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(ABSTRACT)

The feasibility of neural networks to control dynamic systems is examined.
Control of a one-dimensional problem is initially investigated to develop an
understanding of the structure and simulation of the neural networks. A nondimensional
problem is also explored to apply a single neural network design to controlling a class of
systems with a wide variety of modeling parameters. Finally, these techniques are
applied to control a space vehicle to transfer, intercept, and rendezvous with another
orbiting vehicle using the Clohessy-Wiltshire equations of relative motion in two
dimensions. A combination of open-loop and closed-loop neural network controllers is
shown to work effectively for this problem. Noise is added to the neural network inputs

to demonstrate the robustness of these networks.
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Chapter 1

Introduction

1.1 Rendezvous Missions, Past and Present

On the eve of international cooperation in space, a wide variety of space missions
can arise that may require space vehicles to intercept and rendezvous with orbiting earth
structures. Closed-loop control can be applied to many of these missions, including
satellite retrieval and repair, earth-to-space station supplies delivery, and in support of
astronaut extravehicular activities (EVAs). Other missions include shuttle launchings of
"tug" vehicles to rendezvous with and refuel orbiting satellites.

Unaided intercept and rendezvous is not a new concept. Lutze [1] creates charts
with which an untethered astronaut with a maneuvering unit may return to a shuttle or
space station using two impulses. This approach allows the astronaut to dictate the time
to rendezvous, which is necessary because the astronaut has a limited oxygen supply.
The recent development and testing of SAFER (Simplified Aid For EVA Rescue)
demonstrates the ongoing studies of untethered astronaut EVA missions [2]. Astronauts
equipped with this maneuvering unit are mobile as well as protected from drifting off into
space.

Since the deployment of orbiting Soviet space stations, maintenance supplies have
been transported manually as well as automatically. Some recent attempts at automatic

rendezvous and docking have failed, requiring manual control, but Russian and other
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European crew members aboard MIR are continuing tests to improve their control
designs [3]. Recent retrieval of the German Crista-Spas satellite by the space shuttle
Atlantis’' fifty-foot robot arm demonstrates a new rendezvous approach that NASA plans
to use for future MIR station dockings [4]. This satellite retrieval was the first ever
accomplished by shuttle astronauts from underneath the satellite.

The above examples demonstrate the continuing efforts to develop new
technology for rendezvous applications. Because fuel expenditure is often a factor in
the design of space vehicle control systems, methods of conserving fuel during space

vehicle maneuvers will now be discussed.

1.2 Minimum-Fuel Rendezvous: General Overview

The objective of this research is to determine a control scheme that will
autonomously drive a vehicle to transfer, intercept, and rendezvous with a passive
vehicle while minimizing fuel expenditure. A method of solving a special case of the
minimum-fuel orbit transfer and rendezvous problem uses the Hohmann Transfer Orbit
[5]. This transfer orbit requires that the target and interceptor be in concentric circular
orbits and that the two vehicles lie at specific positions relative to one another before the
transfer can commence. One disadvantage to this method is that the time required for the
vehicles to reach the appropriate relative position for transfer may cause the duration of
the complete maneuver to be unreasonably long. Another issue is that this rendezvous
method requires impulsive thrust bursts, which can only be approximated.

Robbins [6] studies the impulsive approximation, comparing its validity to finite
burns. He presents a method of estimating impulsive performance penalties associated
with the use of realistic thrust levels. He also demonstrates the use of optimal impulsive

trajectory data to generate near-optimal finite-thrust trajectories.
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There have been many approaches to solving the minimum-fuel problem using
calculus of variations. "The Lawden problem", which solves for minimum-fuel rocket
trajectories in an inverse square field, utilizes what Lawden [7] terms the "primer" vector.
These problems assume the rocket has constant exhaust velocity and unbounded thrust
magnitude. The primer vector, which is the vector of adjoint variables associated with
the velocity vector, dictates the thrust and coast structure.

Under the assumption of unbounded thrust, the minimum-fuel trajectory generally
includes impulsive thrusting. However, primer vector theory applies to bounded as well
as unlimited thrusting models. For impulsive applications, when the primer vector
magnitude is equal to one and its derivative is equal to zero, an impulsive thrust is
performed in the direction of the primer vector.  For bounded thrust problems, the thrust
magnitude is to be at its maximum level when the magnitude of the primer vector is
greater than unity, and it is to be applied in the direction of the primer vector.

Lion and Handelsman [8] investigate primer vector theory and the feasibility of
additional mid-course impulses. Prussing has done an extensive amount of work using the
primer vector to solve the fuel-optimal impulsive thrust rendezvous problem. Initially
[9], he shows how fixed-time rendezvous trajectories can be computed using four
impulses. Later [10], he solves the problem using two and three impulses. In both
applications, he assumes that the interceptor and target are in the vicinity of a circular
orbit so that the linearized Clohessy-Wiltshire [11] equations can be utilized. Finally,
Prussing and Chiu [12] use the results of Lion and Handelsman to solve the minimum-
fuel circle-to-circle rendezvous problem while allowing for initial and final coast
segments.

Hinz [13] uses variational methods other than utilizing the primer vector to
compute low-thrust optimal near-circular orbit transfer trajectories. Vasudevan [14]

takes yet another approach to solving the fuel-optimal impulsive orbit transfer problem.
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He does not use the primer vector; rather he considers a specified number of impulses and
uses nonlinear programming techniques to determine the fuel-optimal trajectory.

All of these techniques determine the optimal thrust control for a specified initial
condition. The resulting thrust times and thrust directions are then utilized in the form of
an open-loop optimal controller. Open-loop operation of a control system can be risky
because the controller usually cannot recover from external disturbances. Closed-loop
controllers and the form of controller used in this research will be discussed in the next

section.

1.3 Optimal Controller Design for Minimum-Fuel Rendezvous

There are several desirable properties in any space vehicle navigational control
system design. Two of these are stability and robustness . For a bounded input, a stable
system produces a bounded output. An unstable system does not. Robustness has many
meanings, but for this research, it will refer to the control system's ability to operate as
designed in the presence of disturbances. This is also called performance robustness.

Feedback control systems [15] are used extensively because they can be designed
for stability and performance robustness. Full-state-feedback systems have been studied
for optimal control applications and have proven to be effective as regulators and
trackers. This kind of design requires sensors to measure the system state at all times.
When some state variables are not measured, then estimators, or observers, take their
place to approximate the state variable at any given time.

A full-state-feedback system would probably be the best navigational control
system for optimal vehicle transfer, intercept, and rendezvous. It would be able to
account for disturbances such as impacts of micro meteorites as well as state

measurement errors. However, the design of such a controller is nontrivial.
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One method for designing such a controller is to linearize the equations of motion
about the target position. These equations describe the movement of the interceptor
vehicle with respect to the target vehicle. If the target vehicle lies in a circular orbit, then
the equations of motion become the familiar Clohessy-Wiltshire equations, which are
linear, ordinary differential equations with constant coefficients.

Standard Linear Quadratic Regulator (LQR) theory [15] can be used to design a
feedback control system for this problem in a straightforward manner. However, in the
case where the satellite is required to operate at some fixed thrust level, regulator theory
cannot be applied directly because the LQR solution requires variable levels of thrust.

To develop a closed-loop control system which will minimize fuel consumption
for the case where the thrust is fixed at some level or is off, it is necessary to solve for the
optimal open-loop time histories for every combination of initial states. Then the optimal
closed-loop control would be the initial value of the control for each initial state set, so
that a map of the control as a function of the state can be generated. The number of
trajectories to be calculated increases dramatically each time a new state variable is added
to the system, such as if the mass were to be considered a time-varying state instead of a
constant.

For a realistic problem with several states, the number of optimal open-loop
solutions required to generate the closed-loop map can become staggering. Furthermore,
once they are obtained, developing a procedure for implementing the implied closed-loop
control is not straightforward. Therefore, in order to implement such a scheme,
consideration must be given to techniques which will reduce the amount of open-loop
optimization problems to be solved and to methods of representing the closed-loop state
variable-control map.

Two ideas will be utilized to implement a controller which approximates the ideal

closed-loop controller outlined above. The first idea consists of using characteristics of
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the optimal trajectory observed when solving the open-loop minimum-fuel problem. The
second involves the use of a pattern recognition technique to determine the closed-loop
control given the vehicle's present state.

From the open-loop problem solutions for various initial conditions, a typical
optimal trajectory has a thrust-coast-thrust sequence of arcs. This thrust scheme is also
shown to emerge in the optimization problem and satisfies the necessary conditions for
optimality. The open-loop segment of the maneuver therefore utilizes this form of
control scheme. Based solely on information at the beginning of the maneuver, open-
loop control parameters are generated that will bring the intercepting vehicle to within a
small neighborhood of the target vehicle. The remainder of the maneuver uses continuous
thrust under closed-loop control. Given regular updates of the interceptor's state, the
closed-loop controller determines the corresponding thrust angle until the interceptor is
within tolerance with both position and velocity of the target vehicle.

This design could also act as a back-up system to an existing control system. If a
space vehicle executes a rendezvous maneuver, but misses the target within a small
neighborhood, then this closed-loop controller could be utilized to drive the vehicle to an
acceptable range of the target. The controllers for both the open-loop and closed-loop
segments utilize a design technique capable of learning a system with only a

"representative” set of information about its operating range : neural network technology.

1.4 History of Neural Networks

A neural network (NN), or artificial neural network (ANN), is a system designed
to approximate the learning process of the brain. In 1943 McCulloch and Pitts [16]
introduced the idea of neurocomputing. Although they did not actually build a neural

network, they discussed the concept of a network capable of performing simple problems
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in arithmetic and logic. A few years later, Donald Hebb's The Organization of Behavior
[17] proposed a biological learning law on the neuron level which explained certain
behaviors.

The first useful neurocomputer was designed in 1957-1958 by Rosenblatt : the
Mark I Perceptron [18]. Used primarily by Rosenblatt for pattern recognition, the
perceptron established foundations for future neural network design. Associated with the
perceptron neurocomputer is a learning law which aids in the self-designing of the
network. In 1962, Widrow and Hoff created their own learning law with the introduction
of the ADALINE (ADAptive LINear Element). The aim of this new learning law, still
used widely today, was to design a neural network to minimize (or maximize) a given
cost function.

By the late 1960s, promise of artificial brains on the horizon lead to false hopes,
and the popularity of neural networks diminished. It was not until the 1980s that
neurocomputing was revitalized. John Hopfield [19,20] was instrumental in persuading
scientists to pursue studies in neural network applications. Finally, with the publication
of the "PDP Books" (Parallel Distributed Processing, Vols. I and II) by Rumelhart and
McClelland [21], the neural network field began to boom once again. These books
include the powerful learning capabilities of the backpropagation method.

The application of neural networks to solve problems to a wide variety of fields is
discussed in Chapter Two. Emphasis is placed on the ongoing use of neural networks in
control system design. There has been very little done in the area of autonomous neural
network control. Some of the design approaches taken in this research are similar to
works that will be mentioned in Chapter Two. However, the application and simulation
of the final designs in this research are new. Some terminology associated with neural
network design and operation is also included in Chapter Two. The application of neural

networks to optimally control a simple system is explored in Chapter Three. A more
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complex version of this simple system is investigated in Chapter Four. Chapter Five uses
some of the knowledge gained in the previous chapters to design an autonomous

controller for the space vehicle orbit transfer, intercept, and rendezvous problem.
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Chapter 2

Neural Networks

2.1 Introduction and Applications

A neural network is a system of interconnections that takes input signals and
produces desired output signals. Unlike programmed computing where algorithms and
rules must be known a priori, a neural network is able to process information when very
little is known about the system. It takes the place of software programming which can,
in some cases, be quite difficult and sometimes very expensive. The motivation for using
neural networks lies in their ability to learn patterns. If the optimal behavior of a system
follows some kind of predictable pattern, then it is possible that a neural network can
learn to mimic it.

Neural networks are becoming more and more popular for a variety of
applications. Lisboa [22] summarizes some of the widespread use of neural networks.
Some of these applications include designing neural networks to predict medical risk,
manage airline revenue, and model nonlinear chemical processes. He also discusses the
real-time neural network control of robotic manipulators. Neural networks are also being
applied to the robotics inverse kinematics problem of learning the many possible
combinations of manipulator arm joint angles that properly position the "hand."”

Neural networks are becoming more popular as nonlinear system controllers as

well as parts of control systems. Iiguni et al [23] use two neural networks with a linear
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quadratic regulator (LQR) to estimate and compensate for the error resulting from
regulator modeling uncertainties. Nosek [24] uses neural networks to estimate critical
loads that contribute to the fatigue of a helicopter's main rotor. Grogan [25] applies
neural networks to aircraft control allocation. He demonstrates how a neural network can
model the available moment subset (AMS) for an aircraft as well as estimate the
interdependencies between moments and the control surfaces. Figs. 2.1a and b show
block diagrams that illustrate how, in general, neural networks can be implemented as a
control system.

The powerful learning ability and versatility of neural networks is demonstrated in
the neural network control of a nonlinear truck backer-upper system designed by Nguyen
and Widrow [26]. The objective of the neural network controller is to take a truck at rest
at some initial position relative to a loading dock and drive it, backing up only, until it
reaches an acceptable position for unloading onto the dock. Their approach is interesting
because they initially design a neural network that emulates the truck's kinematics.
Rather than hire a professional truck driver to measure out the steering wheel angles at
each instant (a very tedious task), Nguyen and Widrow design a neural network to learn
the system behavior. A second neural network uses this kinematics model to learn
optimal operation of the truck.

Osowski [27] takes a unique approach in applying neural networks to the core
element of linear, time-invariant control systems -- the transfer function. Comprised of a
numerator and denominator of polynomials or a matrix of them, a control system transfer
function represented in the frequency domain defines the basic behavior of the system.
Osowski succeeds in designing a neural network system that operates in real time to
estimate the transfer function coefficients through interpolation. He also shows how the
conjugate gradient method, instead of the steepest descent method, improves the

network's learning ability.
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There has been growing interest in using neural networks to solve optimal linear
and nonlinear control problems. Many approaches have been taken, including designing
neural networks to minimize a cost function [28]. Lee and Smyth [29] design a network
to approximate minimum-time nonlinear states-to-controls mapping. Optimal time
histories of the states and controls are used as training data so that the neural network can
operate in a closed-loop feedback mode. They apply these design techniques to a simple,
low-order approximation to the minimum-time orbit injection problem. Similar ideas for
designing and applying neural networks are used in this research.

There are many facets to designing a neural network controller. Several basic
terms and concepts common to all neural network designs will be discussed next. These
include defining the components of a typical neural network, describing its overall
structure, training the network, learning techniques, and testing neural network

performance.

2.2 Neurons and Interconnections

A neural network is a system comprised of parallel distributed information
processors called neurons . Each neuron can receive any number of inputs. The inputs
to a neuron have a weight , or multiplier, associated with them that emphasizes or de-
emphasizes the input's contribution to the system's evaluation process. Along with
weighted inputs, a neuron can have a constant bias, or forcing, element.

Each neuron has associated with it a transfer function, and that neuron's output is
the transfer function's evaluation of the combined input and bias signal. The output of the

neuron is therefore
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a=F (iwipi +b) 2.1)
i=1
where k=number of inputs and wj is the weight associated with the pjth input signal. Fig.
2.2 illustrates the neuron input-output relationship.

The interconnections define a key part of the network architecture [30]. Their
purpose is to propagate signals from the inputs to the neurons and from the neurons to the
output layer. Even the neuron outputs have weights and biases associated with them.
These, combined with the input weights and biases, form the memory of the network. The

overall structure of the entire neural network system will now be discussed.
2.3 Structure

Fig 2.3 gives the general structure of the neural networks designed in this
research. Starting from left to right, the first column of elements contains the inputs to
the system. The second column of elements is called the hidden layer. This layer is
comprised of the neuron elements discussed above. The number of neurons in the hidden
layer define the core structure of the neural network. There can be many hidden layers
with different numbers of neurons in each; however, only one hidden layer of neurons
will be used in this research. The final column consists of the outputs of the system.
This structure illustrates the feedforward operation of a neural network. Input signals are
processed with a weight and are connected to hidden layer neurons where they undergo a
transformation. The hidden layer outputs are weighted and undergo a transformation at
the output. A linear transformation was used for all designs in this research, but
nonlinear transformations may also be used at the output layer. This entire process is

called a forward sweep .
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