform point sampling on a sphere. The position is then moved away from the surface using a scaling factor s which
is sampled uniformly from [smin, smax]. With this method, the hovering target position p is obtained. Depending
on the sensory input, the spacecraft is initially either positioned directly at this position or starts with an offset. The
spacecraft’s initial velocity ṙ is distributed uniformly in each dimension as follows

ṙi ∼ U (−0.3, 0.3) ∀i ∈ {1, 2, 3}

Note that a spacecraft with a velocity of ṙ = 0 is not moving with respect to the small body’s surface, as the velocity
is expressed in the body fixed frameRS . Similarly, the hovering target position p ∈ RS is not moving with respect to
the small body’s surface and is therefore fixed during a particular simulation instance. It’s the uncontrolled spacecraft
that drifts away from the hovering position due to the present accelerations in the non-inertial frame.
The integration step size for the simulator’s ODE system is the last parameter which has to be chosen. A small inte-
gration step size is preferred as it implicitly defines the spacecraft’s control frequency. However, small step sizes slow
the simulation which reflects on the evaluation time of a policy’s utility in the DPS algorithm. We made a compromise
and set the control frequency to 1Hz, i.e., the integration step size is 1s.
A sampling was performed to get an estimate of the variety of environments in which the policies are learned. Table
2 shows the result of 106 sampled small body properties and spacecraft initial conditions. The largest semi-principal
axis a ranges from a hundred meters to more than 30 kilometers. The spacecraft’s starting position ranges from just a
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Small Body
Mean Stdev Min Max

Estimated Period P̃ [s] 18315.64 5669.58 6198.40 49205.09
Semi-Principal Axis a [m] 11547.09 7242.81 132.63 31954.20
Semi-Principal Axis b [m] 6274.37 3737.17 111.32 15989.30
Semi-Principal Axis c [m] 4047.61 2281.71 100.00 8000.00
Density ρ [kgm-3] 2250.61 433.11 1500.00 3000.00

Spacecraft
Mean Stdev Min Max

Spacecraft Height [m] 11069.05 10678.43 10.77 89667.90
Spacecraft Velocity [ms-1] 0.29 0.08 0.00 0.52
Spacecraft Mass [kg] 475.00 14.43 450.00 500.00

Table 2: Initial conditions for 106 samples.

few meters above the surface to almost 90 kilometers away.

If the small body had a uniform rotational motion with magnitude ω′, the period would be

2π

ω′
.

However, our small body model has a nonuniform rotational motion and therefore never returns to its original orien-
tation with respect to a fixed inertial frame. Thus, we define a surrogate of the rotation period P̃ for a given initial
angular velocity ω (0) as follows

P̃ =
2π

ω (0)

which we use to set the simulation time in the DPS utility evaluation.

A. Sensory Input Simulation

1. Relative Offset and Velocity to Landmark

With the sensor system described in A, the offset to the initial starting position can be obtained. Given the spacecraft’s
position and velocity r, ṙ, and the target hovering position p defined during the MDP construction, the six dimensional
MDP state produced by the sensor simulator is

s =

(
p− r

ṙ

)
(6)

where each state variable si gets perturbed due to the sensor noise model as follows

si = si + si · N (0, σSN ) (7)

where σSN is defined in Table 1. If successful, a spacecraft which is maneuvered by a controller with this sensory
input is expected to hover without drift, since the accumulating target position offset will be visible in the sensory
input.

2. Ventral Optic Flow and Time-To-Contact

Section B described how one can obtain ventral optic flow and time-to-contact information with an EMD sensor
system. Our system is assumed to be always pointing at nadir. With this assumption, ventral optic flow $⊥ and
divergence $‖ can be geometrically defined using the spacecraft’s velocity ṙ and height h. Since the spacecraft is a
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No. Description Sens. Input Utility Function

DPS1 Previous Work Comparison
(

∆r, ṙ
)

− 1
n−b

∑n
i=b (‖∆ri‖+ ‖ṙi‖) + C

DPS2 Velocity Utility Function
(

∆r, ṙ
)

− 1
n−b

∑n
i=b (‖ṙi‖) + C

DPS3 Velocity Sensory Input
(
ṙ
)

− 1
n−b

∑n
i=b (‖ṙi‖) + C

DPS4 Optic Flow and Divergence
(
$‖, $⊥

)
− 1
n−b

∑n
i=b (‖ṙi‖) + C

Table 3: Experimental DPS setups.

point mass and has no attitude, both sensor readings are expressed as vectors inRS . Let ḣ be the spacecraft’s vertical
velocity by projecting its velocity ṙ onto the height direction h as follows

ḣ =
ṙ · h
hh

h.

Time-to-contact τ as described in Section B is the time until an object crosses an infinite plane defined by the image
plane. Here we define the time-to-contact vector τ as a vector having magnitude equal to τ along the direction of h
and being defined as

τ =
h

ḣ
.

This definition contains a singularity when the spacecraft is not moving along its height direction. Therefore, we use
the divergence vector instead of the time-to-contact vector. It is defined as

$‖ =
ḣ

h

where h will be guaranteed to be nonzero (zero height implies a crash into the surface). Furthermore, we define the
ventral optic flow vector as follows

$⊥ =
ṙ− ḣ

h
.

With these definitions of divergence and ventral optic flow, the MDP state produced by the sensor simulator is

s =

(
$‖
$⊥

)
(8)

where the same state variable perturbation as in Eq.(7) is applied due to the sensor noise model. The spacecraft is
expected to drift because the sensory input contains no information about relative offset to the starting position and the
controller is intuitively not able to recover from its drift.

B. Utility and Reward Functions

The goal is to start with the setup from previous work, and gradually work towards a controller based on only EMD
sensory input. We set up several experiments to evaluate the changes in control performance. The first experiment with
DPS is fairly similar to previous work7 and establishes the performance of our derived methodology. The spacecraft’s
starting position r is assumed to have drifted away from the target hovering position p. To model this drift, a uniform
random offset is added to each dimension of r as follows

ri ∼ U (−3, 3) ∀i ∈ {1, 2, 3} .

The possible starting positions in this experiment are therefore distributed in a cubic shape around p. The controller
is then forced to correct the offset. The starting index b in the utility function is designed to give the controller enough
time to perform this correction maneuver (also referred to as the transient response). For all experiments, b is set to
150 which equals 150 seconds since the integration step in the simulator is 1s.
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For the remaining experiments, the spacecraft starts at its target hovering position, i.e., r = p. Body-fixed hovering
implies the spacecraft to have zero velocity with respect to the surface. Therefore, we perform a second experiment
with a utility function which rewards policies having close to zero velocities independently of their position. The
sensory input, however, is still the same as in the first experiment.

In a next step, the relative offset to the target position information is removed from the sensor system. This sensory
input can be obtained by the same sensor system as in the previous experiment with the difference of not feeding the
controller with relative target position offset information. It might look strange to deny the controller this information
but the experiment is designed to give a baseline for the next experiment which is based solely on the EMD sensor
system. Drift is expected as the controller intuitively is not able to cancel the velocity perfectly. One can think of two
reasons. First, the controller is reactive, thus the commands given for the current sensor input lack behind the actual
velocity. Second, the low control frequency of 1Hz leads to more drift as one command is kept during one second
while a better command resulting in less drift could be issued during this time. The controller is also not able to re-
cover from drift as the sensory input at the next control step contains no information about the spacecraft’s previously
accumulated drift.

The next best information about the spacecraft’s motion after relative position information is intuitively the space-
craft’s actual velocity. Ventral optic flow and divergence contain information about the spacecraft’s motion except that
they depend on the height and the spacecraft is assumed to have no sensor system on board to establish its altitude. By
keeping the ventral optic flow and divergence as close as possible to zero, the controller hopefully hovers similarly to
the velocity based controller. Intuitively, the EMD system controller is not able to perform better than the controller
which knows its relative velocity.

Table 3 gives an overview of all performed experiments where the relative position offset p−r has been abbreviated
by ∆r. Note how all utility functions include a term C. It is defined as

C =

1030, if the spacecraft crashes or runs out of fuel

0, otherwise.
(9)

C. Particle Swarm Optimization

A population of 504 individuals are evolved on an archipelago33 of 24 islands for N = 1000 generations, each
generation containing k = 10 evaluations. This gives a total of 10000 different environments in which policies have
to maximize their utility. The total simulation time for each simulation is set dynamic and is proportional to the small
body’s surrogate rotation time as follows

tsim =
π

ω (0)

where ω (0) is the small body’s initial angular velocity. Note that instead of using a simulation time proportional to this
surrogate, another simulation time could have been set with respect to the small body’s angular velocity periodicity
which is defined in Eq. (2). Experiments showed, however, that such simulation times are much longer and have a
wider range, which would have slowed down the fitness evaluations.

D. Performance Evaluation

Since the first two experiments can be compared to previous work, the same two performance measures are used.
In particular, the Steady State Mean Error (SSME) and Steady Date Delta Error (SSDE) are used to describe the
performance of the DSP policy for the first experiment.
For a trajectory τ = {r1, r2, . . . , rn} produced by a policy, the SSME is the spacecraft’s average offset to the target

hovering position after the transient response is assumed to have died out. It is defined as

SSME (τ) =
1

n− b

n∑
i=b

‖p− ri‖+ C

where p is the target hovering position, b = 150 is the transient response window, and C is defined in Eq.(9).
The SSDE of a trajectory τ is the difference between the largest and the smallest offset to the target hovering position
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(a) (b)

Figure 6: a) Evolution of the policy fitness for the first experiment. The population already contains a version of the
best policy after less than 20 iterations.
b) Post evaluation for the task with relative position and velocity sensory input. The orange line represents the average
performance of previous work.

after the transient response is assumed to have died out. It is defined as

SSDE (τ) = max
r∈τb
‖p− r‖ −min

r∈τb
‖p− r‖+ C

where τb does not contain the transient response window of size b.

The second two experiments are evaluated on a similar performance measure. Since the spacecrafts start at their
target hovering position, no transient response has to be corrected. The performance measure is therefore the average
offset to the spacecraft’s initial position and no transient response window is given.
We postevaluated every obtained policy to get an estimate of their performance. The post evaluation process tested a
given policy in 105 random initial conditions by simulating each MDP instance together with the policy for one hour,
and then computing the performance measures based on the trajectory produced by the policy.

VI. Experimental Results

A. Controller Evaluations

Evolving a population of 504 individuals for 1000 generations with PSO takes on average 33 hours. The population
is evolved on an archipelago with 24 islands, each containing 21 individuals. Each generation takes about 2 minutes,
thus each MDP simulation takes on average about 0.6 seconds (one MDP simulation contains on average about 9000
seconds of simulated time). Figure 6a shows the convergence characteristics for the best policy on the first experiment.
Local optima can happen when consecutive random seeds in the evolution process define similar environments. The
best policy becomes overfitted to these specific environments. At some point, the active seed generates a very different
environment, causing the overfitted policy to perform poorly. Thus, its fitness decreases and another individual is
chosen as the new best policy.
Table 4 and Figure 6b give a performance overview for the first two experiments in terms of the performance measures
used by Gaudet et al.7 The DPS1 controller outperforms the controller developed in previous work by an order of
magnitude in terms of SSME. In terms of SSDE, the controller from previous work achieves a better performance.
This could be caused by the low control frequency of 1Hz used in our current setup. The DPS2 controller behaves
similar to the DPS1 controller. Apparently, the controller takes advantage of the relative position information to drive
the velocity as close as possible to zero. Although drift is not punished by the utility function, the controller keeps the
spacecraft at its initial position with low offset.
To compare DPS with other RL algorithms, we implemented a Least Squares Policy Iteration (LSPI) RL approach34

to learn the hovering task. The controller obtained with our LSPI methodology manages to keep the spacecraft in
the vicinity of the target hovering position as well. However, the average offset to the target hovering position is two
orders of magnitude higher compared to our best DPS solution.
Table 5 and Figure 7 give a performance overview for the second two experiments. Since the spacecrafts start without
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SSME [m]
Mean Stdev Min Max

Gaudet7 0.06229 0.04142 0.01095 0.34487
LSPI1 Controller 0.13642 0.15275 0.00499 1.81269
DPS1 Controller 0.00519 0.00542 0.00030 0.07614
DPS2 Controller 0.05686 0.07348 0.00035 1.01809

SSDE [m]
Mean Stdev Min Max

Gaudet7 0.01131 0.01341 0.00052 0.14259
LSPI1 Controller 0.14614 0.07574 0.00471 0.73722
DPS1 Controller 0.13811 0.30381 0.00023 3.81184
DPS2 Controller 0.01556 0.02470 0.00009 0.36810

Table 4: Performance comparison between previous work and the newly obtained controllers from two different RL
methods.

Figure 7: Post evaluation of the task where the con-
trollers are not provided with the relative position in-
formation.

Figure 8: The ”gain problem”. The EMD input to the
controller looks the same for two different scenarios,
i.e., ṙ1h1

= ṙ2
h2

.

an offset to the target position, the transient response contains only the initial velocity canceling. During the training
phase, controllers were exposed to the environments for about 10000 seconds. It turns out that the controllers start
to chatter the lower their spacecraft’s mass becomes. This could be because the controllers were never exposed to
this scenario of having low mass during training. We therefore cut the graphs after 10000 seconds and focus on the
performance during that part. As shown in Figure 7, the DPS3 controller manages to keep the drift on average in less
than 3 meters during one hour. This is our baseline for the EMD controller.

It turned out that the EMD controller works only in a more restricted environment. Testing the controller in the
full environment range in terms of the scaling factor s used in Algorithm 2 resulted in average offsets to the starting
point of several hundreds of meters. Therefore, we considered in the end a very limited range of altitudes by setting
the scaling factor s = 1.1. This way, the EMD controller stays on average within 81 meters in the worst case and drifts
on average around 15 times more than our baseline.
The controller has what we call a ”gain problem”. There exist infinite scenarios with different heights and velocities
for which the sensory input to the controller looks the same. Being very distant to the surface with high relative
velocity and thus command a high thrust is a good action. However, being very close to the surface with very low
relative velocity and giving the same high thrust command has a very different effect and is a bad action. The policy
architecture however can not cope with this fact, as it learns the best action for a given state, i.e., sensory input. This
causes the controller to use about 25 times more propellant than an optimal nominal acceleration controller would use.
However, the worst case scenario shows that our EMD controller is able to hover above a small body with some drift
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Average Offset to Starting Position [m]
Mean Stdev Min Max

DPS3 Controller 2.03480 1.64498 0.08570 21.96248
LSPI3 Controller 18.52626 20.29895 0.67044 226.89031
DPS4 (EMD) Controller 29.16655 4.24756 12.88770 80.82599

Table 5: Performance of the second two experiments where the controllers are not provided with the relative position
information.

for a short period of time. Based on the current findings using RL, it boils down to a tradeoff of whether the benefits of
an EMD system as mentioned in Section B are worth the much higher fuel consumption caused by it. A more suitable
usage of the RL EMD controller could be a lightweight, low power emergency backup navigation system.

B. Discussion

We obtained with our evolutionary direct policy search a significant better hovering controller compared to previous
work.7 There, the hovering task was decoupled into three sub tasks of driving the offset in each dimension to zero,
and an independent policy was learned for each dimension. The MDP simulator used here is slightly different than
in the previous setup as there is for example no delay between the controller issuing the command and the thruster
actually performing the command. However, in contrast to the previous work’s control frequency of 10Hz, we use
a control frequency of 1Hz which compensates for this difference. Furthermore, the small body model implemented
here is more general and intuitively makes the learning problem more difficult. The policy learned here is allowed
to fuse information of all dimensions to command optimal control actions and no human pre-knowledge about the
problem has been introduced into the policy architecture. Although the generational DPS is required to search in a
larger parameter space, it obtained a better policy resulting in a controller with an average steady state target offset
error of about 5mm (Table 4).

We showed that is is possible to hover with some drift using only EMD sensory input in a restricted environment
(Table 5). Since the sensory system for the EMD controller does not measure altitude an issue with this controller is
the ”gain problem”, i.e., the controller cannot distinguish between high speed and high altitude and low speed and low
altitude. The knowledge of the spacecraft’s height is very powerful. An experiment based on a pure velocity sensory
input (Table 5) improved the hovering performance by an order of magnitude in terms of average target position
offset and fuel consumption. Further experiments could combine height measurements with EMD sensory input to
see if the gain problem vanishes. At this point, we conclude that a pure EMD controller developed with RL could
be used as a supplementary lightweight emergency system in case the main telemetry system fails. Changing the
policy architecture might improve the EMD controller. A FFNN was chosen as the policy architecture for the DPS
algorithm. One could have also considered other, more powerful architectures which would have memory capabilities
such as recurrent neural networks or long short-term neural networks.35 However, changing the architecture can lead
to computational problems. The more parameters the architecture comprises, the larger the DPS search space is. Thus,
evolutionary based optimization will require larger populations or more generations to obtain solutions. Generations
though are very expensive in time. Another problem from the learning perspective is the higher chance of overfitting
for architectures with large parameter spaces.

The low control frequency was chosen because of the necessity of having a fast fitness evaluation, i.e., computing
the utility which requires k = 10 simulations of about 9000 simulation seconds. Measurements showed that one
computation of the utility function takes about six seconds. If one considers a population of 1000 individuals, evolving
one generation on a nonparallel architecture takes more than an hour. So either the number of generations has to be
kept low or the population size has to be reduced. The fixed control frequency is a core obstacle which needs to be
redesigned. If one allows a dynamic control frequency and assumes perfect sensor measurements (i.e., no sensory
noise model), an adaptive integrator will improve the evaluation performance and thus allow more experiments in
less time. Our RL framework has a modular architecture which allows to use richer models for both, spacecraft and
small body. For example, a polyhedral implementation of the small body can model a much wider range of shapes
than ellipsoids. The more flexible model would allow to reflect depressions, ridges, cliffs, caverns, and holes. The
spacecraft is currently modeled as a 3DOF point mass and could be extended to a 6DOF rigid body model.
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Figure 9: Transient response for the worst case scenario of the DPS1 controller. The controller uses its full range of
thrust and reaches steady state after 350 seconds.

VII. Conclusions

We model the control problem of a spacecraft orbiting in a unknown gravity field originated from a tumbling small
body as a Markov Decision Problem and use a Direct Policy Search algorithm to find control policies able to keep the
spacecraft hovering on a designated point. Unlike previous work we consider a triaxial ellipsoid and experiment with
a number of different sensory inputs. We find our approach to be able to deliver policies able to minimize drift also
when elementary motion detectors are considered as the only proprioceptive sensor on board. Our work is a first step
towards obtaining landing algorithms based on visual clues and working in low-gravity environments.
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