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GENETIC FUZZY SYSTEM-BASED CONTROL FOR FINAL
APPROACH OF SPACECRAFT RENDEZVOUS AND PROXIMITY
OPERATIONS

Daegyun Choi; Donghoon Kim; and Henzeh Leeghim*

In-space servicing has been receiving great attention to extend the operation of
spacecraft with defective components. This requires rendezvous and proximity
operations for a chaser to provide service to a target. This work constructs a fuzzy
inference system-based controller for the chaser to reach the cooperative target on
a circular orbit in the final approach phase while minimizing the energy consump-
tion of the chaser. The offline training process performed by a genetic algorithm
deals with multiple initial relative positions of the chaser, and the trained controller
is validated using a testing environment with disturbances, which differs from the
training scenarios.

INTRODUCTION

A great number of spacecraft have been launched into space since the beginning of spaceflight in
the 20th century. The expected operation life of the spacecraft usually depends on its mission design.
However, until now, it has been difficult to carry out any given mission as planned, as it is very hard
to repair faulty components in space if a launched spacecraft has one or more malfunctioning sensors
and/or actuators. Recently, in-space servicing, such as refueling, upgrading, and repairing some of
the components, has been receiving great attention to extend the mission of spacecraft with faulty
components thanks to the advancement of space technologies, such as electronics, rockets, and
spacecraft. To perform such missions, rendezvous and proximity operations (RPOs) for servicing
spacecraft, named a chaser, are required.!"> When a chaser approaches the target for servicing from
a different orbit, the chaser first performs a phasing process to enter the target’s orbit as shown in
Figure 1. Once the chaser is sufficiently close to the target (within about 20 km), the chaser conducts
a far- and close-range rendezvous process until the relative distance is less than about 100 m. Then,
the chaser finally performs the final approach process to reduce the relative distance between the
chaser and the target to near zero. Among the entire rendezvous process, this work mainly focuses
on the final approach phase.

Many researchers have studied to support safe RPO missions. Some scholars used a widely used
collision avoidance method for autonomous robotic platforms, which is the artificial potential field
(APF) approach. With the concept of the APF that can provide collision-free trajectories, various
control laws were applied to control the spacecraft at the final approach phase of the RPOs. Others
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Figure 1. Phasing and Rendezvous Process

proposed control laws combine the APF with non-singular terminal sliding mode control,® sub-
optimal sliding mode control,* and backstepping control.> With the advancement of computing
technologies, some researchers have applied artificial intelligence (Al) techniques to diverse control
problems and platforms, such as explainable Al-based spacecraft attitude control,® decentralized
control of ground robots for a collaborative task,” and collision-free navigation of aerial vehicles.®
In particular, some studies applied the reinforcement learning (RL) approach to conduct spacecraft
proximity operations.”!? These studies validated the performance of the RL for spacecraft RPO
missions in terms of energy consumption. However, the RL lacks the explainability of both the
decision process and resulting outputs.

This work aims to design a fuzzy inference system (FIS)-applied controller to produce the control
signal for the final approach of the chaser. In fact, the FIS-based controller provides transparent and
explainable control inputs unlike the RL approach because the decision-making process is composed
of linguistic variables and If-Then rules.®!! However, the FIS cannot ensure the optimality of the
solution because the design parameters of the FIS are usually determined based on the knowledge of
the given system. For this reason, the optimizing capability is combined into the FIS using a genetic
algorithm (GA), which is called a genetic fuzzy system (GFS). Since the GA has an aggressive
search capability and provides a solution close to a global minimum, the GFS is a good approach
for obtaining a FIS controller that can produce a near-optimal control signal. For this reason, this
paper proposes a FIS-based controller for the chaser to minimize energy consumption during the
final approach phase.

RELATIVE DYNAMIC MODEL OF SPACECRAFT

This work considers an RPO with two spacecraft orbiting around the Earth, especially for a
final approach phase for a successful docking between two spacecraft. Let us consider an active
spacecraft, which is a chaser, that actively approaches a passive spacecraft, named a target. One
assumes that the target is cooperative, which means the target shares its own state information.
Thus, the relative position and velocity of the chaser with respect to the target can be measured
via onboard visual sensors. To describe the chaser’s translational motion with respect to the target,
one introduces a co-moving frame centered on the target. The x-axis (R-bar) is directed from the
center of the Earth to the target, and the y-axis (V-bar) is the direction of the target’s velocity vector.
Therefore, the z-axis (H-bar) is perpendicular to both x- and y-axes, which is the direction of the
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angular momentum vector of the target’s orbit, as shown in Figure 2. This co-moving reference
frame is used as a local vertical local horizontal (LVLH) frame.

With the assumptions that 1) the target is on a circular orbit and ii) the relative distance between
the target and chase is very small compared to the distance between the center of the Earth and
the target, the relative motion of the chaser with respect to the target is described by using the
Clohessy-Wiltshire (CW) equation as'?

i —3nx — 2ny = (fz+dz)/m, €))
y+2nz = (fy+dy)/m> )
0’z = (f. +d.)/m, 3)

where x, y, and z are the relative position of the chaser for each axis with respect to the target in the
LVLH frame (defined by r = [z, y, z|1), fs, fy, and f are the control force of the chaser for each
axis (defined by £ = [fs, fy, 1), dg, dy, and d are the disturbance force acting on the chaser
(defined by d = [d,, dy, dZ]T), m is the mass of the chaser, and n is the angular velocity of the
target (i.e., mean motion) defined as n = +/u/r2. Here, y is the standard gravitational parameter of
the Earth, and r is the distance between the center of the Earth and the target. This work assumes
that the attitude of the chaser is already synchronized with the attitude of the target to focus on the
translational motion of the chaser, and the actuators, such as the thrusters, are aligned to each body
axes that can generate the corresponding force. The control input will be determined by the FIS
directly, and this will be explained in the following section.

GENETIC FUZZY SYSTEM-BASED CONTROL APPROACH
Genetic Fuzzy System

The FIS is known as a universal approximator'® and utilized as an intelligent control approach’
because it has design flexibility and the ability to combine with optimization techniques.'* The FIS
is composed of input and output membership functions (MFs) and rules that explain the input and
output relationship using If-Then statement.'! Since the decision-making process of the FIS can be
described by the rules, the FIS is known as an explainable Al technique. In general, the MFs and
the rules are defined by users who have knowledge of the given system. However, this does not
guarantee the optimality of the output. Therefore, the FIS can be combined with other approaches
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Figure 3. Block Diagram of the Genetic Fuzzy System

to optimize the parameters of the FIS. In particular, this work considers the GA for optimizing the
parameters of the MFs and the rules of the FIS,'* which is named as the GFS, as shown in Figure 3.
It is important to note that the GA is a metaheuristic optimization technique with certain advantages,
such as model-free optimization, fast convergence, and the ability to avoid local minima. By adding
the learning capability to the FIS using the GA, the trained FIS can provide a near-optimal output
in terms of the defined cost function. After the FIS is trained offline, the trained FIS is applied to
generate the control input as a controller.

FIS-based Controller Design

This work models a fuzzy controller using the FIS, which has two inputs and one output, to
control the translational motion of the chaser for each axis. The FIS is designed to provide the
required force which makes the chaser approach the target once the relative position and velocity
errors between the chaser and target are given as two inputs. That is, the fuzzy controller is applied to
each axis to generate the proper force for the corresponding axis. Usually, depending on the mission,
the distance to start the final approach may vary. Therefore, this work utilizes the normalized values
for the FIS input and output variables. That is, the minimum and maximum input and output values
are set to be -1 and 1, respectively. Especially for the output, the maximum force is multiplied by
the output value to convert it into the force. Each MF for input and output has a triangle shape to
minimize the complexity as shown in Figure 4. Note that each MF represents large negative (LN),
small negative (SN), zero (Z), small positive (SP), and large positive (LP), respectively. Here, some
of the edges and centers of the input and output MFs are stored into a vector p = [p1 ... pi]*
where k is the number of parameters to be optimized by the GA. By symmetrically determining the
MFs’ parameters on the negative side, the number of parameters to be optimized can be reduced. In
a similar manner, some of the rules are also assigned and stored into p, as shown in Table 1. Table
1 shows the combination of the rules that maps the respective inputs to the corresponding output.
The rules can be represented linguistically in terms of the MFs. For instance, let us assume that pos
is “Z”. If the relative position error is “Z” and the relative velocity error is “Z”, the force output is
“Z”. Here, the rules are defined in terms of numerical values, each corresponding to an output MF
(i.e., 1 refers to LN, 2 refers to SN, 3 refers to Z, and so on.). Note that only the bottom left 15
rules are optimized to reduce the number of parameters to be optimized. The stored parameters in
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Figure 4. MFs for the FIS Model
Table 1. Rule-Base for the FIS Model
Relative position error
IN SN Z SP LP
LN pis
Relative velocity SN' pi7 pan Symmetric
error Z pis p2 P
SP pi9 D23 D2 D28
LP  po p2s P27 D29 P30

p, which contains 30 components, are then passed onto the GA. In fact, storing all the parameters



Table 2. Simulation Parameters for Spacecraft

Parameters Values
Simulation time (¢¢) 200 (s)
Time interval (dt) 0.1 (s)
Chaser’s mass (m) 10 (kg)
Target’s orbit radius from the center of the Earth () | 6678 (km)
Maximum force 0.5(N)

Table 3. Simulation Parameters for the GA

Parameters Values
Maximum number of generations 300
Population size 60
Stall number of generations 100
Selection algorithm Tournament selection
Tournament size 4
Crossover algorithm Two-point crossover
Probability of crossover 0.85
Mutation algorithm Adaptive feasible
Probability of mutation 0.2
Elitism ratio 0.05

that need to be optimized in a single vector allows for an easy optimization process.

Optimization of Controller

In the optimization process, the GA optimizes the values in p. The GA is composed of biologi-
cally inspired techniques, such as selection, crossover, mutation, evaluation, and elitism processes.
After performing the selection, crossover, and mutation processes, one evaluates the fitness values
to find the best-fit solution using the pre-defined fitness function. Next, the elitism process is used
to preserve the best solutions at each generation. Note that the most important part of the GA is
how the fitness function is determined because it defines the criteria of optimization. In this work,
the fitness function is defined as

ty
j:/ £If dt + p. 4)
0

Here, the defined fitness function is the total control force applied to the chaser over time to reach
the target. Also, the fitness function includes a penalty p for undesirable behaviors, such as sudden
changes in the control force and high velocity near the target. If the undesirable behavior occurs, a
large penalty value is applied. By adding the penalty to the fitness function, the best solution avoids
undesirable situations while minimizing the fitness function, which is the primary objective.

SIMULATION STUDY

To validate the proposed approach, the numerical simulations are performed using the simulation
parameters for the spacecraft and the GA that are listed in Tables 2 and 3.



The fuzzy controller proposed is designed to control the chaser at the final approach phase. To
develop a robust controller, the parameters of the fuzzy controller are optimized in the training
process by the GA with multiple training scenarios having different initial relative positions of the
chaser from the target (£5, 50, and =100 m) without considering disturbances. In fact, to ensure
coverage of various relative positions ranges from negative to positive and from small to large
values, combinations of the initial relative positions are used in the training process. In addition, to
avoid undesirable behaviors of the chaser, a penalty value greater than the total control force, for
example, 100 in this work, is applied when the conditions listed in Table 4 are not met. In particular,
the first penalty condition is employed to smoothly approach the target when the chaser is close to
the target. The second condition is related to the generation of the smooth control force.

Table 4. Required Conditions Avoiding Penalty

Penalty parameters Conditions

Average of the norm of the relative velocity error during the last 30 s | < 0.05 m/s
Maximum absolute value of the time derivative of the control force | < 0.1 N/s

One can obtain the trained FIS that can generate near-minimal control force after the training
process. Among several training scenarios, Figure 5 shows one of the results, which contains the
time history of the relative position, relative velocity, and force of the chaser. It is shown that all
the states are converted to zero, and one can realize that the chaser smoothly approaches the target
during maneuver even though the target is also orbiting around the Earth. Since the maximum force
is limited to 0.5 N, the control force shown in Figure 5(c) does not exceed the maximum force and
smoothly converges to zero. In fact, the energy optimal solution, which satisfies the given initial
and final states, is usually obtained as bang-off-bang control, and the optimal control at the final
time is not zero. Since the chaser is very close to the target right after the final time, non-zero
control force may cause dangerous situations. Thus, this work considers producing smooth control
trajectory to avoid such risk by adding the second penalty condition listed in Table 4. It is obtained
that the average of the norm of the relative velocity error during the last 50 seconds is 0.015 m/s
and the maximum value of the time derivative of the control force is 0.0261 N/s, which satisfy the
conditions avoiding the penalty.

Although the training process is performed without considering disturbances, the testing scenario
considers external disturbances around the chaser in order to validate the performance of the trained
fuzzy controller in the presence of uncertainties. To confirm the convergence trend of the chaser’s
position trajectories, the simulation time is increased in the testing scenario. Also, the initial relative
position and the disturbance considered including the simulation time are listed in Table 5.

The testing results shown in Figure 6 display that the trained fuzzy controller provides the proper
control input that makes the chaser approach the target even though the disturbance force is applied
to the chaser. The relative position of the chaser converges within 4+ 0.5 m during the last 200
seconds, and the relative velocity of the chaser is also reduced, which is less than £+ 0.01 m/s.
In addition, the generated control force remains very small, which is less than the level of the
disturbances. This result shows that the chaser can reach the target smoothly in the presence of
the disturbance force using the trained fuzzy controller proposed. It can be seen that the FIS-based
controller is robust to uncertainties even though the disturbances are not included in the training
process.



50 T T T T T

E
=
S 0r
.‘a
=
2
@
Z =50 - z| 4
= y
é z
_100 | | | | | | | | |
0 20 40 60 80 100 120 140 160 180 200
Time (s)

(a) Relative Position

g —
= vl
h—1 z
k-
g
2
=
) |
m 1 1 1 1 1 1 1 1 1

0 20 40 60 80 100 120 140 160 180 200
Time (s)
(b) Relative Velocity
0.5
~ —fa
z —h
o e
2
S ot
F
g
&)
_0.5 | | | | | | | | |
0 20 40 60 80 100 120 140 160 180 200
Time (s)
(c) Force
Figure 5. Chaser’s State (Training)
Table 5. Simulation Parameters for Testing
Parameters Values
Simulation time 400 (s)
Tnitial relative position [10 60 —40]" (m)
Disturbance (d) [~1.1cosmnt —2.2sinmnt +7/3 Lacosmnt]' x 1072 (N)
CONCLUSIONS

This work proposes a fuzzy inference system-based control model for a chaser to reach a cooper-
ate target on a circular orbit in the final approach phase while minimizing the energy consumption
of the chaser. The proposed fuzzy controller provides the proper force required using the relative
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Figure 6. Chaser’s State (Testing)

position and velocity error. Also, the proposed fuzzy controller is trained by a genetic algorithm.
The offline training process deals with multiple initial relative positions of the chaser while the
trained controller is applied to a testing environment including disturbances, which is different from
the training scenarios. Consequently, the results showed that the proposed fuzzy controller properly
produces the control force for the chaser to smoothly approach and reach the target. In future work,
the proposed controller will be improved by conducting more training to obtain better control force
trajectories, and a collision avoidance capability that can safely navigate around the target will be
added to the controller.
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