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Abstract|

This paper presents technology that extends the concept of end-point control of a exiblelink robot arm to handle payloads with unknown internal dynamics. The approach is based on merging
high-performance control with an innovative identi cation algorithm in a self-tuning regulator framework.
Payload dynamics are identi ed in real-time using recently developed subspace tting techniques. Sucient
excitation issues are addressed. End-point feedback controllers are formulated using frequency weighted
linear quadratic gaussian design methods.
Experimental results demonstrating precision control of a very exible single-link robot arm with unknown dynamic payloads are presented.

1 Introduction

when the plant model is known and the state of the system is known. However, they provide no regulation or
disturbance rejection.
Regulation and disturbance rejection are provided by
feedback. Collocated feedback controllers have been proposed as a scheme that is insensitive to payload dynamics, but they have been shown to yield low-performance
end-point control [3]. High-performance end-point control has been achieved and demonstrated experimentally
using non-collocated controllers [3], but only for con gurations involving payloads that were well modeled by a tip
inertia matrix only. In addition, these high-performance
non-collocated controllers have been shown to be sensitive
to the mass and inertia of the tip [4] (a controller that is
tuned for a particular tip mass may in fact be unstable for
a di erent tip mass). Finally, the sensitivity to unknown
tip mass has been addressed successfully using adaptive
endpoint control [5], but the approach did not account for
unknown payload dynamics.
The goal of this research is to develop a feedback control technique that provides precise, high-bandwidth endpoint control of a exible-link manipulator and simultaneously damps any internal oscillations of its payload. This
is to be accomplished for con gurations in which the internal dynamics of the payload are not known apriori and
cannot be sensed directly. The only sensors used for con-

Space based robots such as the shuttle Remote Manipulator System (RMS) and the proposed Space Station
Remote Manipulator System (SSRMS) have been and will
be essential elements of future space exploration systems.
These robots will provide the capability to perform precise positioning of various payloads (e.g., docking of satellites, assembly of structures and modules, etc.). Achieving precision control of such tasks will be dicult. The
manipulators will necessarily be long and light weight,
and the payloads of interest will potentially be massive.
As a consequence, structural exibility in the manipulator links will be unavoidable and signi cant. Further, the
manipulated payloads will possibly include unknown internal dynamics. Examples include sloshing fuel and/or
exible appendages (e.g., vibrating solar panels on a small
satellite).
The body of control research that has been reported
previously for exible-link space robotic manipulators is
insucient to achieve high-performance end-point control
of such complex con gurations. Some researchers have
successfully used feedforward techniques such as input
shaping [1] and inverse dynamics [2] to command motion
of exible-link systems. These techniques work e ectively
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trol will be part of the main robotic arm1. It is assumed
that it will not be practical to out t the payload with
sensors that measure its internal state.
The control approach that is developed and demonstrated experimentally in this paper is based on extensions
to the self-tuning regulator solution of adaptive control.
Although other researchers have explored self-tuning regulators for the control of exible-link robotic manipulators
([5]-[8]), their work has focused on identifying a complete
robot assembly assuming that the payload is known to
be a rigid body. One group [9] addressed the issue of
payload dynamics but only from the standpoint of lowperformance robust control. Their approach is to separate
the control of the arm and payload by controlling the arm
to be a virtual force source. However, their controller is
limited to bandwidths less than any structural exibility
of the manipulator: payloads with dynamic modes above
this low-control bandwidth are not actively damped. No
simulation or experimental results are presented in their
paper.
In the research presented here, even though payload
dynamics are unknown apriori, exibility in both the arm
and payload is accounted for by active control. This is
experimentally demonstrated for a case where the payload
natural frequencies are up to an order of magnitude above
the rst cantilever exible mode frequency of the robot
arm. In order to achieve this, the approach presented here
exploits various attributes of a class of systems that will be
typical of some deployed space robots. It yields a feasible,
real-time control that potentially could be implemented in
space.

that oats on an airbearing over a smooth granite table
(this simulates the zero-g environment of space in one dimension). The pad and air bearing also prevent out of
plane vibrations. The pad has a pendulum mounted on it
that represents the dynamic payload.
Granite Table

Flex Arm

Air Bearing

Hub Motor

Figure 1: Experimental System
This is a schematic of the experimental apparatus.
A single-link exible beam with a payload oats on
a granite table to simulate zero-g. The payload has
internal dynamics in the form of a pendulum.

The payload pendulum can be locked mechanically, or
it can be set free to oscillate. Further, the length of the
pendulum can be varied. This allows control performance
for a range of \unknown" frequencies of oscillation to be
investigated. The damping ratio associated with of the
free motion of the pendulum is on the order of 0.5% (when
released from a 45o initial condition, it takes about one
minute to damp within 5o of its steady-state value).
Figure 2 shows the sensors and actuators that have been
incorporated. There are angle and rate sensors at the hub,
and there is a camera mounted to the ceiling that senses
position and orientation of the payload. There is also a
limited angle torque motor at the hub.
Note that this suite of sensors was designed to generate
a set of data typical of that which could be available in
a deployed robotic system. In particular, the overhead
vision system provides the same basic information that
would be available from a local Global Positioning System (GPS). That is, the critical feature of this sensor is
its ability to measure the end-point position of the manipulator.
Measurement of the pendulum angle is also provided,
but this signal is used for data collection only. It is not
used for control or identi cation since it is assumed that
such instrumentation will not be available in deployed systems.
Reference [10] has a more detailed description of the
hardware including mass properties.

2 Class of Systems
The con guration addressed in this research is a single very exible-link arm that is grasping an object which
contains a single degree-of-freedom pendulum. The pendulum length is adjustable. This system is characteristic
of a future space-based manipulator that is grasping a
satellite with unknown internal dynamics (e.g., sloshing
fuel). This con guration is ideal for basic control studies
since it has minimum complexity yet exhibits all of the
fundamental problems associated with control.

Experimental Apparatus

Figure 1 shows a schematic diagram of the hardware which
was designed and constructed. Its robotic arm is a exible beam which moves in the horizontal plane. A torque
motor drives one end of the beam and a payload is attached to the other. The payload is supported on a pad
1
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Figure 2: I/O Schematic
Hub

See Figures 3 and 4 for a de nition of the symbols:
Yp , , , and .

Figure 3: Manipulator Top View

Equations of Motion

This shows the payload position (Yp ), payload orientation ( ), and hub angle ().

The linearized equations of motion of this system can be
expressed as (see [11]):
x_ = Ax + Bu + ,w ;
(1)
yc = Cc x ;
(2)
ys = Cs x + v ;
(3)
where x is the state vector, u is the control vector, w is
the process disturbance vector , yc is the vector of outputs
of interest, ys is the vector of measured or sensed outputs
and v is the measurement noise vector. The matrix A
is the plant dynamics matrix, and B, ,, Cc , and Cs are
distribution matrices. These equations depend on the dynamics of the payload. For the experimental system, the
sensed outputs are:
2

was generated as well as validation of the model against
experimental data. Appendix A gives the numerical values of matrices A, B, etc. for both a rigid-body and one
dynamic payload con guration.
When the pendulum is locked, the rst three natural
frequencies of the system are 1.4 Hz, 3.4 Hz and 8.7
Hz. When the pendulum is set free, an additional natural mode appears between 1.5-2.5 Hz depending on the
pendulum length that is set. The original three modal
frequencies change only slightly.
The mode shapes and frequencies for the rigid and dynamic payload cases are presented in Figures 5 and 6
for two di erent pendulum lengths. Figure 5 shows the
case where the pendulum is a factor of three shorter than

3

Payload Position (Yp );
ys = 4 Payload Orientation ( ); 5 : (4)
Hub Rate ()_
where the Payload Position, Yp , is de ned as the perpendicular distance from the center line of the table to the
geometric center of the payload. The Payload Orientation, , is de ned as the orientation of the payload pad
with respect to the granite surface. The outputs that are
to be controlled, yc , include the position and orientation of
the payload as well as the payload internal states (if they
exist). Figures 3 and 4 show the physical signi cance the
symbols Yp , , , and .
The equations of motion for the experimental systems
were generated by rst measuring its mass and geometric properties and then using a nite-element technique.
The order of the model was reduced using modal truncation. Reference [11] provides the details of how the model

^
a3
^
a2

φ
Figure 4: Payload Front View
This gure shows the pendulum angle ().
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Figure 6: Mode Shapes - Highly Coupled Case
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The solid line is the mode shapes for the pendulum
locked. The dashed line is for the pendulum unlocked.  is the normalized length along the axis
of the arm. This case shows that the rst mode is
coupled to the pendulum.
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the case shown in Figure 6. The natural frequencies are
labelled \!loc " for the case where the payload is rigid
and \!dyn" if the pendulum is free. The \pendulumlocked" mode shapes are shown with a solid line and the
\pendulum-free" mode shapes are shown dotted.
An observation is that for three system modes neither
their shapes nor their frequencies are strongly a ected by
the presence of the pendulum. The main e ect of releasing
the pendulum is to introduce a new mode into the system.
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two types of modelling error that must be accounted for
in the control design process. The rst is the presence of
\unknown" dynamics in the payload. The second is the
presence of high-frequency modelling errors in the arm
itself and in the sensing/actuation system. For the experimental apparatus, the unknown dynamics result from
the pendulum. The dominant high-frequency uncertainties result from time delays in the sensing system (the
delay is a result of the 30 milliseconds that it takes for
the vision board and computer, shown in Figure 2, to
process a frame of vision data).
The goal of this research is to develop a control design approach that will account for these modelling uncertainties and errors. The approach taken is to merge
the frequency-shaping concepts of robust control with the
adaptive features of the self-tuning regulator. The objective is to be robust to the high-frequency uncertainties of
the arm and adapt to the unknown dynamics in the payload. Further, the procedure is based on exploiting attributes of the class of systems considered in order to produce a control law that will potentially be implementable
in more complex con gurations.
This section focuses on the design of an LQG based controller that is robust to the high frequency uncertainties.
The next section incorporates the adaptive features.
Presented rst is an overview of how the LQG design procedure is modi ed to include frequency-shaping of
the cost function to account for the high-frequency modelling errors and the sensor system delays. \Robust" controllers are developed for both locked-pendulum (rigid)
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Figure 5: Mode Shapes
The solid lines are the mode shapes for the pendulum locked. The dashed lines are for the pendulum
unlocked.  is the normalized length along the axis
of the arm. The mode shape shown in the lower
right corner is only present when the pendulum is
free. Note that three of the modes are virtually unchanged in frequency and shape by the presence of
the dynamic payload.

This relative insensitivity of a subset of the mode shapes
and frequencies to variations in pendulum length is a
property of the system that is exploited in developing the
adaptive control solution in the sections that follow.

3 Control Approach
Previous work has demonstrated that high-performance
end-point control of exible-link robotic systems is achievable using linear quadratic gaussian (LQG) design techniques, but only if an accurate model of the system (robot
plus payload) is available [3]. Systems that are typical of
future space robotic applications do not meet this requirement. Although it is likely that an accurate model of the
manipulator exists over the frequency range of the vibration modes to be controlled actively, there are at least
4

and free-pendulum (dynamic) con gurations. For these
cases, the characteristics of the payload pendulum are assumed known.
The results demonstrate that the robust control can
yield high levels of performance in the presence of highfrequency uncertainties if the payload model is known. It
is then shown, however, that the performance of these controllers is poor or even unstable in the face of the payload
parameter uncertainties. This provides the justi cation
for an adaptive system that identi es a payload model
as part of the control system. This adaptive system is
discussed in the subsequent sections.
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Figure 7: j P(j!) j

The procedure incorporated here for designing a control
system that is insensitive to unmodelled high-frequency
dynamics is based on the well known concept of frequency
shaping. A controller is designed by minimizing a frequency weighted cost function [12]
J=E

10 1



The actuator weighting matrix is

R(j!) = P (j!)P (j!):

The magnitude of P (j!) is shown here. This is the
actuator weighting used in all LQG designs.

(5)

The control law which minimizes this performance index is of the form
u(s) = Gc(s)ys (s):
(10)
The actual procedure for minimizing Equation 5 is described in [12]. The frequency weighted cost function is
transformed into the time domain yielding a \standard"
linear quadratic cost function. The only di erence is the
presence of augmented states that generate the frequency
shaping of the control. The cost function is then minimized assuming full state feedback. The states are estimated using a constant-gain Kalman lter.

where yc are the outputs that are to be controlled (not
necessarily measured), u are the available controls, and
Q(j!) and R(j!) are the frequency dependent weighting
matrices. The cost function is minimized subject to the
linearized, time-invariant, state-space equations of motion
that describe the arm and payload (Equations 1 through
3). The cost function is driven by the process and measurement disturbances which are assumed to be gaussian
white noise:


wa  wv ;
(6)
E[wa(t)] = 0 ;
(7)
T
0
0
E[wa(t)wa (t )] = Q
(8)
na (t , t ) ;

Qna  Q0n R0 ;
(9)

Control Design: Rigid Payloads

The frequency-shaped LQG control design technique is
rst applied for a rigid-body payload con guration. For
this case, the controlled outputs are

n

where E is the expected-value operator,  is the Diracdelta. Appendix B gives representative values that are
used.
The weighting matrices Q(j!) and R(j!) are selected
based on the uncertainties in the system. For the experimental apparatus, the dominant high frequency modelling error results from a xed time delay of 30ms in
the vision system. Consequently, selecting a Q(j!) and
R(j!) that yield a roll-o in the control usage above
5 Hz is sucient. This can be accomplished by letting
Q(j!) = Q = constant and letting R(j!) increase with
frequency as shown in Figure 7.
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Payload Position (Yp );
5:
yc = 4 Payload Orientation ( );
(11)
Payload Orientation Rate ( _ )
The weighting matrices used in the performance index
are given in Appendix B, and the process disturbance
in uence matrix (,) is set equal to the actuator in uence
matrix (B).
The resulting controller produces a response to a step
command in payload position as shown in Figure 8. These
are experimental data. The step response has negligible
5

overshoot and a two second rise time. The bandwidth is
e ectively two times the fundamental cantilever mode of
the arm (fcant = 0:2 Hz). The controller is robust to the
time delay of 30 ms in the vision system.

The resulting controller increases the damping ratio of
the pendulum to 5% as compared to less than 0.5% openloop. Figure 9 shows the response from unknown initial
conditions of the pendulum angle. The pendulum damps
in 3 seconds as opposed to one minute open loop. The
step response was included in Figure 8.
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Figure 8: Step Response
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This shows the response of the system to a step
command in the desired payload position. The top
plot shows the payload position response; the bottom plot shows the actuator e ort. The solid line is
for the case of a rigid payload; the dashed line is for
the case of a dynamic payload. The controllers are
di erent for the rigid and dynamic payload cases.
The controllers here are designed with an accurate
payload model.
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The pendulum is released from a 45o initial condition. The LQG controller with accurate model of
payload is able to quickly regulate the system

The conclusion is that control laws that are robust
to the high-frequency uncertainties can be developed if
the system equations-of-motion are known over the frequency range that includes the vibrations to be actively
controlled. This is true for both the pendulum-free and
pendulum- xed con gurations.

Next, the robust control technique is applied to a dynamic
payload con guration. Note again that the dynamics of
the payload are assumed to be known for this discussion.
For this case, the outputs weighted in the performance
index (not measured) are modi ed from the rigid payload
case (see Equation. 11) to include the internal dynamics
of the payload.

Sensitivity to Parameter Error

In a deployed system, accurate models of the payload
might not be available. This section demonstrates that
the controllers designed above while robust to highfrequency uncertainties are not robust to uncertainties in
the payload model. In particular, two cases are examined.
First, the controller designed assuming a rigid payload is
applied to a system with the pendulum free. Second, a
controller designed using an incorrect assumed length of
the pendulum is applied.
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7
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Payload Orientation Rate ( _ ); 77 :
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Figure 9: Pendulum Release

Control Design: Dynamic Payloads

2

0

(12)

Case #1:

The objective is to design a controller that is capable of
controlling the position and orientation of the payload as
well as damp the internal motion of the payload. The
weighting matrices for the performance index are given in
Appendix B.

When a controller that is designed assuming that the pendulum is locked is applied to a system with a dynamic
payload, the closed-loop system roots shown in Figure 10
result. Plotted are the root locations in the S-plane versus
6

pendulum length. This plot indicates that the pole locations that correspond to the rigid-payload modes (represented by the x's on the plot) are somewhat insensitive
to the presence of the dynamic payload. However, the
pendulum introduces a new lightly damped root which
is very sensitive to the length of the pendulum. Further, when the open-loop frequency of this pendulumdominated mode is near one Hertz, the closed-loop system
is unstable.
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The performance of a controller designed to account for
the pendulum is sensitive to the accuracy of the assumed
pendulum length. If the assumed length is in error such
that the natural frequency of the payload is o by 10%,
the system is unstable. Thus, the frequency weighted controller while robust to the high-frequency uncertainties is
still sensitive to payload dynamic uncertainties.
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S-plane

Figure 10: Roots vs Pend. Frequency
This gure shows the locus of the closed-loop roots
of the system vs the open-loop frequency of the pendulum. The controller is designed for a rigid-body
payload. The x's are the location of the closed-loop
roots when the payload is rigid. The lines show
how the closed-loop roots move as the open-loop
frequency of the pendulum is varied from 2.5 to 1.0
Hz

4 Adaptive Algorithm
The frequency-shaped LQG designs generated above
demonstrate that high-performance control is possible,
even in the presence of high-frequency uncertainties.
However, it was shown that an accurate model of the system was required in the frequency range including the
vibration modes that are to be actively controlled. Modelling errors associated with unknown payload dynamics
may not satisfy this condition.
In this section, an adaptive control algorithm is presented that merges the robust LQG controllers with a
novel identi cation procedure that is able to provide the
model delity that is required for precise control. Given
this, the performance shown in Figures 8 and 9 is achievable for a range of unknown pendulum lengths in the payload.
The approach presented is based on extensions to the
self-tuning-regulator (STR) class of adaptive control. The
approach is unique in that (1) it exploits the closed-loop

Figure 10 is consistent with the dynamic characteristics
discussed in Section 2. The closed-loop roots associated
with the primary three system modes are not greatly affected by the presence of payload dynamics. In addition,
the pendulum-dominated mode is not well damped. In
fact, the controller can cause a slight destabilizing e ect
on this mode.
In the experimental system, the pendulum open-loop
frequency can be varied from 1.5 to 2.5 Hz. Over that
range, the observed closed-loop damping ratio is less than
0.5% and is in agreement with Figure 10. Figure 11 shows
an experimental time response. Noting the potential for
instability, the locus veri es that the payload dynamics
cannot be neglected when using end-point control.
7

Identi cation Approach

dynamic characteristics of the class of systems being investigated and (2) it incorporates the rst experimental,
on-line demonstration of a new identi cation technique.
The concept of a self-tuning-regulator is presented in
Figure 12. It depicts the combination of two functions.
First, an identi cation algorithm is used to update the
equations of motion of the plant. Second, a control design
algorithm (either gain calculation or scheduling) is used to
modify the control law. Details of the basic STR approach
are provided in [13].
Control
Redesign

Command

Parameter
Identification

U
Controller

The procedure employed to develop a viable identi cation strategy was based on three attributes of the class
of systems being studied. The rst is that only the set
of parameters which describes the payload dynamics is
unknown. That is, the parameters that describe the arm
are known well enough so that (with no payload attached)
the arm's dynamics are well characterized in the frequency
range that includes the vibration modes to be controlled.
This attribute will be typical of deployed space robotic
systems. The consequence of this is that a complete system model can be constructed from an identi cation of
the payload only.
The second attribute is that the structure of the equations of motion of the payload are known. In the general
case, nothing about the payload is known apriori. However, for this research the structure of the payload is assumed known. Speci cally in the experiment, the payload
can be a rigid body or it can include a single pendulum of
unknown length. Thus, the identi cation can be limited
to nding a small number of unknown parameters within
a known structure.
The third attribute is that a nominal control law can be
found that yields a set of well-damped closed-loop system
modes which have eigenvalues that are relatively insensitive to the presence of payload dynamics. Further, if a
pendulum dominated mode is present, it is \near" the j!
axis2, and appears in a region of the S-plane that is remote
from the nominal set of controlled modes (see Figure 10
in Section 3). As a consequence, the existence of payload
dynamics can be detected by determining the presence or
absence of modal content of the closed-loop system in the
critical region of the S-plane only (see Figure 13).
The identi cation procedure that exploits these features
is described in Figure 14. The procedure is split into detection and identi cation phases. The detection is accomplished by evaluating the modal content (e.g., eigenvalues) of the system while under normal operation (closed
loop). The controller that is running during the detection phase is designed assuming the payload is a rigid
body (see Section 3). No identi cation speci c inputs are
required. When evaluating the modal content, all of the
closed-loop eigenvalues might be found, but only the poles
within the critical region of the S-plane are of interest (see
Figure 13). If a pole appears within the critical region,
the payload is known to have internal dynamics. If a pole
is not detected in the critical region, then either the pendulum is locked or it is not excited. In either case, it does
not need to be controlled. If the pendulum becomes excited, the pole will be detected in the critical region of the
S-plane.

Y
Process

Figure 12: Self Tuning Regulator

The parameter identi cation and control redesign
are used to modify the controller so that good performance can be achieved for a variety of plant parameters.

Although in concept the STR is straightforward, there
are several issues which must be addressed to achieve a
practical implementation. Some of the problems include
1. The identi cation algorithm must determine the form
of the system equations of motion as well as identify the free parameters. In general, the algorithm
must determine the order of the system as well as
the location of all the poles and zeros (or equivalent
parameters of another realization).
2. The identi cation algorithm must avoid excessive excitation of the system. Identi cation generally improves as the level of excitation increases. However,
excessive excitation may be unsafe or undesirable for
some situations (e.g., when holding a delicate payload).
3. The identi cation algorithm must operate suciently
fast so that the identi cation can provide an updated
set of system equations in a timely fashion. That is,
the system can be unstable if the nominal control
(rigid payload assumed) is operating when there is a
pendulum dominated mode present. The identi cation algorithm must provide an update within a small
number of cycles of the pendulum dominated mode.
A solution to these problems for the class of problems
under investigation is presented below.

2 i.e., the motion is oscillatory and the amplitude of the oscillations increases or decreases slowly
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10

Figure 13: Critical Region

Performing the identi cation closed loop allows the
poles that are sensitive to the payload dynamics to
be isolated.

The dotted region in the S-plane is the critical region. Once a pole is detected in the critical region,
the pendulum is known to exist and its frequency
can be determined.

ti ed when sucient excitation exists naturally. There is
no need to provide identi cation speci c excitation.

S-plane

Once a pole is detected in the critical region, its exact
location can be used to identify the unknown parameter
(in this case length of the pendulum). For the experimental system under nominal control, the location of the
critical pole is directly related to the length of the pendulum. In a more general case, there may be more than
one mode of the payload and more than one uncertain
parameter. If
  vector of the unknown payload parameters
  closed-loop eigenvalues detected in the critical region
then, for a given system and nominal controller,  is a
function of .
 = f()
(13)
In general, if there are fewer unknowns than payload
modes,  can be found using a least squares approach. If
this function is invertable, the unknown parameters can
be identi ed from the modes through the inverse of the
function. For the experimental system,  is a scalar. Consequently, the function in Equation 13 can be plotted and
inverted graphically. Thus, once the location of the critical pole is determined, the identi cation of the pendulum
length is accomplished using a straightforward table lookup.
Since no identi cation of  is performed until a pole is
detected in the critical region, the payload is only iden9

Eigenvalue Identi cation

The performance of the adaptive logic described above
depends heavily on the ability of an identi cation algorithm to provide accurate estimates of the eigenvalues of
the system that appear in the critical region of the S-plane
(Figure 13).
The approach for accomplishing this was based on a recently developed subspace tting identi cation technique
called ESPRIT [14]. ESPRIT is used as linear identi cation technique that takes as inputs the digitized input
and outputs of the system being identi ed. The algorithm returns a best t linear state-space model. More
precisely, ESPRIT is a new mathematical tool that processes the speci c Hankel matrices which Ho, Kalman [15]
observed have special properties. Further, ESPRIT adds
the ability to account for noise in all measurements. The
ESPRIT algorithm is described in detail in Appendix C
in the context of linear system identi cation.
A critical feature of ESPRIT is its ability to identify
a system without assuming the order. To determine the
order of excited dynamics, ESPRIT forms a matrix, YU?
(see Appendix C, Equation 42). The singular values of
YU? are a measure of the in uence each mode has on
the sampled data. If the data were from a true linear
system with no noise, the matrix would have the same
number of non-zero singular values as there are excited
modes of the dynamic system. However, because the data
are corrupted with noise, there are many more non-zero

singular values. Figure 15 shows an example plot. By
looking at the singular value plot, a noise oor can be
established (see [11] for details on calculating the noise
oor). The number of singular values above the noise
oor is the order of the excited dynamics.
Singular
Values

x x
x

x

Noise Floor

x x
1

2

3

4

rigid, and the nominal controller which yields good performance for rigid payloads is used to control the system.
The closed-loop system is then monitored for the presence
of critical modal content. If the payload is a rigid body, no
adaptation occurs. If critical modal content is detected,
the parameters of the payload are identi ed and an appropriate control law is activated. In general, the control law
could be computed on-line. For the experimental system,
however, it was possible to compute the control gains o line and schedule them against the single unknown system
parameter, pendulum length.

5

Number of Excited Poles

6

x x

5 Experimental Results

M
Pole Numb

This section shows the results of three separate tests of
the adaptive algorithm on the hardware. For all of these
tests, the window size for the identi cation algorithm was
set to two seconds. Each window of data was processed
in 0.1 seconds giving an identi cation update rate of 10
Hz. The sample rate was 60 Hz.
The pendulum drop test , shown in Figure 16, starts
with the pendulum mechanically held at a 45o initial condition so that the payload is initially a rigid body. While
the controller is regulating the payload position, the pendulum is released (at 2.2 seconds). For the next two seconds, the pendulum motion is decaying very slowly with
a damping ratio of less the 0.5% (see Figure 10). During
this time, the identi cation algorithm detects presence of
the pendulum and identi es the frequency of its associated mode. At four seconds into the run, the controller
that accounts for the payload dynamics is swapped in.
Three seconds later, the pendulum is damped to within
ve degrees and the arm to within two millimeters of their
desired positions.
The disturbance response test, shown in Figure 17,
demonstrates the response of the adaptive algorithm to
large unmodelled disturbances for both rigid and dynamic payloads. The pendulum is initially locked hanging
straight down. An impulsive disturbance is applied to the
tip of the manipulator. The controller rejects the disturbance. As expected, no adaptation takes place. This is
in contrast to other adaptive algorithms that respond unfavorably to unmodelled disturbances. The pendulum is
then released. However, since the pendulum is not oscillating there is no need to identify or control it. A second
impulsive disturbance is then applied to the tip of the
manipulator. This disturbance excites the pendulum enabling the adaptive algorithm to identify and hence damp
the pendulum while simultaneously regulating the payload position. Note that neither the identi cation nor
control algorithm is able to sense the pendulum angle directly (even though it is plotted).
The drop and slew test, shown in Figure 18, shows
adaptation during a slew. The idea is similar to the rst

Figure 15: Singular Values YU?
The large drop in values from the 4th to the 5th singular value indicates that there are 4 excited modes
in this example system.

Once the order of the system has been determined, ESPRIT forms a state-space realization of the proper order that best ts the data. Although ESPRIT is capable of identifying a complete linear model of the system
(A; B; Cs), it is computationally intensive and requires full
excitation to get an accurate model. Experiments show3
the required excitation and time for identi cation make
an unmodi ed ESPRIT algorithm inappropriate for realtime adaptive control of this system.
The approach to payload identi cation described in the
above section does not require a complete system model
identi cation (A; B; Cs), however. Since the identi cation
problem can be reduced to a problem of nding eigenvalues in a critical region of the S-plane, only the system
matrix, A, is needed. The attribute of ESPRIT that was
exploited/developed for this application is that it can be
con gured to identify only those eigenvalues which are excited with an order of magnitude less computation than
nding a complete model of the system dynamics. No special inputs are required since only the excited eigenvalues
are being computed.

The Adaptive System

In summary, the identi cation and control strategies developed in the previous sections can be combined to yield
an adaptive system. The payload is rst assumed to be
3 As a test, ESPRIT was used o line to identify the experimental
system. A specially designed excitation was necessary to excite all
the modes of the system. Nearly thirty seconds of excitation was
required to get a good identi cation. The data took several minutes
to process in a batch algorithm.
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Figure 16: Adaptive Control: Pendulum Drop
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Figure 17: Disturbance Response

This experimental result shows the response of the
adaptive system when the pendulum is given a 45o
initial condition. After 4 oscillations, the identi cation has converged and a new controller is swapped
in to damp the pendulum.

This experimental result shows the response of the
adaptive system to disturbances when the payload
is rigid and dynamic. The identi cation algorithm
is not led to false identi cation by large unmodelled
disturbances.

experiment in that the pendulum is initially held at a 45o
initial condition and then dropped. However, this time
the pendulum is dropped just as the robot is commanded
to slew the payload to a new position on the table. The
adaptive algorithm detects and controls the pendulum oscillations while the slew is being completed.
In summary, the three experiments show the response of
the system in regulation, disturbance rejection and slew.
In all cases the adaptation only occurs when there is excitation of the pendulum. If the pendulum is not excited,
the controller will not account for it. Once the pendulum
is excited, the algorithm rst detects it and then controls
it.

payload. For the class of system presented here, the identi cation is reduced to determining the modal content of
the system under nominal control. ESPRIT based algorithms are able to determine accurately and in real-time
the modal content of a system without apriori knowledge
of the order of the system. Externally supplied excitation is not necessary since the approach does not identify
the payload dynamics unless they are rst detected from
natural excitation.
This approach has proven successful in an experimental
demonstration of precise high-bandwidth end-point control with simultaneous damping of internal oscillations of
a payload with unknown internal dynamics.

6 Conclusions

A Equations of Motion

An e ective method for controlling exible-link robot
arms holding payloads with unknown dynamics has been
developed and demonstrated experimentally. End-point
sensing is used as the primary feedback sensor. The endpoint controllers account for high-frequency uncertainties
in the plant and parametric uncertainties of the payload.
The methodology is to design a controller that is robust to
the high-frequency uncertainties, and adapt to the parametric uncertainties.
Robustness to the high-frequency uncertainties is obtained using LQG control with frequency weighting of
the cost function. Real-time identi cation is e ectively
merged with the robust control in a self-tuning regulator
approach to adapt to the parametric uncertainties of the

This appendix presents the state space equations of
motion for the experimental system. Two cases are presented. The rst is for a locked pendulum and the second
is for a free pendulum with a xed length. These two cases
correspond to the plots shown in Figure 5. The states are
the amplitudes of the mode shapes and their rates.
x = q1 q_1 q2 q_2 ::: T
(14)
where qi is the amplitude of the ith mode shape.
The output matrix, C, is given for the following outputs: hub angle, payload position, payload orientation,
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Figure 18: Drop and Slew
The pendulum is released from a 45o angle just as
the manipulator is commanded to slew. During the
slew, the adaptive control identi es and damps the
pendulum. The total slew distance is 60cm which
sweeps the hub motor through an angle of greater
than 40o

pendulum angle (dynamic case only).
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B LQG Weighting Matrices
This appendix presents typical values used for the
weighting matrices. They were chosen to give good controller performance and do not necessarily model the actual noise spectrum. The weights were chosen using an
iterative process. Initially weights were chosen using intuition based on Bryson's rule [16], then the resulting

(20)

12

closed-loop roots and a simulation where used as a guide
in adjusting the weights to tune performance.
For the estimator (see equations 3 to 9)
2
Qn = (5 Nm)
2
(1 m)2
4
Rn = diag (8 rad)2
(400 rad=sec)2

(30)

3
5

matrices is also limited by the excitation of the system
from the inputs or initial conditions.
The algorithm requires a window of data. The length
of the data, N, must be selected. A sliding window length
size M  N/2 must also be chosen. The selection of M
and N will be discussed later. For now assume they are
given.
The rst step in the procedure is to take the input and
output data and form the following hankel matrices:

:

(31)

For rigid payloads (see equation 11),
2

2

2

3

(1 m)2
4
5 :
Q = diag (:6 rad)2
2
(:003 rad=sec)
For dynamic payloads (see equation 12),

(32)

Y =

2

3

U =

(1 m)2
6 (:6 rad)2
7
6
7
2
6
Q = diag 6 (:003 rad=sec) 77 :
(33)
4 (:2 rad)2
5
(:02 rad=sec)2
The actuator weighting matrix is a function of frequency and is shown in gure 7.
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yN ,M +1 3
yN ,M +2 77
 5
yN 3
uN ,M +1
uN ,M +2 77
 5
uN

(36)
(37)

Here
where,

C Subspace tting technique

Y = ,X + HU

(38)

,T = [ CT (CA)T    (CAM ,1 )T ] (39)
X = [2x1 x2    xN ,M +1 ]
(40)
3
D
0
 0
6
CB
D
   0 77
6
H = 66 CAB
CB    0 77 (41)
4


  5
CAM ,2 B CAM ,3 B    D
Thus Y 2 <mM (N ,M +1) and U 2 <qM (N ,M +1) ; , 2
<mM n ; X 2 <n(N ,M +1), and H 2 <mM Mq . Note
that U and Y are the only matrices that are formed from
measured data.
The second step of the procedure is to nd a matrix U?
such that UU? = 0. U? can be found from the singular
value decomposition of U. Once U? has been calculated,
YU? can be formed from Equation 38. Thus,
YU? = ,XU?
(42)
?
Note that the column space of YU is contained in the
column space of ,. , has n columns. Thus performing
a singular value decomposition of YU? should yield n or
less non-zero singular values. However, since the data has
noise, the last mM , n singular values will not be exactly
zero but will be signi cantly smaller than the rst n. The
large drop in the singular values of YU? determines the

This appendix describes the subspace tting technique
ESPRIT. ESPRIT is a mathematical tool (three eigendecompositions) for extracting the information from Hankel matrices of impulse response parameters. Ho and
Kalman [15] observed that these Hankel matrices have
special properties allowing the dimension of an appropriate dynamic model to be obtained. ESPRIT takes into
account that there is noise present on all measurements.
Reference [14] presents the algorithm in the context of direction of arrival determination for signal processing. The
algorithm is presented here in the context of linear system
identi cation.
The subspace tting technique is inherently digital.
Suppose that the system is linear time-invariant as described by the state space model:

xk+1 = Axk + Buk
yk = Cxk + Duk

6
6
4

y1 y2
y2 y3
 
yM yM +1
u1 u2
u2 u3
 
uM uM +1

(34)
(35)

where xk is the state of the linear system at time k, uk is
the input to the linear system, and yk is the observed output ( xk 2 <n1, uk 2 <q1 , and yk 2 <m1 ). Since the
states are not measured, the system matrices are identi able only to within an arbitrary non-singular state (similarity) transformation. The identi ability of the system

number of excited poles of the system n.
Once the order of the system has been determined, the
next step is to nd the A matrix that is of the proper
13

order that best ts the data. In order to nd A, note
that the observability matrix , possess a shift invariant
structure. This means that the second row of , can be
found by multiplying the rst row by A, and the third
row can be found by multiplying the second row by A,
and so on. However, , is unknown. Fortunately, , can
be computed in a di erent coordinate system maintaining
the shift invariant property. Compute the singular value
decomposition of YU? :

and the better the results. However, the svd is an order
n3 operation. N can be selected as large as is computationally reasonable. Recent developments have improved
the computational eciency of the techniques [17].
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Expanding the rows of this equation yields,
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PM ,1

Ps1  Ps with last row deleted
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and observe that,

Ps1A  Ps2

(48)
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created from noisy data. A is computed by solving the
least squares problem or more accurately the total least
squares problem (see [14]) that is posed by Equation 48.

Selecting window size

In order to use the subspace tting algorithm, one must
select the window sizes. The sliding window length window M, and the total window size N are both \design"
variables" for the algorithm. One technique for selecting
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window size N is usually limited by the computation time.
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