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Abstract

The provision of spacecraft servicing to a space station comprises the tasks of assembly, resupply, repair and maintenance of
manufactured space parts in-orbit. Servicing tasks use rendezvous and docking operations to accomplish their objectives.
Autonomous servicing relies on intelligent fly control systems to perform fast, soft, and precise docking operations. This paper
proposes the use of a fuzzy logic control system, mounted on an active chaser vehicle which wants to dock with a big passive
space station in orbit around the Earth. The geno-fuzzy controller is a knowledge-based controller that performs the closed-loop
operations autonomously. It produces smooth control actions in the proximity of the target and during the docking, to avoid
disturbance torques in the final assembly orbit. The use of a genetic algorithm tool to optimise the controller so as to reduce
docking time and fuel consumption is analyzed. It performs the optimization by finding the best fuzzy sets of the controller
membership functions, and the most suitable rule data base. © 1998 Elsevier Science Ltd. All rights reserved.
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Nomenclature v =roll angle

I =distance of target from the Earth’s center 5" 7 icha.ser.s glmpaled wheel deﬁ ection angles

Iy =distance of chaser from the Earth’s center 0 —derlvatlve. with respect.to tme

rs S LVLH =local vertical local horizontal

G = gravitational constant = 6.67 x 107/(N m?/kg?)

M, =mass of target (kg)

M, =mass of chaser (kg) 1. Introduction

Mgan  =mass of the Earth = 5.977 x 10** (kg)

u =G Mgar, = 3.98601 x 10 (m*/s) With space programs like the U.S. Space Shuttle

f =sum of perturbing forces and the Russian MIR station, rendezvous and docking

t =time operations are starting to become frequent. At present,

S =sin(w?) the missions of these programs incorporate some sort

C =cos(w?) of automatic controllers to perform part of the rendez-

[x, v, z] =position of chaser in LVLH coordinate system vous and docking tasks. However, these missions are

[x, ¥, 2] =velocity of chaser in LVLH coordinate system mainly manned, and frequently require the presence of

F, =sum of perturbing torques an astronaut or a pilot if rendezvous and docking are
= fixed reference system with respect to the to be accomplished.

S satellite’s center of mass In the near future, a big system like the
=rotational reference system with respect to International Space Station (ISS) will require dozens

S, the satellite’s center of mass of flights a year to accomplish in-orbit servicing. In

WsS,  =angular velocity of S, with respect to S, such a scenario, autonomous rendezvous and docking

T = total angular momentum of satellite operations would be welcome, to reduce mission time

[1y, I,, I.] =chaser’s principal momentum of inertia and operational cost, thus increasing productivity.

0 =pitch angle The in-orbit servicing requires the assembly of a ser-

¢ =yaw angle vicing spacecraft with a space station in orbit around
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the Earth. The servicing spacecraft (called the chaser)
is small in comparison with the space station (called
the target). The chaser is the active element, and has a
guidance, navigation, and control (GNC) system
which allows autonomous active servicing. The GNC
system has sensors to measure the spacecraft’s position
and orientation in space. It determines the present
state of the vehicle, and computes the control actions
required to maintain or achieve a desired position and
orientation. The target is the passive element during
these operations. It also has sensors to measure the
distance and orientation with respect to the chaser.
However, it does not perform any maneuvers.

Modern control theory allows the creation of ana-
lytical models of control systems. Analytical models
for spacecraft guidance, navigation and control sys-
tems are difficult to obtain, mainly due to several fac-
tors:

e the nonlinear behavior of the plant represented in
the analytical model;

e the high complexity of the data involved in the
description of the inputs and outputs of the system;

e the unavailability to the control engineer of quanti-
tative data.

For a relatively small servicing spacecraft, the control
requirements demand a high degree of uncertainty in
critical vehicle parameters like total mass, feed-forward
thrust impulses, moments of inertia, center of mass,
etc. These requirements are translated into huge com-
plexity during the design phase: the navigation block is
based on complicated filtering schemes, the guidance
block is made of parameter tables of considerable size,
with contingency recovery situations, and the control
block must be designed using multiple input-output
techniques for a six-degree-of-freedom vehicle. Much
of this complexity in the design of the control system
comes from the way in which the variables of the sys-
tem are represented and manipulated.

In the search for an easy, efficient, cost-effective con-
trol design and development technique, fuzzy logic
seems to provide a method of reducing systems com-
plexity while increasing control performance. Fuzzy set
theory was originally introduced by Prof. Zadeh in
1965 (Zadeh et al., 1975; Zadeh, 1993). Since then,
many researchers have introduced fuzzy logic tech-
niques to solve different types of control problems.
The ability to model problems in a simple and human-
oriented way, and the ability to produce smooth con-
trol actions around the set points makes fuzzy logic an
especially suitable candidate for use in rendezvous and
docking space applications.

The plant under study in this work is the control
system of the chaser. The control system of the chaser
will be based on fuzzy logic, capturing the knowledge

of experienced spacecraft pilots or ground operators.
This knowledge is represented as a set of rules and the
definitions of the fuzzy sets. The control system will
determine the present state of both vehicles, and will
generate torques to execute the maneuvers that will
lead to the structural assembly in orbit.

While it is possible to design and develop a space-
craft controller system based on fuzzy logic, the con-
trol system must at all times respect constraints on fuel
consumption and maneuvering time. Fuzzy systems
have two parameters which can be optimized: a rule
database and the fuzzy sets. Two approaches can be
taken to obtain an optimum solution: either using the
heuristic method, in which the control engineer obtains
the best system to satisfy the criteria, or by finding an
analytical solution to the problem. On most occasions,
the design of the optimum system requires the knowl-
edge of an expert operator.

Many recent publications have demonstrated the
possibility of optimizing those parameters automati-
cally (analytically) by means of genetic algorithms
(GAs) (Freeman et al., 1990; Karr et al., 1990).
Genetic algorithms were introduced 30 years ago, but
only recently have they been recognised as a promising
technique to optimize these types of functions (Herrea
et al., 1995). GAs are optimization methods based on
natural evolution. They are easy to apply, and they
perform fast in comparison with the CPU computer
consumption of other alternatives (Caponetto et al.,
1993).

The fuzzy logic based control system of the chaser
will be optimized by a genetic algorithm tool. First,
the GAs tool will optimize the fuzzy sets; then it will
accomplish the optimization task with the rule data-
base. The paper will present a hybrid approach for the
optimization, based on a quasi-finite space search in
the optimization process. The introduction of a failure
in the plant will not degrade the performance of the
controller. Moreover, the adaptive geno-fuzzy mechan-
ism will perform failure accommodation to cope with
unstable plant states, increasing the probability of mis-
sion success.

2. The space mission

Fig. 1 shows the main blocks of the chaser GNC
control loop. The navigation block determines the
orbital state vector as well as chaser rates, velocity and
attitude estimation. This block makes use of the chaser
sensors to determine the relative position and velocity
between the chaser and the target. The guidance is in
charge of the generation of the future position, vel-
ocity, attitude, and attitude rate of the chaser. Finally,
the control system compares the actual state vector
with the desired one and computes the actions to be
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Fig. 1. Control loop of a chaser.

applied, in order to achieve a desired trajectory and
orientation (Champetier et al., 1991; Georgiou et al.,
1991).

The vehicle must be kept within a prescribed orbit
and attitude. The goal is to control the spacecraft,
while minimizing the time and fuel invested in maneu-
vers.

The space station is orbiting around the Earth at a
height of about 300-400 km (Wohlke, 1992). The tar-
get has the necessary electro-mechanical elements to
accept the docking of the chaser.

All docking operations are accomplished using a
reference coordinate system known as local vertical,
local horizontal (LVLH). This system has its origin in
the docking port of the station, and is defined as fol-

Space
station

+X

Flight
direction

To Earth

lows: +X (roll) in the direction of target flight, +Z
(yaw) in the direction of the center of the Earth, and
+ Y (pitch) orthogonal to these two. The chaser is
approaching the target using the V-bar technique
(Watz, 1993), where the docking axis lies along the vel-
ocity vector of the space station and against the radial
velocity of the station (Fig. 2).

The rendezvous is completed in several phases: hom-
ing, closing, final approach, docking and structural
latching (Fig. 3). The homing phase starts with the
detection of the presence of the target by a large-range
sensor (normally at S-band radar) mounted on the
chaser. This phase encompasses the chaser-target dis-
tances of —15 km to —1 km. The closing phase ranges
from —1 km to about —100 m. The final approach

Servicing
spacecraft

...... Docking port

_.- Solar panels

2lege

- Structure

Fig. 2. Rendezvous with space station.
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Fig. 3. Phases of a rendezvous mission.

phase comprises the —100 m to —1 m distances, and
uses a short-range sensor (camera) to find a specific
mark on the target (Ho and McClamroch, 1993). The
docking phase starts at approximately —1 m from the
target, and ends just a few centimeters from it, before
the latching. A set of sensors for very close measure-
ments, located on the docking side of the chaser,
allows the fine aligment. Four latches, mounted clock-
wise to the close-up sensors, will fit into four handles
that lock when the joining operations are finished
(Fehse, 1985).

2.1. Translation motion in circular orbit

The relative translational motion of two spacecraft
orbiting around the Earth can be mathematically
described using the Clohessy—Wiltshire—Hill (C—W-H)
equations (Clohessy and Wiltshire, 1960). This is a set
of linear differential equations with constant coeffi-

cients, describing the movement of two small masses in
a near-circular orbit around a third big mass. It was
programmed for the first time in the rendezvous gui-
dance computer employed in the Gemini mission
(1962), and still provides short-range maneuver com-
putation for the Shuttle.

These equations have as input the chaser’s initial
position and velocity. The output is the chaser’s pos-
ition and velocity after a time interval.

To apply the C-W-H equations, several hypotheses
must hold: chaser, target and Earth should be con-
sidered as point masses; chaser and target are in near-
circular orbits; the distance between chaser and target
is small in comparison with the distances Earth-target
and Earth-chaser.

The C-W-H equations form a system of three sec-
ond-order differential equations, with constant coeffi-
cients, in the LVLH coordinates (Kaplan, 1976;
Brown, 1994);
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¥ —20z=0
j+o’y=0
74 20x — 30’z =0, (1)

where ® is the coordinate frame’s angular velocity
with respect to an inertial frame. These equations
assume the Earth gravitational field as the only force
acting over the servicing vehicle. The equations are not
soluble in general, but in some special cases it is poss-
ible to derive an analytical solution.

In general, the spacecraft chaser’s orbit will be per-
turbed by a force f, and the Eq. (1) in vectorial form
becomes:

. ¥
rzzu—§+f, (2)
)

giving ultimately the set of equations

X —20z=f,
Jj+o'y=f,
74 20x% — 30’z =1, 3

where f = [f,, f,,, f2].

For a rendezvous of this type the force f is a compo-
sitive of several forces. The most representative ones
are the atmospheric drag and the J2 term of the
Earth’s gravity potential.

Other forces like the Earth’s magnetic field disturb-
ances, solar pressure, or cosmic dust, can easily be
ignored. Even the atmospheric drag increases to zero
when talking of distances of centimeters between
chaser and target. At the end of the final approach,
and during the docking and structural latching phases,
this force can easily be ignored, (Fig. 4).

The equation in z is un-coupled from the other two
equations and has an easy solution. Using differential
equation transformations, the equation system in (1) is
equivalent to a system of six equations involving coor-
dinates (x, y, z) and their derivatives (X, j, 2).

The solution to the set of Eq. (1) in matrix form is
as follows:

1 0 60-6S -3 0 :1-0)
y 0 C 0 0 s 0
| o 0o 4-3¢ =20-0) 0 s
x | =
. 0 0 6w(1—C) 4C—3 0 28
? 0 —So 0 0 c 0
0 0 38 28 0 c

Knowing the initial position [xq, o, zo] and the in-
itial velocity [Xo, Jo, Zo] it is possible to calculate the
final position [x, y, z] and the final velocity [x, y, Z]
after a time ¢. This is known as the C-W-H trajectory
propagator, and can easily be transcribed into a com-
puter routine.

The translation of the servicing vehicle (chaser) is
realized by means of thrust impulses. During the dock-
ing maneuvers the space station is maintained as pas-
sive. The thruster system of the servicing vehicle
consists of 8 pairs, localized on four surfaces, as
shown in Fig. 5. Pairs (5,6) will impel the satellite in
the —X direction, and pairs (7,8) in the + X direction,
ete.

2.2. Rotational motion

The attitude control of both chaser and target is three
axis stabilized although during the operations the
station attitude is constant. The attitude control of the
servicing vehicle is performed via a simple method with
a double-gimbaled bias momentum wheel (Fig. 6). The
double-gimbaled momentum wheel was selected to
demonstrate the fuzzy logic control solution, with differ-
ent actuators for position control and attitude control.

The corresponding Euler equation, governing the
attitude movement of the chaser, is:

dT
Fys, = [E] +Wg,s, X hg,, (5)
S

where S, is a fixed reference system with its origin at
the center of the satellite mass, and S; is a reference
system with the same origin, which rotates with the
satellite. S, and S) are defined as the LVLH system.
F, is any disturbance torque (atmospheric drag, thrus-
ter misalignment, etc.) as shown in Fig. 4. W S; is the
angular velocity of S| with respect to S,, and T is the
total angular momentum of the spacecraft (T pacer
body + T, gimbaled wheel).

The pitch (0) equation is simple, and is decoupled
from yaw (¢) and roll (i), assuming a symmetric satel-
lite, but yaw and roll equations are coupled (see
Fig. 7).

“

where S = sin(wt) and C = cos(w?) for simplicity (see nomenclature).
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where I, I,, I. are the principal moments of inertia of
the chaser. The chaser control torques (T, T,, T.) are
produced through the wheel gimbal deflections ¢ and
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Fig. 5. Thruster positions in a chaser.
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Fig. 6. Double-gimbaled momentum wheel deflections.
3. Fuzzy control for the mission

Modern spacecraft control design techniques make
use of the experience of control engineers, as well as a
collection of computer-based tools for the analysis,
modeling, simulation, verification, etc., that help to
find adequate solutions. The ideal situation for this de-
sign is to have complete knowledge of the plant and
its reactions in nearly all circumstances. Fuzzy logic
has been shown to be specially suitable when the plant
changes with time (or differs slightly among similar
systems), or when the characteristics of the plant are
not totally known or understood at the time when the
controller was designed, or when the control actions
and goals are not precisely defined (Daley and Gill,
1985, 1987). With fuzzy logic, there is a way to solve
control problems, perhaps not reaching an optimum,
but attaining, in less time and with a moderate analyti-
cal effort, satisfactory performances within the
required limits. Fuzzy logic handles nonlinear beha-
viors, which is useful for robustness and optimization
purposes (for instance, exerting, when appropriate,
smooth control efforts, such as those required for
docking problems).

Fig. 8 shows a diagram of the blocks of a typical
fuzzy controller. It can be considered as an intelligent
controller, based on knowledge that is represented as
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Fig. 7. Definition of angles ¢, y and 6.

if-then rules and the definitions of some fuzzy sets
(Abihara, 1993). The plant state is normalized, in
order to be fuzzified into the appropriate fuzzy sets.
The inference engine manages the rules and the facts,
using the membership functions over the fuzzy sets,
and infers a result that has to be defuzzified. Finally,
the output is de-normalized to effect the required con-
trol action. To construct the geno-fuzzy controller, the

following steps apply:
Fuzzy Logic
Controller

Plant State

3.1. Study the physics of the problem.

Prior to any involvement in the design, the control
engineer must study the physics of the problem to
determine which characteristics should be considered
(Lee, 1990). This part of the process is also common
to the crisp approach. At this stage, it is necessary to
choose the type of control architecture most suitable
for the problem. Several factors must be taken into

Control Output

Genetic
Algorithm
Tool

Fig. 8. Diagram of the fuzzy controller.
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account: the type of satellite (shape, mass, inertia),
type of orbit (circular, elliptic) etc.

3.2. The definition of input and output variables.

The design of the chaser controller requires the
selection of the type of coordinates and the notation
to be used when describing the spacecraft’s kinematics
and dynamics. Here, the description of the kinematics
uses polar coordinates (instead of Cartesian), and the
dynamics uses the Euler angles (instead of quater-
nions). The Euler angles are used world-wide in aero-
nautics, while the polar coordinates comply better with
a control scheme using the intuition of an expert pilot.

For the translation movement of the chaser, the
input variables of the fuzzy control system are azi-
muth, elevation and range, and its derivatives. These
quantities are defined with respect to a coordinate sys-
tem (LVLH), centered on the docking port of the
space station. For instance, the azimuth («) is defined
as the angle formed by the X axis and the Line of
Sight (LOS) between the center of gravity of the chaser
and the docking port of the station (Fig. 9). This is
done similarly for azimuth rate (&), elevation (e), el-
evation rate (¢), range (r) and range rate (¥).

Notice that the in-plane motion and out-of-plane
motion of the chaser are calculated using the same set
of rules, as in the case of a human pilot.

For the rotational part, the input variables are
defined with respect to a coordinate system with its
origin at the center of gravity of the chaser, as defined
in Fig. 5. These coordinates will be pitch (), pitch rate
(6), roll (¢), roll rate (¢), yaw () and yaw rate ().

The output variables will be the firing time (f;), pos-
ition of fired thruster (Pr), yaw deflection () and roll
deflection (y) of the gimbaled control wheel.

Servicing spacecraft

co0000000
O—=NWA IO ND O

-\":’.‘v"-uSmall Positive

3.3. Universe of discourse.

The next step in the construction of the fuzzy con-
troller is the definition of the universe of discourse for
all variables. For angles, the universe of discourse is
inside the real interval [-n/2, n/2]; for angle rates it is
between 0 and a maximum value delimited by the
actuator features (totally dependent on the features of
the vehicle). For distances, velocities, etc., and their
rates, the universes of discourse belong to (min., value,
max., value). These values are given by the physics of
the actuators.

In the problem being studied here, the universe of
discourse are the following:

ae, ., 0 [-n/4,7/4], aée[=2,2]
rel0,10], #e[-10,10]
$,,0 €[—0.5,0.5], Burn € [—10, 10]. %)

The angles are in radians, the distances in kilometers,
the angle rates are in degrees per second and the Burn
is in tens of meters per second.

The fuzzy sets for each variable are defined as fol-
lows: for azimuth, azimuth rate, elevation, elevation
rate, and range rate fuzzy sets are small negative (SN),
small positive (SP), large negative (LN), and large
positive (LP). For range, the possible fuzzy sets are
small (S), and large (L) as no further distinctions are
needed. For roll, pitch, yaw and their derivatives, the
fuzzy sets are small negative (SN), small positive (SP),
large negative (LN), and large positive (LP). Fig. 10.

The selected shape of the membership functions ¢ is
bell-shaped. This selection might seem to be arbitrary,
but as will be shown below it is based on CPU con-
sumption considerations related to applying the genetic
algorithm tool in the optimization process.

R-bar

Angle SP:

Fig. 9. Fuzzy-set definition for azimuth.
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Fig. 10. Examples of the fuzzy controller rules.

The formula used for the functions (see Fig. 11) is
given by:

=2

o(x) =e 27, ®)

where r marks the centroid of the curve, u marks the
shape of the bell, and x is a variable with values in the
real interval [min, max].

3.4. Knowledge acquisition.

There are several methods of acquiring the control
knowledge needed for the rules and the fuzzy-set defi-
nitions. Apart from the scientific knowledge that is
contained in the equations, another source of experi-
ence is the persons in charge of spacecraft control; the
capture of the knowledge can be realized by observing
its piloting behavior during missions, or during train-
ing with simulators (Brown, 1994), and interviewing

them about the way they understand and accomplish
the steering (Berenji et al., 1993).

Having done this, the following control knowledge
for this case was obtained:

1. The control of each axis is carried out in an inde-
pendent manner: firings in the Z direction control
the azimuth, and firings in the Y direction control
the elevation.

2. The firings over each axis are calculated by taking
account of angles and their derivatives.

3. The control in azimuth and elevation is not sym-
metric: due to the Clohessy—Wiltshire—Hill
equations, firings in the X direction will ‘elevate’ the
chaser in its path towards the target. It is necessary
to realize compensatory firings in the + Z direction.
However, the control in elevation is symmetric with
respect to the + X axis.

r-u r r+u

(U 2 0 2 4

Fig. 11. Fuzzy set representations.
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4. In addition, the tendency of human controllers is to
make the azimuth and elevation equal to 0° during
the final approach phase (typically at —10 or —20 m
behind the target), so as to be able to reduce the
control workload and focus on fine-range rate con-
trol. This scheme complies with an intuitive pro-
portional navigation guidance towards the point of
starting-axis translation.

5. With respect to the number and size of the firings,
these depend on the distance: different firing strat-
egies must be followed, depending on the distance
to the target. During docking, the firings are fre-
quent and very small in size.

3.5. Definition of the rules.

The set of rules form the kernel of the knowledge-
based controller (Tso and Fung, 1994). Normally, no
more than two variables are considered in the antece-
dent of every rule. These rules are grouped, depending
on the control action they generate: for the transla-
tional movement there must be a group of rules for
controlling azimuth, another group for controlling el-
evation, and a third group for controlling distances
and velocities; for the rotational movement, there must
be a group of rules for controlling pitch, and a second
group for controlling roll, and a third for controlling
yaw.

The result for the initial non-optimized chaser rule
database is as follows:

1. Translational movement: 16 rules for azimuth and
azimuth rate (in-plane motion), 16 rules for el-
evation and elevation rate (out-of-plane motion),
and eight rules for range and range rate.

2. Rotational movement: 16 rules for pitch and pitch
rate, 16 rules for yaw and yaw rate, 16 rules for roll
and roll rate.

In addition, to overcome difficulties in the validity of
the controller for a broad range of operational points
the problem is split into several rendezvous phases: the
rule database described above is changed in each of
the rendezvous phases. For example, this complies
with the human piloting techniques of changing the
context of the control as a function of the distance to
the target. To demonstrate this with an example: the
semantics of the sentence ‘I drive fast on the road’, is
not the same if the car is traveling on a motorway

"The Larsen model can also be used. However, research has
reported no significant differences between these two models.

(fast = 150 km/h) as it is when traveling in the city
(fast = 80 km/h).

3.6. The selection of the inference engine.

Once the rules have been established, an inference
engine is selected to carry out the fuzzy reasoning, to
derive the appropriate output from the measured
inputs. Several proposed inference engines are avail-
able, in the public domain or from specialized compa-
nies: Zadeh’s Compositional rule of inference (Zadeh
et al., 1975), Sugeno and Takagi’s model (Takagi and
Sugeno, 1993), the Larsen’s Min-Product mechanism
(Larsen, 1980), the Turksen’s approximate analogical
reasoning method Turksen, etc.

The engine selected for this work is the Mamdani’s;
min—max mechanism; (Kickert and Mamdani, 1993;
Mamdani, 1993; Procyk and Mamdani, 1993), the
reason being as follows: in the cases of thrust and
wheel control, the inputs of the fuzzy inference system
are crisp rather than fuzzy values. In this case, the de-
cision process becomes simpler.'

The AND operator is chosen as the minimum of
two weight antecedents, rather than its multiplication.
For fast processing, the defuzzification strategy is the
center of gravity computation (COGC). This allows
one to take fuzzy set areas with lower degrees of mem-
bership (important when the chaser is close to the tar-
get). The formula used to compute the center is the
first coordinate of the center of gravity of the member-
ship function area.

In general, the inference engine can be an approxi-
mate reasoning kernel, based on systems already pro-
posed.

4. Genetic algorithms: the optimization

The result of the knowledge-acquisition step is a set
of rules, and the overlapping fuzzy sets. The linguistic
nature of the knowledge, as taken from human exper-
tise, makes it difficult to achieve optimal control
directly. Here, the term optimal control refers to the
control of the spacecraft with the restrictions already
mentioned: the number of firings must be as low as
possible (the gimbal defection of the momentum wheel
does not consume fuel, but batteries), and the total
mission time must be as short as possible.

The optimization of the fuzzy controller parameters
is one of the most widely investigated subjects in the
research into fuzzy expert systems. In general, the
simple heuristic design of overlapping the membership
functions by 25% does not a priori produce the best
solution (Isaka and Sebald, 1992). Basically, to opti-
mize the fuzzy controller two approaches can be fol-
lowed: manual optimization (using common sense and
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quite a number of iterative refinements), or automatic
tuning; either with adaptive fuzzy control methods
(self-organizing concepts [Daley and Gill, 1987]), or by
means of genetic algorithms (Freeman et al., 1990;
Herrea et al., 1995).

A genetic algorithm is an optimization tool based
on the Darwinian concept of natural selection. The
tool creates a set of possible solutions which are modi-
fied by an algorithm using several operations. After a
number of iterations, the stronger or fitter solutions
will survive, while the weak ones will die. The pro-
blems associated with this technique are, among
others: the coding of the potential solutions, the gener-
ation of the initial set of possible solutions, the codifi-
cation of the fitness condition, etc. The main
advantages of the method are the global search for a
solution, the simplicity of its implementation, and its
operational speed (faster by far in comparison with
methods of dynamic programming, etc.). Fig. 12.

The parameters of a potential solution are coded
into a binary sequence (string) called the chromosome.
Notice that the solutions themselves are NOT coded.
This means that it will be necessary to decode the win-
ner sequence at the end of the evolution to extract the
parameters of the solution. A set of potential solutions
is grouped into an initial population of chromosomes.

The GA method described here uses three operators:
reproduction, crossover, and mutation. These operators
work on the chromosomes. Reproduction follows the
paradigm of natural selection to choose parents. The

a LN SN SP LP

crossover operator mixes two strings (parents), to gen-
erate a new string (child). The mutation operator
changes part of a string, to get a new one. The oper-
ators play a randomized role, according to certain pre-
scribed probability factors. The application of the
operators is repeated as a computer program loop,
through several generations. The merit of each
chromosome is evaluated with a fitness function (the
natural selection?). Each generation has a better
chromosome. After several generations, and with a
judicious choice of the probability factors, the best
chromosomes converge to an optimum value of the fit-
ness function, so the loop comes to an end. The stan-
dard genetic algorithm is characterized by a number of
parameters: the string population size N, the maximum
number of generations M, the probability of crossover
P, and the probability of mutation Py;.

To find an optimum, genetic algorithms can be
applied in three ways: the tool can be used to discover
the best rule database (Karr et al., 1990), or it can be
used to tune the membership functions, or it can be
used to optimize rules and sets at the same time. In
this job, genetic algorithms are applied to optimize the
controller membership functions and the rule database
simultaneously. The process described here follows the
approach of Lee and Takagi (Lee and Takagi, 1993),
with some modifications to allow the crisp output of
the membership functions. This method assumes rules
with two antecedents and one consequent, suitable for
the spacecraft problem.
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Fig. 12. Genetic algorithm evolutionary loop.
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4.1. The coding h—ua
DfZ_b](C[”;,;,](x)) =a( fz,b](x))m- (10)

To be able to optimize both parts of the controller
simultaneously, all the parameters of the potential sol-
utions have to be encoded in chromosomes. The cod-
ing is made by joining the chromosomes of the fuzzy
sets of all the variables in the order of appearance in
the fuzzy rules: first, all the first antecedents, then all
the second antecedents, and finally all the consequents.
This simple but effective method manages to create
long chromosomes which can be inserted into the evol-
utionary pool.

The coding of the fuzzy sets benefits from the bell
shape mentioned in Eq. (8). The number of parameters
to be coded is reduced to two (r and u), in comparison
with other shapes like triangles, trapezoids, etc (see
Fig. 11). The method used for the codification of each
part of the big chromosome is the concatenated,
mapped, unsigned binary coding method. In this
method each lower and upper limit of the fuzzy sets
(7) is encoded as a string, and these strings are conca-
tenated to form a chromosome, which represents a
specific configuration of the membership functions.

The mapping equation to associate a number x in a
real interval [e, b] with a binary coded sequence
between 0 and 2”'—1 is given by

" xX—a
C[;,h](x) =2"-1)- —

9 9
P ®
where m is the length of the binary representation.
Similarly, the decoding operation is realized by calcu-

lating the decimal representation of the coded sequence
as follows

Using this method, there is a direct correlation
between the string length and the state variables of the
spacecraft.

The coding of the rule database is different. This is
implemented by using the order of the fuzzy sets in
each rule. A chromosome is made out of the concen-
tration of the coded sequences of all fuzzy sets in all
the rules. Again, the method used for the codification
of each chromosome is the concatenated, mapped,
unsigned binary coding method.

Finally, to be able to perform the simultaneous op-
timization of the fuzzy sets and the rule database, a
new chromosome population is created from the
chromosomes of the sets and the rules. All the GA op-
erators can be applied to the big chromosome formed
of smaller parts: reproduction, mutation, and cross-
over. Fig. 13.

4.2. The evolution

The genetic algorithm begins by creating an initial
population of N chromosomes. Then it proceeds as a
program loop, producing a sequence of generations.
For each generation, the operators are applied to form
new individuals. First, the reproduction, assigns to
each chromosome a value in the range [0,100]; then it
produces a random number per chromosome in the
same range [0,100]; finally it forces reproduction in
cases where the random number is less than or equal
to the value assigned to the corresponding chromo-
some. Second, the crossover and mutation operators
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manipulate the chromosomes selected for reproduc-
tion, according to predetermined probability factors.
The crossover of two chromosomes is done in a ran-
dom manner. The mutation of a chromosome changes
1 bit randomly. After reproduction, the algorithm ana-
lyzes the merit of the new chromosomes, looking for
the end of the loop.

As can be seen, in the fuzzy logic controller optimiz-
ation using GAs there are two difficult problems to be
solved: the coding and decoding of the possible sol-
utions, and the establishment of the fitness function.
To evaluate the merit of each chromosome, it is
necessary to look into the physics of the problem. In
this case, a simple but effective way to evaluate the
merit of each chromosome was chosen: the fitness
(cost) function is a special solution of the Clohessy—
Wiltshire-Hall equations, in which the known values
are positions, velocities and angles, and the value to be
computed is the time to dock (7).

5. Simulations

Computer simulations can be used to verify the
properties of the controller before the real application
(Yamaguchi et al., 1992) (Chiu and Togai, 1993). In
addition, simulations must be run to compute the fit-
ness function of the chromosomes. Due to the nature
of genetic algorithms, this can be considered as an
extensive probabilistic search using a population of
many possible solutions. Therefore, a fast simulation
of the controller and the plant is needed (many
chromosomes will be evaluated).

The coordinate system used is LVLH (see Fig. 3 for
mission planning). Simulations started at 7 km behind
the target, and 700 m below it. These figures have been
chosen as a representative and realistic scenario for
proximity operations.

The target is moving in circular orbit at a height of
222 km, with an orbital period of 88.8 min. These
figures correspond to an angular velocity equal to
w = 1.178 x 107> rad/s.

For the problem being considered, the following GA
parameters were employed: the population size con-
sisted of 500 chromosomes, the maximum number of
generations was 500, the probability of crossover was
P-=0.85, and the probability of mutation was
Py =0.015.

For the docking case under consideration, the simu-
lations were executed on a personal computer (PC) of
Pentium-PRO type running at 200 MHz.

The fuzzy inference engine was implemented using
Mamdani’s min—max mechanism. The AND operator
was chosen as the minimum of the antecedent weights,
rather than of its multiplication. For fast processing,
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the defuzzification strategy used was the center of
gravity computation.

The code of the simulations was written as SCILAB
scripts (see Software Availability note). SCILAB pro-
vides for a graphical interface to visualize the results
of the simulations. The scripts employed FISLAB op-
erations. FISLAB is a fuzzy inference systems tool-box
for SCILAB. FISLAB has been developed by the
authors, based on FISMAT (the fuzzy inference sys-
tems tool-box for MATLAB®) developed by Prof.
Zadeh. FISLAB provides the user with a computer-
data-type structure which can hold databases contain-
ing fuzzy membership functions of linguistic values
(for both the antecedent and the consequent). It also
includes a fuzzy reasoning mechanism. FISLAB also
contains fuzzification and defuzzification methods. In
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Fig. 14. LVLH In-plane motion plot of several generations.
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Fig. 15. Time-to-dock for several generations.

FISLAB, the antecedents and consequents of a fuzzy
rule are coded by vectors of linguistic values (linguistic
labels). Rule databases are coded using matrices, and
universes of discourse are coded using row vectors.

The genetic algorithm applied to optimise the con-
troller was based on GENETICA operations.
GENETICA is a generic algorithm tool-box for
SCILAB. GENETICA has been developed by the
authors. GENETICA provides the user with algor-
ithms for reproduction, mutation, and crossover. It
also provides coding with decoding operators at a very
low level.

Figs 14-17 display the results of the application of
genetic algorithms to the optimization of the fuzzy
controller.

Number of
Firings A

6

0 16 250 306 500 Number of

Generations

Fig. 16. In-plane number of firings for several generations.

Fig. 14 shows simulations of the movement of the
chaser on its way to dock with the station.

The movement governed by the fuzzy controller has
been graphically represented for several versions of the
fuzzy sets, as defined by generations 100, 250, 300 and
500 (see Fig. 14). Considering four different initial con-
ditions, the longest path curve corresponds to the
human-based fuzzy control (no help from the genetic
algorithm), and the other curves correspond to the
fuzzy control optimized by GA. Observe the improve-
ment: lower numbers of firings (sharp changes of the
trajectories), and smoother movements at the end of
the trajectory.

Fig. 15 represents the cumulative time used (time to
dock) in the operations at several stages of the run:
when no genetics are applied, at generation number
100, at 250, at 300, and finally at generation 500.
Although the initial curves of the trajectories corre-
sponding to a high number of generations are longer,
the cumulative times are shorter. This is mainly due to
the brief hops made at the end of the trajectories.

Fig. 16 represents the cumulative number of firings
in the in-plane movement (plane XZ). As the genetic
tool optimizes the fuzzy controller, the number of fir-
ings goes from six down to three. This could represent
a forward prediction on the control of the trajectory
giving a long impulse to the chaser to reach the X axis
as soon as possible. Then, shorter and smaller impulses
will bring the chaser into the translational axis. This
complies well with the knowledge database.

Fig. 17 depicts an useful plot for proximity oper-
ations: the phase plane-plot. This is given by a plot of
the target-chaser distance (module of the differences in
the coordinates of both vehicles in the LVLH system)
against the derivative of the distance. When no gen-
etics are helping, or when the number of generations is
low, the velocity at the beginning of the trajectories is
relatively low. This velocity increases with the number
of generations. This is not in contradiction with the
low number of firings. However, the fuel required is
proportionally bigger for longer hops. This situation
proposes a trade-off between fuel consumption and
time to dock.

Figs. 18-21 show the changes in the control surface
corresponding to pitch and its derivative (pitch rate),
as the GA proceeds along a number of generations (0,
100, 250 and 500). The control effort is the elongation
of the gimbaled wheel to maintain the attitude control
in the X plane.

Both control surfaces and movements get smoother
as the number of generations increases: that means a
progressive improvement of the fuzzy controller. In ad-
dition, as shown in Fig. 20, the time required for dock-
ing gets shorter and shorter.

In particular, note (Fig. 21) that the control actions
are smooth when azimuth is close to 0. This corre-
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sponds to the situation where the chaser is making the
maneuver of translation along the axis. Smooth con-
trol actions are also noticeable when the pitch is close
to 0. In this situation, the chaser is facing the docking
port of the station.

The pseudo-code for the kernel of the simulations is
as follows:

initialize all
create rules for the rule database;
step>=>1;
big_loop
draw positions velocities;
Clohessy--Wiltshire--Hill
tions;
spacecraft attitude dynamics;
sensor measurements;
store everything for drawing;
Fuzzy control _computations;
if final condition_reached then out
else step=step+1l;
end big_loop;

computa-
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Fig. 21. Control surfaces for pitch and pitch rate: generation 500.

The genetic algorithm performs the search for the
best membership functions of the fuzzy controller. It
contains subroutines for each of the operators. The
pseudo-code is as follows:

initialize all;
generate N number of strings;
step=1;
Repeat
compute the fitness of each solution;

assign to each string a range of
values in [0, 100];
produce a random number per string in
[0, 100];
forcereproduction incase the number
is in range;

rem apply crossover;;;;
mix to string using crossover prob
ability

change 1 bit of a string using mu-
tation prob.
Until minimum {maximum) achieved;

6. Conclusions

In this paper, the control of the docking of a small
spacecraft with a servicing mission to a big space
station is considered. The objective of the control sys-
tem is to achieve autonomous rendezvous and docking
while minimizing the need for human intervention.
This could provide better conditions for more frequent
traffic to and from the Earth into space. The docking
of the servicing spacecraft must be fast, precise and
soft, decreasing the maneuvering time and fuel con-
sumption.

The controller proposed here acts autonomously, by
finding the most appropriate mission plan and estab-
lishing the corresponding guidance maneuvers without
ground intervention. This contrasts with the fixed gui-
dance and navigation table for other automatic (non-
autonomous) proposed systems already on-board.

Fuzzy logic control was selected as an intuitive and
direct way to capture the expertise of human oper-
ators. In particular, fuzzy logic is useful to emulate the
behavior of humans facing complex control tasks, as
in the case of piloting the chaser during rendezvous
and docking maneuvers. This paper considers the de-
sign of a fuzzy controller for this piloting task, to be
embedded in the guidance, navigation and control sys-
tem of the servicing spacecraft. The methodology of
the fuzzy control design is described. Normally, the de-
sign needs a refinement cycle, with the help of simu-
lations, for adequate tuning of the controller
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parameters (mainly the characteristics of the member-
ship functions).

There are important reasons to optimize the control.
The reduction of fuel consumption is of vital interest
to reduce the cost of the mission (less fuel means less
weight, and therefore less cost). The rendezvous and
docking time must be as short as possible, to increase
productivity in the space exploitation. In view of the
optimization needs, the paper explores the use of gen-
etic algorithms to optimize the fuzzy controller. An
encoding of the problem is derived from the appli-
cation of the evolutionary strategy. By considering sev-
eral cases, it is observed that this strategy obtains
successful improvements of the mission accomplish-
ment.

From the results described, the combination of fuzzy
design procedures based on knowledge acquisition
(that can be extracted from the scientific knowledge
represented in equations), and an optimization method
adapted to the fuzzy context (the article proposes the
use of genetic algorithms), could be considered as an
alternative to implement embedded controllers for sat-
ellite rendezvous operations.

With the appropriate computer power, it is possible
to design (within a reasonable time) a good controller
for each particular mission.

No comparison with manual guidance and control
methods was established. More research in this area
needs to be carried out to establish comparisons
between the man-in-the-loop Shuttle-to-MIR rendez-
vous operations, manual rendezvous between Soyuz
and MIR station, and the method proposed here.

The research now envisages experimental steps
oriented to real applications. A first laboratory-scale
device has been built to confirm that the geno-fuzzy con-
troller shows the predicted performance. Preliminary
results are satisfactory, and encourage the conduction a
more ambitious experimental study on a bigger scale. In
addition, the computational schemes are being
improved, for fast calculation of the optimal controller,
in order for it to be applied in real time.

7. More information
7.1. Software availability

FISLAB is available (as a free contribution) from
the URL of SCILAB. SCILAB is a royalty-free
MATLAB, MATRIXx-like software package. It has
been developed by the French institute, INRIA.
SCILAB runs on several hardware platforms.

>The authors do NOT have any commercial relationship with
these companies and institutes.

FISMAT is available at the Mathworks Inc. web
site.”

GENETICA will be shortly available (as a free con-
tribution) from the URL of SCILAB.

7.2. Web pointers

With time, a web URL may no longer be valid.
However, the web pointers mentioned here tend to be
stable enough to break this annoying problem. More
information about the software packages mentioned in
this work can be found at the following URLSs:

Fuzzy logic: news://comp.ai.fuzzy
Genetic algorithms: news://comp.ai.genetic
MATLAB http://www.mathworks.com
SCILAB http://www-rocq.inria.fr/scilab

Disclaimer—the opinions expressed in this paper
belong to its authors, and do not necessarily corre-
spond to the opinions of ESA as a public institution.
In this publication, the authors are not representing
their respective institutions.
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