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Introduction

R ENDEZVOUS with the space stationwill presentsome unique
problems.Of particularconcern is the � nal portion of the mis-

sion, when the Shuttle is within approximately125 m of the station.
During this phase of rendezvousthe Shuttle’s jet plume could easily
damage the station’s large solar panels.

Unfortunately, it is dif� cult to analyze the effects of the Shuttle’s
jet plume with existing methods because a human pilot makes all
targetingdecisions during the � nal portion of rendezvous.NASA is
conducting numerous human-in-the-loopsimulations, but they are
very time consuming and cannot generate suf� cient data.1 In addi-
tion, due to the variabilityassociatedwith any human operator,para-
metric studies using human-in-the-loop simulations require very
large Monte Carlo-typeanalysis.This short-termproblem could be-
come much worse if preliminaryanalyses indicatenew pilotingpro-
cedures are necessary for space station missions. If so, many addi-
tional simulationswill be requiredto analyzeeach proposedchange.

This Note presents a software pilot model as a solution to these
problems. Its performance is compared with a number of human-
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in-the-loop simulations and with a similar pilot model based on
Boolean logic. This evaluation demonstrates that the fuzzy logic
pilot is a good model of a human pilot and is capable of supple-
menting NASA’s database. Because this pilot model provides ex-
act repeatability, it would also be bene� cial for parametric studies
used to evaluateproposedpiloting rules or techniques.During these
simulations, a few critical parameters could be varied, holding ev-
erything else constant. This is not possible with human-in-the-loop
simulations due to the variability associated with human pilots.

Development of the Pilot Model
Unlike other fuzzy logic pilot models, which are intended to be

superior to a Shuttle pilot and use navigational data that are not
available to astronauts, the model presented in this Note is designed
to emulate an astronaut’s performance.2¡5 This model, therefore,
only uses the sensory data available to an astronaut.

A pilot has three referencesof relative position and velocity dur-
ing the terminal phase of rendezvous. The best reference is simply
the view out the window. To assist the pilot, cross hairs, referred to
as the crewopticalalignmentsight (COAS), are mounted in the win-
dow. The view through the COAS helps the pilot keep the Shuttle
within a prescribed approach corridor, typically an 8–10 deg cone
extending in front of the target vehicle. A pilot determines whether
vertical (or horizontal) burns are requiredby referencingthe target’s
vertical (or horizontal) position and velocity in the COAS. Astro-
nauts can also reference an instrument that displays the Shuttle’s
attitude rates. This information helps the crew determine whether
the target’s motion through the COAS is due to the Shuttle trans-
lating or rotating. The third instrument, which will be added for
rendezvous missions to the space station, is a laser. It will provide
range and range rate information to the target. Software models of
all three of these references were used by the pilot model.

The pilot model processes these data using fuzzy logic (see Refs.
6–9 for a discussionof fuzzy logic). This logicwas developedbased
on pilot comments, piloting rules and techniques,and simple orbital
analysis.However, the primary source of information used to deter-
mine the speci� c fuzzy rules and set boundariescame from analyses
of over 90 NASA human-in-the-loopsimulations.

The fuzzy rules used by the pilot model are very simple. As with
real pilots, each axis is controlledindependently.The two axes used
to keep the Shuttle inside the approach corridor have roughly 14
fuzzy rules each.These rules considerthe estimatedrelativeposition
and velocityof the Shuttle with respect to the stationas seen through
the COAS. A typical fuzzy rule is as follows. If the Shuttle is high
and is moving up rapidly, then make two burns vertically.The terms
high and up rapidly are de� ned by fuzzy sets. Because human pilots
� y a smallerapproachcorridoras the distanceto the targetdecreases,
the de� nitions for these set boundaries differ slightly for large and
small ranges, which are also fuzzy sets. In addition, another fuzzy
rule inhibits the actions if the Shuttle’s attitude rates are relatively
high (another fuzzy set). This mimics real pilots,who know the view
through the COAS is unreliable if the Shuttle has a high attitude
rate. Therefore, they wait to assess the need for any burns until the
Shuttle’s attitude motion is relatively low.

The logic for controlling the Shuttle’s closure rate uses only two
simple rules. If the closure rate is fast, a single burn is made directly
at the station to decreasethe closurerate. Likewise, if the closurerate
is slow, one burn is commanded to increase it. The set boundaries
for the fuzzy terms fast and slow vary with range and correspond to
NASA’s piloting rules and observed pilot performance.

Results and Discussion
The � rst objective for any pilot model is to duplicate the perfor-

mance of an average human pilot. This capability is demonstrated
by comparing one simulation by the fuzzy pilot with four human-
in-the-loop runs using the same initial conditions.

Figure 1a compares the trajectories in the orbital plane for these
differentsimulations.This is a pro� le viewof theShuttle’s approach,
beginning in the lower left-hand corner and ending on the right. It
uses a local vertical, local horizontal (LVLH) coordinateframe. The
origin is the space station’s center of mass. The X axis, shown along
the horizontalscale, measures the positionof the Shuttle’s center of
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mass in front of the station, and the Z axis, shown along the vertical
scale, measures the Shuttle’s position below the station.Notice that
all of the simulations began with one large hop about 100 m in front
of the station. Then, through a series of smaller hops, the Shuttle
approached the station, staying below the station’s center of mass
and within the prescribedcorridor.After completingthe rendezvous
the Shuttle’s centerofmass was approximately28 m belowand15 m
in front of the station’s center of mass. Notice that the solid line,
which depicts the fuzzy pilot’s trajectory, is average. It is a smooth
trajectory that avoids the extremes of the four human-in-the-loop
runs.

As a comparison,Fig. 1b shows the same four human-in-the-loop
runs comparedwith another pilot model that uses similar rules, only
these rules are based on Boolean logic.This pilotmodel, which took
just as long to developas the fuzzy pilot model, is not representative
of the human-in-the-loop results.1 It does not travel as high on the
� rst hop and never drops as low as the other runs. It also has a much
more abrupt control response than the humans. This is a result of
the limitations associated with traditional, Boolean logic. It cannot
easily combine the conclusions from a number of rules. In addition,
the transition from one set to another is well de� ned. As a result,
the Boolean pilot has an abrupt transition between its decision to
not make a burn and its decision to make a burn.

As shown in Table 1, the fuzzy pilot also more closely matches
the average human-in-the-loop simulation in three important cat-
egories: the total simulation time, fuel used, and total jet on-time
commanded by the pilot. A comparison of 41 other parameters and
7 other trajectory plots also demonstrated that the fuzzy pilot is a
better model of a human’s performance.1

a) Fuzzy pilot

b) Boolean pilot

Fig. 1 Trajectories from two pilot models compared with four human-in-the-looptrajectories.

The fuzzy pilot model can also easily emulate different piloting
techniques using the same decision logic. Just as different human
pilots have differentde� nitions for terms such as high, low, etc., the
pilotmodel can also rede� ne these fuzzy terms. To demonstratethis,
the fuzzy sets were adjusted slightly, allowing the model to mimic
the highest and lowest trajectories from the four human-in-the-loop
runs.1 This capability allows the fuzzy pilot model to emulate a
range of potential pilots, not just one average pilot.

The � nal evaluation of the fuzzy pilot compared its performance
with the results from one human pilot using a number of different
initial conditions.For this comparison, the fuzzy pilot � ew all eight

Table 1 Comparison of two pilot models

Average human Fuzzy Boolean
simulation pilot pilot

Time, s 1975 1966 1830
Fuel, kg 112 111 106
Jet time, sa 66.5 65.0 57.9

aTotal jet on-time commanded by the pilot.

Table 2 Evaluation of the fuzzy pilot

Human pilot Fuzzy pilot
Average r Average r

Time, s 2106 261 2139 227
Fuel, kg 101 23 104 20
Jet time, sa 60 14 59 12

aTotal jet on-time commanded by the pilot.
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a) Eight simulations by a human pilot

b) Eight simulations by the fuzzy pilot

Fig. 2 Comparison of trajectories by a human pilot and the fuzzy pilot.

simulations that were � own by one human to a speci� c assembly
stage of the space station. For this test, however, the same set of
pilot parameters used by the fuzzy pilot discussed earlier could not
be used because this new set of simulations was created using a
different station assembly stage and a smaller approach corridor
speci� ed by newer NASA piloting requirements.Therefore, one of
the human-in-the-loop simulations was used to determine the new
fuzzy set boundaries. These new sets were then used for all eight
simulations by the fuzzy pilot model.

The trajectory plots comparing these two sets of eight runs in the
orbital plane are shown in Fig. 2. For all eight simulations the fuzzy
pilot responded well and displayed typical human characteristics,
without requiringmodi� cations for each initial condition.However,
the human pilot’s trajectorieshad slightly more variation than those
� own by the pilot model. This was expected because the fuzzy pi-
lot’s parameters were held constant for all eight simulations. Some
variation of the fuzzy set boundaries would be necessary to accu-
rately model the inconsistenciesof a human pilot over a number of
different simulations.

For this evaluation, however, the fuzzy sets were not varied, and
the fuzzy pilot was very consistent.This consistency is not possible
with a human pilot and is one reason the fuzzy pilot is well suited
for parametric studies. Using this model, studies can be performed
while varying only the parameter in question and keeping all others
constant. This is not possible with human-in-the-loop simulations
due to the variability associated with any human operator.

Other comparisons of these simulations were made, including
the location and frequency of burns, other trajectory plots, COAS
angles,closurerate,and � nalmiss distance.All of thesecomparisons

showed the fuzzy pilot had similar performance when compared
with the human pilot.1 As a sample, Table 2 shows the average
simulation time, fuel consumed, and total jet on-time commanded
by the pilot for both sets of runs. For each parameter the simulations
by the fuzzy pilot are representativeof the human’s results.

Conclusions
A fuzzy logic control system can accurately model a human pi-

lot during the terminal phase of Space Shuttle rendezvous. Such
a model is needed to generate numerous simulations for analyses
of the Shuttle’s jet plume effects on the space station. The fuzzy
pilot proved to be a much better model of a human than a similar
model based on Boolean logic. The fuzzy pilot model displayed
average performance when compared with four human-in-the-loop
simulations from the same initial conditions. The fuzzy pilot also
demonstrated its ability to emulate different piloting techniques by
simply adjusting the de� nitions of a few fuzzy sets.

Finally, the pilot model demonstrated that it does not have to be
adjusted for each initial condition. Using the same parameters, it
produced human-like results from a number of initial conditions.
This capability gives the model a great deal of consistency, which
will be bene� cial for future parametric studies.
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Introduction

I N this Note, we develop the minimum-time, continuous-thrust,
planar transfer from one circular orbit to another using the

Kustaanheimo–Stiefel (KS) transformation. The development is
closely related to other work on minimum-time, continuous-thrust
transfers1 and makes use of the approximate initial values of
Lagrange costates developed in Ref. 1. The following development
is intended to provide insight into the numerical solutions.

The KS transformation2 is intended to regularize the equations
of motion in the problem of two bodies.3 When this transformation
is used in conjunction with a change of independent variable, the
equationsof motion in two dimensions have the form of a harmonic
oscillator.2 This allows for simple analytical solutions, which may
be perturbed by other forces such as a third body or a propulsion
system. If the spacecraft is propelled by continuous thrust, there
are no analytical solutions to the problem. However, a perturba-
tion approach using a small thrust parameter may provide a reason-
able approximation to the exact case. To determine the accuracy of
such an approximation, an exact numerical case must be available.
Because the exact solution requires solving a two-point boundary-
value problem, it is of interest to develop a reliable means of ob-
taining these solutions.
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Euler–Lagrange theory is applied to the transformed equations
of motion to obtain the optimal control formulation. Based on the
resultsof many numericalcases, the optimal initial costates are plot-
ted against each other for a large range of initial thrust acceleration
values. A speci� c example is providedof an Earth-to-Mars transfer,
with the resulting converged values of the initial costates and the
� ctitious time.

Equations of Motion
We begin by developing the regularized equations of motion,

including the terms due to continuous thrust acceleration a(t) D
T / (m0 C Pmt ), where T is the constant thrust magnitude, m0 is the
initial mass, and Pm is the constant rate at which mass is expelled by
the thruster. All quantities are expressed in canonical units,4 where
the gravitational constant l is unity regardless of the system un-
der consideration as long as the initial circular radius is de� ned
to be one distance unit (DU) and the initial circular velocity is
one distance unit per time unit (DU/TU). The initial acceleration
due to thrust is A D a(t0), and the � nal desired orbit radius is
R D r(t f ). The equationsof motion for a two-dimensionalorbit are
as follows:

Rx D ¡( l / r 3)x (1)

Ry D ¡( l / r 3)y (2)

as seen in Fig. 1.
Using the KS transformationfor two dimensions, the coordinates

x and y are replacedby u1 and u2 throughthe followingrelationship:

(u1 C iu2)
2 D x C iy (3)

The independent variable t is replaced by the � ctitious time s with
the following differential equation:

dt

ds
D r (4)

These transformationslead to the regularized equations of motion2

u 00
1 D 2(u0T u0) ¡ l

2r
u1 (5)

u 00
2 D 2(u0T u0) ¡ l

2r
u2 (6)

The primes indicatedifferentiationwith respect to s, u D (u1, u2)T ,
and r D u2

1 C u2
2 . The symbol (u0T u0) indicates an inner product.

The purpose of the regularizationunder the KS transformation is to
reduce numerical integrationdif� culties when r is small by placing
the inverse of r into a term that represents the constant angular
momentum magnitudeof a two-body orbit. This term premultiplies
the state variablesu1 and u2 in Eqs. (5) and (6) but it will not remain

Fig. 1 Problem geometry in two dimensions.


