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Application of the fuzzy logic intelligent control of space-based systems has received relatively less attention
compared to conventional control procedures. Basic concepts involved in development of a hierarchical control
system using fuzzy logic are explained. Next, fuzzy logic is applied to control a novel two-link robotic arm, com-
posed of revolute and prismatic joints, supported by a mobile base traversing along an orbiting platform. The
control system that is developed has three levels. A conventional controller, consisting of the feedback linearization
technique combined with proportional-derivativecontrol is used in the bottom level of the hierarchical system, to
control the servomotors of the robot. A second layer consists of a servo-expert that preprocesses the high-resolution
information coming from joint encoders and extracts the status of the system. A third, intelligent layer is added
at the top of the hierarchy to complete the control structure. The main purpose of the top level is to tune the
parameters of the crisp (conventional) controller to improve the response of the system. A decision table is devel-
oped of� ine, for tuning the parameters of the crisp (nonfuzzy) controller, which considerably reduces the real-time
computational effort. Typical pick-and-place results from the robot are presented that show that extra tuning can
signi� cantly improve the performance of the manipulator.

I. Introduction

A HIERARCHICAL structurehavinga high-speedconventional
(crispor nonfuzzy)controllerat the bottomlayerand an intelli-

gent tunerat an upperlayer is developedin the presentworkandused
in the speci� c contextof controllinga space-basedplanardeployable
manipulator.The robot, with deployable and slewing links, is posi-
tioned on an orbiting � exible platform (Fig. 1). The robot dynamics
are modeled using an order N algorithm based on the Lagrangian
approach and velocity transformations. The feedback linearization
technique (FLT), with proportional-derivative(PD) control, is used
to compensate for system nonlinearities and to regulate the rigid
degrees of freedom. The intelligent tuner at the top level of the hier-
archical system is developed from a validated set of linguistic rules
for PD servos, using fuzzy system concepts. The performance of
the hierarchical control system is evaluated on the basis of several
test cases.

II. Motivation, Background, and Review
A. Motivation

One of the space projects that is receiving considerable attention
is the International Space Station. The station will bene� t from a
mobile servicing system (MSS) for its construction, operation, and
maintenance.The MSS consists of three parts: the space station re-
motemanipulatorsystem(SSRMS)having7 degreesof freedom,the
special purpose dexterous manipulator (SPDM) with 15 degrees of
freedomfor � ne manipulations,and the mobile base system (MBS).
The MBS is a platformthat moves along the trail coveringthe length
of the space station. The system would enable missions such as the
launchand captureof satellites,the transportationof equipment,and
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the support of extravehicular activity. The SSRMS and the SPDM
will normally operate under astronaut supervision. The astronauts
will need suf� cient training to use the robotic manipulator.

For systems of this nature that operate in a hostile environment,
one important goal is to reduce the extravehicularactivity by astro-
nauts. Robotics and automation are identi� ed as key technologies
that are applicable in achieving that objective. Autonomous, semi-
autonomous,and dexterousspace robots can reduce the workloadof
astronauts, improve safety, and increase the accuracy, repeatability,
speed, and � exibility.Furthermore, theydecreasethe dependenceon
ground stations and communication links. Effective control strate-
gies are essential for the robot system in realizing these objectives.
There is a need for intelligent control and knowledge-based tech-
niques, particularly due to the emphasis on nearly autonomous op-
eration, with minimal human intervention.

Practical robots such as space manipulators are complex systems
because they normally exhibit the following characteristics: non-
linearities, dynamic coupling, link and joint � exibility, model er-
rors, parameter uncertainties, and unexpected disturbances.1 Thus,
space-based robotic manipulators represent a class of applications
where knowledge-based control, which makes use of the operator
experience, is particularly advantageous.2

B. Background
1. Deployable Manipulator

A variable-geometrymanipulator has been designed and built at
the Institute of Robotic and Intelligent Systems laboratory of the
University of British Columbia.3 It comprises two modules, each
consisting of two links, one free to slew (revolute joint) and the
other able to deploy and retrieve (prismatic joint). A general repre-
sentationof the systemis shown in Fig. 2. This manipulatorpresents
the following attractive features compared to a system having rev-
olute joints alone with the same number of degrees of freedom3:
1) reduced inertia coupling leading to simpler equations of motion,
2) improved capability to overcome obstacles, 3) simpler inverse-
kinematics problem, and 4) smaller number of singular con� gura-
tions.

2. Conventional vs Intelligent Control
In spite of the considerable progress that has been made in con-

trol theory,many industrialcontrolproblemsare still solved through
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Fig. 1 Space-based deployable manipulator.

Fig. 2 Mobile � exible deployablemanipulatorwith modules of slewing
and deployable links.

empirical and heuristic approachesdevelopedby experiencedengi-
neers. Intelligent control makes use of a knowledge base that is
evolved through human experience or related means, for control-
ling those processes that cannot be effectively controlled by using
conventionalcontrol techniques that are based on crisp algorithms.
Given hereafter is a brief review of the transition from conventional
control to intelligent control.

a. Conventional control. The expression conventional control
refers here to those systems that utilize crisp control algorithms
that are based on theories developed to control dynamic systems
described by differential and difference equations. The term crisp
is used here to mean nonfuzzy as is done routinely in the literature.
There are several reasons why conventional controllers alone may
be incapable of providing expected performance in complex plants:

1) A model-based controller may not give satisfactory results
if the robot model is inaccurate, which will be the case generally
because of a) parameter changes, b) unmodeled dynamics and time
delays, c) nonlinearities,d) changes in operating point, and e) high
order, particularly contributed by distributed inertia and � exibility.

2) The environment with which the robot interacts may not be
completely predictable.

3) A conventional crisp algorithm, in general, cannot respond
accurately to conditions that it cannot foresee or understand.

4) A crisp control algorithm will need a complete set of data,
which may not be always available.

5) Sensor noise may make conventional controllers alone inca-
pable of providing expected performance.

b. Adaptive control. When � xed-parameter feedback control-
lers do not give satisfactory results, then adaptive controllers may
be used. In this case, the controller parameters are changed on line,

based on error feedback and optimization of some performance in-
dex. Controllers can be designed to meet the performance require-
ments around an operating point where a linear model would be
valid. Then, by using a scheduler, the controller can be made to
meet the speci� cations over the whole operating range.4 However,
sometimes the operating range may have to be increased even fur-
ther. The control system should be able to cope effectivelywith sig-
ni� cant uncertainties in models of increasingly complex dynamic
systems. It should be able to deal with signi� cant unmodeled and
unanticipated changes in the plant, in the environment, and in the
control objectives. Under such circumstances, the effectiveness of
conventionalcontrolwill deteriorateand may necessitate intelligent
control techniques for satisfactory control.

c. Intelligent control. An intelligent control system, in general,
is able to acquire and representknowledgeaboutboth the plant to be
controlledand the environmentin which the plant operates.It is able
to 1) work with incomplete information, that is, incomplete model,
incomplete rulebase, incompletedata, and so forth; 2) learn through
experience; and 3) effectively operate in an unknown or unfamiliar
environment, under parameter changes, disturbances, and so forth.

In other words, intelligent controllers are intended to replicate
some of the human abilities such as adaptation and learning, plan-
ning under large uncertainty, and coping with large amounts of
data.5;6 They typically aim to attain higher degrees of autonomy.
This has lead to functional architecture such as hierarchies. For in-
stance,a supervisorylayer can be added to a control system that uses
discrete-event control. Such systems may be referred to as intelli-
gent because the controller attempts to mimic high-level decision
making processes of human operators.

Intelligentcontrol builds on and enhances the conventional(crisp
or nonfuzzy) control techniques to solve new challenging control
problems. The research areas related to intelligent control include
soft computing techniques such as neural networks, fuzzy logic,
and genetic algorithms.7 The three soft computing techniquesmen-
tioned in Table 1 can be directlyutilized in intelligentcontrol,either
separately or synergistically.

d. Knowledge-based systems. The major advantage of a know-
ledge-based control procedure consists in its ability to use struc-
tured information available in nonnumeric form. It can, thus, deal
with the accumulated knowledge in a set of linguistic statements. It
is particularlyattractivewhen a considerableamount of knowledge,
expertise (specializedknowledge), and experience are available for
controllinga particularplant, which may be incompletelyknown or
too complex for accurate modeling.6 One can, therefore, combine
the advantages of a computer with some of the intelligent charac-
teristics of a human for making inferences and decisions.

The main components of a knowledge-based system, as shown
in Fig. 3, are a knowledge base, an inference engine, one or more
databases, and a user interface. The knowledge base represents the
available knowledge obtained from the linguistic descriptionof hu-
man expertise in controllinga process.The inferenceengine tries to
match the present data (context) with the condition part of the rules
in the knowledge base (KB) to determine the control actions,

Inference D M[P.D/; KB] (1)

Table 1 Soft computing techniques

Example of application to robots Strength

Neural networks (NN)
NN-based controller taking the With its learning and adaptation

form of adaptive multilayer ability, NN is able to account for
network; adaptable parameters nonlinearities and uncertainties in
are adjustable weights between robot dynamic model regardless
nodes of complexity

Fuzzy set theory
Direct joint control; tuning of Easy implementation of expert

parameters of low-level knowledge, via fuzzy IF–THEN
controller rules

Genetic algorithm
Optimization and adaptive learning Derivative-free optimization and

control of process plant evolution through learning
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Fig. 3 Main components of a knowledge-based system.

where

P = preprocessingoperator that converts the data to a form
compatible with the KB, for example, a fuzzi� cation
operation in a fuzzy knowledge-basedsystem

D = current data or information (context)
M = matching operator

The inference mechanism may also handle con� ict resolution
usingmethodssuch as � rst match, toughestmatch,privilegedmatch,
or most recent match.6 There are many sources that lead to the
developmentof a KB: human expertise, literature,experimentation,
computer simulation, analysis, etc. Some areas of application of
expert systems are design, interpretation,advising (legal, medical,
etc.), forecasting, diagnosis, and prescription.

3. Fuzzy Logic and Fuzzy Control
Fuzzy logicallows the useof not-so-well-de�ned linguisticterms.

Consider the following example. An integer is either odd or even.
The classes odd and even are clearly de� ned. On the other hand, the
class tall does not have such a clear (crisp) boundary.A person with
a heightof 1.65 m is not consideredto be tall. A person with a height
of 1.95 m will surelybe consideredtall. What aboutheightsbetween
1.65 and 1.95 m? There is no universally accepted crisp boundary
in this case. More closely related to engineering, an experienced
operator could make the following statement about the behavior
of a process: If the overshoot is big, then reduce the proportional
gain moderately. Although the terms big and moderately do not
have a crisp boundary, the operator’s linguistic statement carries
someknowledge.Zadeh,8;9 the fatherof fuzzy logic,developedthree
decades ago a systematic framework to deal with fuzzy quantities
such as tall and big. Fuzzy logic uses the concept of fuzzy sets
that can model intermediate grades of belonging that occur in any
concept.

Fuzzy controllers came into considerationat the beginningof the
1970s. They were inspired by the ability of human operators to in-
terpret linguistic statements about a process under control and to
reason for control actions, qualitatively, in the absence of precise
and complete data as well as a mathematical model of the plant.
Fuzzy control is a class of knowledge-based control procedures. It
incorporates control knowledge in the form of a set of linguistic
statements (rules) that may contain fuzzy quantities. Fuzzy logic
control (FLC) has been applied to ship autopilots, subway cars,
helicopters,pilot-scale steam engines, cement kilns, robotic manip-
ulators, � sh processing machines, household appliances, and many
other systems.

C. Literature Review
In this section, to begin with, the literature relevant to the exist-

ing variable-geometrymanipulator is brie� y reviewed, followed by
more important as well as appropriatecontributionsrelated to fuzzy
logic and hierarchicalcontrol.

1. Variable Geometry Manipulator
Several studies have been conductedaimed at dynamics of struc-

tures with � exible deployablemembers. Lips and Modi10;11 as well
as Modi and Ibrahim12 studied systems with deployableappendages
directlyconnectedto a centralbody.Similar studies, involvingslew-

ing and deployable appendages,were later conducted by Modi and
Shen.13

A one-unit manipulator consisting of � exible revolute and pris-
matic joints, located on an orbiting � exible platform as shown in
Fig. 1 was investigatedby Marom and Modi.14 The study of its pla-
nar dynamics and control showed signi� cant coupling effects be-
tween the platform and the manipulator dynamics. A multimodule
con� guration was subsequently studied by Modi et al.,15 as well as
Hokamoto et al.16 and Hokamoto and Modi.17;18 Caron19 presented
an O.N / formulation for studying the planar dynamics and con-
trol of a multimodule manipulator consisting of several units, each
having one revolute and one prismatic joint. The results showed
interactions between � exibility, librational dynamics, and manipu-
lator maneuvers. He also investigated the use of an FLT and lin-
ear quadratic regulator to control such manipulators.Chu3 designed
andconstructeda variable-geometrymanipulatorprototype.He con-
ductedsimulationstudiesaswell asexperimentsusingtheprototype,
� nding that signi� cant coupling can exist among the base, joints,
and payload vibrations.

2. Hierarchical and Knowledge-Based Control Using Fuzzy Logic
Zadeh20 was the � rst to develop fuzzy logic as a tool for reason-

ing with imprecise concepts that arise in systems engineering. He
proposed an approach for representing the vague reasoning of the
human decision making process. The establishment of this theory
has given birth to knowledge-basedcontrol and enriched the design
of hierarchicalcontrol systems.

Mesarovic et al.21 pioneered a theory for a hierarchical, multi-
level system. They dealt with the levels of abstraction, complexity
of decisionmaking, and of priority of action. Zadeh22 has discussed
the role of fuzzy logic in the management of uncertainty in expert
systems. He developeda systematic approach to the managementof
information that is imprecise or incomplete.Rasmussen23 looked at
the roleof hierarchicalknowledgerepresentationin decisionmaking
and system management. This also includes the role of abstraction
hierarchy in a supervisory control system and the extractionof sig-
ni� cant informationfromhigh-resolutiondata. It was concludedthat
data abstraction is a necessary step in any scheme of hierarchical
knowledge representation.De Silva and MacFarlane24 developed a
knowledge-based control structure for robotic manipulators. Their
hierarchical structure has three levels, which integrate knowledge-
based soft control with conventional hard control algorithms. The
rulebase of the fuzzy controller consists of expert knowledge in
the form of linguistic IF–THEN rules for servotuning. The main
advantages of the proposed method are the ability of represent-
ing implicit knowledge of human experts and the � exibility of the
control structure.Saridis25 has developedan analytic formulationof
the principleof increasingprecisionwith decreasingintelligencefor
intelligentmachines.De Silva26 also investigatedan analytic frame-
work for knowledge-basedtuning of servocontrollers.It involves a
two-level control structure in which a conventional proportional–
integral derivative (PID) servocontrolleris tuned using fuzzy logic.
It is demonstrated that a substantial reduction in computational ef-
fort is obtained through the analytical framework. De Silva27 has
discussed the informationfuzzinessand degree of resolutionwithin
the context of a control hierarchy and developed a criterion for de-
coupling a fuzzy KB.

Barlev28 successfully implemented an intelligent tuner for an
ill-de� ned servomotor system. Wickramarachchi29 developed a
knowledge-basedhierarchicalcontrol structure for process automa-
tion and concluded that, in the case of � sh processing, its overall
yield (recovery rate) could be increased.

III. Fuzzy Logic Control
This section focuses on the necessary theoretical background on

fuzzy logic and its applicationto hierarchicalsystems.First, the con-
cept of fuzzy sets is presented.Next, the mathematical tools such as
the membershipfunctionand the compositionalrule of inferenceare
reviewed.Finally, the FLC is discussedin the contextof hierarchical
systems.
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a) Crisp set A

b) Fuzzy set A

Fig. 4 Venn diagrams.

Fig. 5 Membership function of a fuzzy set A.

Fig. 6 Fuzzy states of the variable overshoot.

A. Fuzzy Sets and Membership Functions
The theoryof fuzzylogic is basedon the idea that thekey elements

in human thinkingare not numbers but labels of fuzzy sets. A fuzzy
set is a collection of elements that has no crisp boundaries. The
elements belonging to a fuzzy boundary region neither completely
belong to the fuzzy set nor are completelyexcludedfrom it. A fuzzy
set is a tool for modeling intermediate grades of membership that
naturally occur in any concept. The Venn diagrams of a crisp set
and a fuzzy set are shown in Figs. 4a and 4b, respectively.6

A fuzzy set A can be represented mathematically by a member-
ship function ¹A , which gives the degree of membership within the
set of any element of the universe of discourse. The membership
function ¹A maps the universe of discourse X to the interval [0, 1],

¹A.x/: X ! [0; 1] (2)

A membership value of 1 states that the element considered is de� -
nitely in the set. On the other hand, a membership value of 0 states
that the element considered is de� nitely outside the set. A typi-
cal membership function is shown in Fig. 5. A fuzzy set A in X
may also be represented in a way that each element is paired with
its corresponding grade of membership. For a discrete universe of
discourse,

A D ¹A.x1/

x1
C ¹A.x2/

x2
C ¢ ¢ ¢ C ¹A.xi /

xi
C ¢ ¢ ¢ D

X

x j 2 X

¹A.xi /

xi

(3)

Fuzzy sets are used to represent fuzzy states of a particular fuzzy
variable.For example,considerthe fuzzyvariableovershootpertain-
ing to a step response. This variable could have three fuzzy states
such as small, medium, and large (Fig. 6). Each fuzzy state is itself
a fuzzy set having its own membership function (Fig. 7).

Fig. 7 Membership functions of the fuzzy states.

Fig. 8 Fuzzy sets A and B.

Fig. 9 Union of fuzzy sets A and B.

Fig. 10 Intersection of fuzzy sets A and B.

The fuzzy resolution represents the number of fuzzy states that
a fuzzy variable can have. For the example just considered, the
resolution is 3.

B. Fuzzy Logic Operations and De� nitions
Considertwo fuzzy sets A and B in the sameuniverseof discourse

(Fig. 8).

1. Union (OR, [)
The union of two fuzzy sets A and B in the same universe of

discourse (Fig. 9) has a membership function given by

¹A [ B.x/ D maxf¹A.x/; ¹B .x/g; 8x 2 X (4)

2. Intersection (AND, \)
The intersection of two fuzzy sets A and B in the same universe

of discourse (Fig. 10) has a membership function given by

¹A \ B .x/ D minf¹A.x/; ¹B .x/g; 8x 2 X (5)

C. Compositional Rule of Inference
In fuzzy control, the knowledge is embedded in the KB, which is

a set of linguistic statements (rules) containing fuzzy quantitiesand
employing the fuzzy implication (IF–THEN). An example of such
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a rule, related to the step-input response of a system, is IF rise time
is too slow THEN proportional gain change is positive big.

Let the fuzzy sets R, D, and C denote the fuzzy relation that
representsthecollectionsof linguisticrules, thecontextdata,and the
controlaction, respectively.The membershipfunctionof the control
action (fuzzy set C ) is determined by matching the membership
functions of the context data (fuzzy set D) with the KB (fuzzy rule
base R):

¹C D sup min
Y

.¹D ; ¹R/ (6)

Note that Y represents the space in which the data D are de� ned.
The inference making procedure given by Eq. (6) is known as the
compositional rule of inference, and clearly it is a special case of
Eq. (1).

D. FLC
The basic steps in FLC may be as follows6:

1. Of� ine
1) Acquire and represent the control knowledge as a set of lin-

guistic rules that may contain fuzzy quantities.
2) Develop a set of discretemembership functions for the process

output variables and control input variables.
3) By the use of a fuzzy implication for each linguistic rule with

the corresponding membership functions, obtain the multidimen-
sional array Ri of membership values for that particular rule.

4) Get the fuzzy rule base R by combining the arrays Ri using
fuzzy operations (AND, OR, and NOT).

2. Online
5) Fuzzify the measured process output variablesas fuzzy single-

tons (fuzzy sets whose support is a single point).
6) Match the fuzzy measurements of step 5 with the fuzzy rule

base R using the compositional rule of inference to get the fuzzy
control inference.

7) Defuzzify the control inference.
Note that an alternativecouldbe to constructa crispdecisiontable

of� ine to reduce the online computation effort.

3. Defuzzi� cation
Defuzzi� cation is the process in which a representativecrisp pa-

rameter is obtained for a given fuzzy set (membership function).
One important method of defuzzi�cation is the centroid method.
Let us � rst de� ne what a support set is. The support of a fuzzy set
A is the crisp set formed by the collection of all elements xi 2 X
such that ¹A.xi / > 0. Now let the membership function of a control
inference be given by ¹c.c/, with a support set S. Then, using the
centroid method, the crisp control action c0 is given by, for discrete
membership functions,

c0 D

P
ci 2 S

ci ¹C .ci /P
ci 2 S ¹C.ci /

(7)

4. Fuzzy Control Architectures
FLC commonly has two different architectures: low-level direct

control and high-level tuning control.
a. Low-level FLC. A large majority of the applicationsof fuzzy

logic have been for low-level direct control where the fuzzy logic
controller replaces the conventionalcontroller.The control input is
typically proportional to error and change in error of the output.
However, when controlling fast processes, direct FLC often fails
due to the inherent delay and imprecision introduced at the lowest
level. This is because of the following:

1) Signal preprocessing,reasoning,and decisionmaking time can
be high.

2) Low-level sensory data can be noisy.
b. High-level FLC. It is intuitively more appealing and justi� -

able to use fuzzy logic at a higher level where the human operators
have accumulated control knowledge. It has several attractive fea-
tures:

Fig. 11 Variation of informationresolution and fuzziness with the level
of hierarchy.

1) Speed of low-level (direct) control can be maintained high
using conventional crisp techniques.

2) It improves accuracy of the low-level conventional controller.
3) Experience-basedtuningprotocolsare inherentlyfuzzy in gen-

eral, and hard control algorithms cannot use the knowledge con-
tained by linguistic statements of human experts.

4) Human intervention in the control loop is supervisory.
This architecture leads naturally to a hierarchical structure in

which the fuzzy controller performs system monitoring as well as
other tasks such as tuning, adaptation, self-organization, and dy-
namic restructuring. Stability is an important consideration in any
control system.For fuzzy control systems,one establishedapproach
for stabilityanalysisis not available.Typically, in low-levelFLC, the
process and the controller are approximated by a nonlinear model
and the conventional stability studies are carried out. In high-level
FLC, stability of the fuzzy decision making process itself is taken
into considerationin analyzingstability.6 The topic of stability anal-
ysis is not addressed in the present paper.

E. Hierarchical Control
Hierarchical control systems were � rst introduced as a means of

coping with the complexity of large and dif� cult control tasks.21

They are particularly relevant when various control functions in the
system can be conveniently ranked into different levels depending
on their functionality. Some considerations for de� ning the lev-
els of control are 1) the nature of tasks, 2) information resolution
(decreases as level of control increases, Fig. 11), 3) fuzziness of in-
formation (increasesas level of control increases), 4) event duration
(increases as level of control increases), and 5) control bandwidth
or control speed (decreases as level of control increases).

IV. Control System Development
With this as backgroundfor the fuzzy logic and hierarchicalcon-

trol, a practical example is presentednow to illustrate its application
to a novel space-basedmanipulatorwith a slewing link that carries a
deployablemember (Fig. 1). The two-link manipulator,mounted on
a mobile base, is supported by a platform in an arbitrary orbit. The
platform, robot links, and the revolute joint are treated as � exible.
The objective is to design a knowledge-based hierarchical control
for the system.

The equationsgoverningdynamics of the system are highly non-
linear,nonautonomous,coupled,and can be expressedin thegeneral
form30

M.q; t/Rq C F.Pq; q; t/ D Q.Pq; q; t/ (8)

where M is the system mass matrix; q is the vector of general-
ized coordinates; F contains the terms associated with the gravita-
tional, centrifugal, Coriolis, elastic, and internal dissipative forces;
and Q represents generalized forces, including the control inputs.
Equation (8) describes the inverse dynamics1 of the system. For nu-
merical simulation purposes, forward dynamics1 of the system is
required, and, therefore, Eq. (8) must be solved for d2q=dt2:

Rq D M¡1.Q ¡ F/ (9)

For a system composed of N bodies, the solution of these equa-
tions of motion generally requiresorder (N 3) arithmetic operations.
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To reduce the computational effort, the development of an order
N formulation has been the focus of several studies. The method
used here, based on the Lagrangianapproachand involvingvelocity
transformations, was developed by Caron19 and Caron et al.30 The
formulation developed by Caron19 and Caron et al.30 is valid for
serial manipulators consistingof an arbitrary number N of � exible,
slewing, and deployable units. The formulation allows variation of
geometric, inertia, and stiffness characteristicsalong the manipula-
tor. The model accountsfor � exibilityand dissipationat the revolute
joints.The couplingeffectsbetween theorbital,librational,slew, de-
ployment, and vibrational degrees of freedom, associated with the
platform and manipulator, are also taken into consideration.

A. Hierarchical Structure
An importantaspectof the hierarchicalstructuredevelopedin this

paper is thecombinationof the advantagesof a crisphigh-bandwidth
controller with those of a soft knowledge-based supervisory con-
troller. Note that the focus of the present paper is fuzzy logic based
hierarchical control. The system presented here contains conven-
tional control in the lowest layer. Decision making based on fuzzy
logic occupies upper layers. Accordingly, fuzzy logic is not used in
the present application as a substitute for conventional control but
rather as a complement.The structurecan be decomposedinto three
main layers.

1. First Layer
The � rst (bottom) layer deals with high-resolution information

such as the data coming from the sensors (optical encoders) at-
tached to the closed-loop servomotors. This type of information
is characterized by a large amount of individual data points, col-
lected and produced at high frequency, that are precise and of high
resolution. The servomotor at each joint of the manipulator is in
closed-loop control. In the present case, a controller based on the
FLT is designed to regulate the manipulator and platform rigid dy-
namics. This techniquedecouples the system, linearizes it, and uses
a PD feedback loop to achieve the desired dynamic behavior. The
FLT-based controller is designed using the rigid bodies model but
is used to control the original, fully � exible system.

The crisphigh-bandwidthcontrollerused is of the PD type,whose
control action is given by

C.t/ D KP ¢ e.t/ C KD ¢ Pe.t/ (10)

where e.t/ is the feedback error signal, and KP and KD are propor-
tional and derivative gains, respectively.

2. Second Layer
The data processing for monitoring and evaluation of the system

performanceoccursin this intermediatelayer.Here, high-resolution,
crisp data from sensors are � ltered to allow an abstract representa-
tion of the current state of the manipulator.This operation is similar
to interpretation of performance of a servosystem through direct
observation by a human expert. This servo-expert layer acts as an
interface between the crisp conventionalcontroller that controls the
servomotorsat the bottom layer and the knowledge-basedcontroller
that tunes the controllerat the top layer. The intermediate layer han-
dles performance speci� cations, response processing, and compu-
tation of the performance indices. This stage involves, for example,
averagingor � ltering of the data points and computation of the rise
time, overshoot, and steady-state offset.

3. Top Layer
The KB and the inferenceengineare used at the top layer to make

decisions that will inform as to what changes would be needed in
the system to achieve the overall control objective. This layer can
serve such functions as monitoring the performance of the overall
system, assessment of the quality of operation, tuning of the low-
level controllers,and general supervisorycontrol. In this layer, there
is a high degreeof informationfuzzinessand a relativelylow control
bandwidth.Figure 12 presentsthe hierarchicalstructureof the three-
level control system. What is presented in the rest of the present
section are the techniques and procedures that are used in the top
layer in its knowledge-baseddecision making activities.

Fig. 12 Block diagram of the control system.

B. Performance Speci� cation
The desiredperformanceof the system is speci� ed in terms of the

parametersof a second-orderreferencemodel.Anotherway of spec-
ifying the performance would be to use time-domain performance
parameters. Although the reference model implicitly represents the
desired performance of the system, it is not an actual model of the
system. The use of a reference model instead of the direct speci� -
cation of time-domain parameters is preferred because it provides
some buffer against unrealistic requirements. The reference model
is expressed in terms of a damping ratio ³ , an undamped natural
frequency !n , and a � xed offset Gd as

Gr .s/ D !2
n

¯¡
s2 C 2³!ns C !2

n

¢
C Gd (11)

From this model, the time response y.t/ of the system to a unit
step input can be analytically obtained as

y.t/ D 1 ¡
h
1
¯¡p

1 ¡ ³ 2
¢i

e¡³ !n t sin
h
!n

p
1 ¡ ³ 2t

C tan¡1
¡p

1 ¡ ³ 2
¯

³
¢i

C e (12)

where e represents the offset. Now, the following time-domain pa-
rameters are extracted based on the reference model, with the sub-
script M referring to the model with 1) rise time (RSTM ), 2) over-
shoot, if underdamped(OVSM ), and 3)offsetat steadystate (OFSM ).

Thus, there are three parameters,RSTM , OVSM , and OFSM , rep-
resenting the desired performance of the system. RSTM is chosen
as the time it takes for the response to reach 95% of the desired
steady-state response. OVSM is calculated at the � rst peak of the
response as a percentage of the desired steady-state response. The
percentage steady-state offset is computed by taking the difference
between the averageof the last third of the response and the desired
steady-state response.

The corresponding time-domain parameters are obtained from
the response of the actual system (servomotor), with the subscript
S referring to the servomotor as RSTS , OVSS , and OFSS . Once
evaluated, the parameters of the model are compared with those of
the real servomotors to get the index of deviation.

C. Performance Evaluation and Classi� cation
For eachperformanceattribute,an indexof deviationis calculated

using the following equation:

Index of deviation of i th attributeD 1 ¡
i th attribute of model

i th attribute of servomotor
(13)

The index is de� ned in such a way that a value of 1 corresponds to
the worst-case performance, whereas a value of 0 means the actual
performance of the servomotor, for that particular attribute, exactly
meets the speci� cation.
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Table 2 Mapping from the
index of deviation to discrete

performance indices

Performance
Index of deviation indices K .i/

ERR.i / < 0 5
0 · ERR.i/ · TH.1/ 4
TH.1/ · ERR.i/ · TH.2/ 3
TH.2/ · ERR.i/ · TH.3/ 2
TH.3/ · ERR.i/ · 1 1

Table 3 Heuristics of PD tuning

Action for performance
improvement

Context KP KD

RST Increase Decrease
OVS Decrease Increase
OFS Increase No change

The indices are calculated according to

RSTid D 1 ¡ RSTM =RSTS D ERR.1/ (14)

OVSid D 1 ¡ OVSM =OVSS D ERR.2/ (15)

OFSid D 1 ¡ OFSM =OFSS D ERR.3/ (16)

These indices represent the performance condition of the servomo-
tors and, hence, should correspond to the context of the rulebase
of system tuning. The index of deviation must, therefore, be fuzzi-
� ed into membership values corresponding to the � ve selected pri-
mary fuzzy sets: highly unsatisfactory(HIUN), needs improvement
(NDIM), acceptable(ACCP), in speci� cation (INSP), andoverspec-
i� cation (OVSP).

To obtain a discrete set of performance indices K .i/, thresh-
old values are de� ned for each index of deviation over the interval
¡1 to 1 as shown in Table 2. The performance indices obtained in
this manner are the input to a precalculateddecision table of tuning
the PD parameters of a servomotor. The outputs from this decision
table are the tuning actions that are used to update the controller
parameters.

D. Fuzzy Tuner Layer
At the highest level of the hierarchical structure there is a KB

for tuning a servocontroller.This tuning knowledge of human ex-
perts is expressed as linguistic rules using fuzzy terms. For each
status of the system, a conceptual abstraction is computed, and the
expert knowledge is transformed into a mathematical form by the
use of fuzzy set theory and fuzzy logic operations. The end result
is a decision table, calculated of� ine, that gives the tuning actions
corresponding to the performance indices that represent the status
of the process.

To obtain the decision table, one must � rst assign membership
functions to each of the performance indices and tuning variables.
Then, by applying the compositionalrule of inference for each pos-
sible context parameter, fuzzy composite relation tables are com-
puted that express the relations between the performance index and
tuningvariable.The last step consistsof defuzzifyingthese compos-
ite tables to obtain crisp tuning actions corresponding to numerical
context values of the system condition.

E. Fuzzy Linguistic Rules
The expert tuningknowledgefor a simplePD controllerin parallel

form, that is, G c.s/ D KP C KDs, may utilize heuristics such as the
ones given in Table 3. One may de� ne the primary fuzzy sets for
the performance indices for each context variable (i.e., RST, OVS,
and OFS) as shown in Table 4.

The fuzzy tuning variables are de� ned as follows:
1) DKP is the change in proportional gain.
2) DKD is the change in derivative gain.

Table 4 Fuzzy labels of performance indices

Performance Context fuzzy sets

indices Abbreviation Fuzzy value

1 HIUN Highly unsatisfactory
2 NDIM Needs improvement
3 ACCP Acceptable
4 INSP In speci� cation
5 OVSP Overspeci� cation

Table 5 Tuning fuzzy sets and
representative numerical values

Tuning fuzzy sets

Integer
Abbreviation Fuzzy value value

PL Positive large 3
PM Positive moderate 2
PS Positive small 1
ZR Zero 0
NS Negative small ¡1
NM Negative moderate ¡2
NL Negative large ¡3

Fig. 13 Rulebase for servomotor tuning.

Each tuning variable may be expressedwith the fuzzy sets and rep-
resentativenumerical values that are listed in Table 5. The rulebase
for control parameter tuning is given in Fig. 13.

F. Decision Table Development
In developingthedecisiontable for tuning,it is necessaryto estab-

lish the membership functions for the fuzzy performance attributes
RST, OVS, and OFS as well as for the fuzzy tuning actions DKP
and DKD. The resolution of each fuzzy quantity is the number of
fuzzy values a condition variable or an action variable can take. In
other words, the number of discretization levels equals the number
of possible fuzzy values that a variable may take. For a � ne tun-
ing action, a high resolution would be desired. The proper choice
of fuzzy resolution would provide a compromise between the pre-
cision of tuning and computer memory storage requirements. The
discrete representative values corresponding to the fuzzy quanti-
ties are normalized values; they represent a relative weight and can
be scaled. The membership functions depend on the knowledge of
the problem. In the case of high fuzziness,more robust membership
functionswith suf� cientoverlapbetweenadjoiningfuzzystatesmay
be desired. Each fuzzy action or condition quantity has a represen-
tative value that is assigned a membership degree equal to unity.
The decreasing membership degree around that reresentativevalue
intorduces a degree of fuzziness as indicated in the Tables 6 and 7.
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Table 6 Membership functions
for the condition variables

RST, OVS, OFS

Fuzzy
set 1 2 3 4 5

HIUN 1 0.6 0.2 0 0
NDIM 0.6 1 0.6 0.2 0
ACCP 0.2 0.6 1 0.6 0.2
INSP 0 0.2 0.6 1 0.6
OVSP 0 0 0.2 0.6 1

Table 7 Membership functions for the action variables

DKP, DKD

Fuzzy
set ¡3 ¡2 ¡1 0 1 2 3

NL 1 0.9 0.8 0.7 0.6 0.5 0.4
NM 0.9 1 0.9 0.8 0.7 0.6 0.5
NS 0.8 0.9 1 0.9 0.8 0.7 0.6
ZR 0.7 0.8 0.9 1 0.9 0.8 0.7
PS 0.6 0.7 0.8 0.9 1 0.9 0.8
PM 0.5 0.6 0.7 0.8 0.9 1 0.9
PL 0.4 0.5 0.6 0.7 0.8 0.9 1

Table 8 Decision table for
servo parameter tuning

Tuning action

Condition DKP DKD

RST D HIUN 0.4 ¡0.2
RST D NDIM 0.3 ¡0.2
RST D ACCP 0 0
RST D INSP 0 0
RST D OVSP ¡0.2 0.2
OVS D HIUN ¡0.4 0.4
OVS D NDIM ¡0.3 0.3
OVS D ACCP ¡0.2 0
OVS D INSP 0 0
OVS D OVSP 0 ¡0.2
OFS D HIUN 0.3 0
OFS D NDIM 0.2 0
OFS D ACCP 0 0
OFS D INSP 0 0
OFS D OVSP ¡0.2 0

A decision table is obtained of� ine, using the membership func-
tions and the appropriate mathematical tools (Table 8).6 Thus, for
each condition-variable fuzzy value, we have a crisp inference or
tuning action. These tuning actions may be scaled by a sensitivity
factor before being used.

V. Results and Discussion
A pick-and-placeoperation was simulated using the hierarchical

control structure described in the preceding section. The platform,
revolute joint, and manipulator links are � exible. The FORTRAN
program developedby Caron30 was modi� ed, and � les representing
the higher layers of the control hierarchy were added. The accelera-
tionvectord2q=dt 2 was integratednumericallyusingGear’s method,
which is well suited for stiff systems of ordinary differential equa-
tions. The numerical data used in the analysis are summarized as
follows: The orbit is circular at an altitude of 400 km with a period
of 92.5 min. The geometry of the platform is cylindrical,with axial
to transverseinertia ratio of 0.005;mass, 120,000kg; length,120 m;
and � exural rigidity EI p D 5:5 £ 108 Nm2. The manipulator revo-
lute joint mass is 20 kg; moment of inertia, 10 kg m2; and stiffness
K D 1 £ 104 Nm/rad. The manipulator links (slewing and deploy-
able) have a cylindrical geometry with axial-to-transverse inertia
ratio of 0.005; mass, 200 kg; length, 7.5 m; and � exural rigidity EIs

and EId D 5:5 £ 105 Nm2. The payload ratio is equal to two, that
is, the mass of the payload is twice the mass of the unit (slewing
plus deploying links), 800 kg. In the results presented here, the lon-

Table 9 Desired initial, intermediate,
and � nal positions of the robot

Pick Way Place
Desired values position point position

®, deg 0 36 40
d , m 0 6.57 7.3
End effector x , m 7.5 11.4 11.3
End effector y, m 1.5 9.8 11.0

Fig. 14 Pick-and-place operation.

gitudinal elastic deformation of the bodies is neglected, as well as
the dynamics of the mobile base. The platform is initially oriented
perpendicularto the local vertical, that is, in an unstableequilibrium
position.

The desired position p in the joint space is generated by a sine-
on-ramp pro� le [Eq. (17)]. It assures zero velocity as well as zero
acceleration at the beginning and end of the maneuver:

p.¿ / D 1p

1¿

µ
¿ ¡ 1¿

2¼
sin

³
2¼

1¿
¿

´¶
(17)

Here ¿ represents time and 1¿ is the time allowed for the maneuver
of amplitude 1p to take place.

A pick-and-place operation is a common task carried out by
manipulators.1 It consists of picking an object and bringing it to
a desired position, within a speci� ed time interval, with desired ini-
tial and � nal velocities and accelerations. Here, the manipulator is
fully retracted in the pick position, parallel to the platform length,
and is almost fully extended at the place position (Fig. 14). It stops
at a way point, which is an intermediate position from which the
guarded motion starts. At this position, further tuning of the con-
troller will take place, if required. It is highly desirable that the
motion from the way point to the � nal position be smooth (guarded
motion). The initial, intermediate, and � nal positions are speci� ed
in the joint and Cartesian spaces as given in Table 9, d representing
the length of the deployable link.

From the nature of the model, the traditional Ziegler–Nichols31

methodcannotbeused to � nda set of initialcontrolgains.Moreover,
the payloadmay not always have the same mass. Hence, the starting
PD control gains were selected based on experience. Some tuning
of the two joints should take place before the tracking starts at the
pick position.The tuningconsistsof analyzingthe response to a step
inputof 5 cmfor the prismaticjointand of 5 deg for the revolutejoint,
with respect to the performancerequirementsof RSTM , OVSM , and
OFSM as de� ned in Sec. IV.B. The gains are updated accordingly.

The manipulator is allowed 80 s to reach the way point, where
it comes to a complete stop. As mentioned before, a sinusoid-on-
ramp displacementpro� le is used for point interpolationin the joint
space, that is, for ® and d. The algorithm then decides if some
further tuning is needed for the revolute or prismatic joint. Note
that the control gains for the prismatic joint do not depend on the
operationpoint. If the averageerror in the joint spaceduring tracking
exceeds a speci� ed limit (0.5 deg, 3 cm), or if the maximum error is
greater than a certain threshold (1 deg, 7 cm), extra tuning is judged
necessary. The manipulator is then given 50 s to reach the place
position. If, during a tuning sequence, the gains reach some steady-
state values, the tuning sequence stops, but will be automatically
resumed if the state becomes transient.
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A. Response Without Tuning
First, the manipulator is made to conduct a pick-and-place op-

eration without any initial tuning. These gains may not be optimal
over a wide range of the workspace, especially if the mass of the
payload varies from one task to another. The time response in the
joint space is shown in Fig. 15a, and the end-effector path in the
Cartesian space is presented in Fig. 15b. The performance can be
judged as poor and unacceptable, depending on the intended appli-
cation. The maximum error in the Cartesian space for the guarded
motion exceeds 28 cm and the average error 14 cm (Tables 10–12).

Table 10 Errors in the Cartesian
and joint spaces without tuning

Fast Guarded
Parameter motion motion

eav, mm 217 149
emax , mm 661 289
Average error d , mm 201 133
Maximum error d , mm 647 289
Average error ®, deg 1.6E¡4 2.5E¡4
Maximum error ®, deg 5.4E¡4 5.2E¡4

Table 11 Errors in the Cartesian
and joint spaces with initial tuning

Fast Guarded
Parameter motion motion

eav, mm 127 119
emax , mm 360 196
Average error d , mm 106 105
Maximum error d , mm 315 177
Average error ®, deg 5.5E¡4 2.5E¡4
Maximum error ®, deg 6.7E¡3 5.1E¡4

a) Slew and deployment time histories

b) End-effector path in Cartesian space

Fig. 15 Pick-and-place operation in absence of tuning.

Table 12 Errors in the Cartesian
and joint spaces with autotuning

Fast Guarded
Parameter motion motion

eav, mm 127 91
emax , mm 360 171
Average error d , mm 106 70
Maximum error d , mm 315 171
Average error ®, deg 5.5E¡4 2.5E¡4
Maximum error ®, deg 6.7E¡3 5.2E¡4

a) Slew and deployment time histories

b) End-effector path in Cartesian space

Fig. 16 Pick-and-place operation with initial tuning.

The errors in the joint space show that the prismatic joint is respon-
sible for the poor performance rather than the slewing joint. When
extra tuning is allowedat the way point, the software indeeddecides
to tune only the prismatic joint, as demonstrated later.

B. Response with Initial Tuning
Next, the control parameters are tuned before the start of the op-

eration. The response in the joint space is shown in Fig. 16a, and
the end effector path in the Cartesian space is indicated in Fig. 16b.
In this case the maximum and average errors for the guarded mo-
tion are about 19 and 11 cm, respectively (Table 11). Although the
performance has improved, it may still be consideredunacceptable
if high precision is needed.

C. Response with Autotuning
In this case, the manipulator is controlled in the automatic tuning

mode. That is, depending on the performance during the � rst part
of the trajectory, some tuning may be done at the way point. In this
case, tuning of the prismatic joint was required at the way point.
Results, in the joint and the Cartesian spaces, are shown in Fig. 17.
The guarded motion, from the intermediate way point to the place
position, is smoother, and, thus, the performance is more satisfac-
tory. The maximum and average errors for the guarded motion are
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a) Slew and deployment time histories

b) End-effector path in Cartesian space

Fig. 17 Pick-and-place operation with autotuning.

Fig.18 Step responses at the pick position,with payload,during tuning
of the revolute joint.

about 17 and 9 cm, respectively (Table 12). Autotuning seems to
particularly help in the case of guarded motion, because more time
is availablefor tuning in this case.Results show that some additional
tuning helps to improve the tracking abilities of the manipulator.

The tuning of the controller parameters involves the analysis of
the response of the joints to a series of step inputs. The response of
the revolute joint to a sequenceof six step inputs at the pick position
is shown in Fig. 18. The response changes toward the desired one,
as speci� ed by the reference model. The evolution of the context
variablesand the PID gains is shown in Figs. 19 and20, respectively.
In the case of the revolute joint, the context value for the rise time
increases from 1 to 2 whereas the context value for the overshoot
is decreased from 5 to 4. Based on context values, the proportional
gain is increased whereas the derivative gain is decreased. In the

Fig. 19 Evolution of the context variables after each tuning step.

Fig. 20 Evolution of the PD gains after each tuning step.
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case of the prismatic joint, the context value for the rise time also
increases from 1 to 2 whereas that for the overshoot decreases from
5 to 2. The context value for the offset reduces because the steady
state is not quite reached. Hence, the proportionalgain is increased
whereas the derivative gain is decreased.

VI. Concluding Remarks
The paper explains important aspects of the knowledge-based

hierarchicalcontrol procedure and demonstrates its application to a
� exible manipulator,with a deployablelink, supportedby an elastic
platform. Based on the simulation results, the following general
conclusions can be made:

1) Initial tuning of the parameters of a conventional low-level
controller, as well as further tuning during operation, can improve
the performanceof the manipulator.The results have shown that the
accuracy of positioning has been increased.

2) Fuzzy logic is useful in acquiring and representing the tuning
knowledgeavailable from experiencedoperators,as well as in mak-
ing inferences based on the status of the plant. It is, therefore, an
important step in the development of autonomous systems that are
suitable in space-based applications.

3) A hierarchicalcontrol structure allows the advantageouscom-
bination of a conventional high-bandwidthand a knowledge-based
low-bandwidth controller.
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