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Preface

Adaptive control has been a remarkable field for industrial and academic research since
1950s. Since more and more adaptive algorithms are applied in various control applications,
it is considered as important for practical implementation. As it can be confirmed from the
increasing number of conferences and journals on adaptive control topics, it is certain that
the adaptive control is a significant guidance for technology development.

Also adaptive control has been believed as a breakthrough for realization of intelligent
control systems. Even with the parametric and model uncertainties, adaptive control enables
the control system to monitor the time varying changes and manipulate the controller for
desired performance. Therefore adaptive control has been considered to be essential for time
varying multivariable systems. Moreover, now with the advent of high-speed microproces-
sors, it is possible to implement the innovative adaptive algorithms even in real time situa-
tion.

With the efforts of many control researchers, the adaptive control field is abundant in
mathematical analysis, programming tools, and implementational algorithms. The authors
of each chapter in this book are the professionals in their areas. The results in the book
introduce their recent research results and provide new idea for improved performance in
various control application problems.

The book is organized in the following way. There are 16 chapters discussing the issues
of adaptive control application to model generation, adaptive estimation, output regulation
and feedback, electrical drives, optical communication, neural estimator, simulation and
implementation:

Chapter One: Automatic 3D Model Generation based on a Matching of Adaptive
Control Points, by N. Lee, J. Lee, G. Kim, and H. Choi

Chapter Two: Adaptive Estimation and Control for Systems with Parametric and
Nonparametric Uncertainties, by H. Ma and K. Lum

Chapter Three: Adaptive Output Regulation of Unknown Linear Systems with
Unknown Exosystems, by I. Mizumoto and Z. Iwai

Chapter Four: Output Feedback Direct Adaptive Control for a Two-Link Flexible
Robot Subject to Parameter Changes, by S. Ozcelik and E. Miranda

Chapter Five: Discrete Model Matching Adaptive Control for Potentially In-
versely Non-Stable Continuous-Time Plants by Using Multirate Sampling, by S.
Alonso-Quesada and M. De la Sen

Chapter Six: Hybrid Schemes for Adaptive Control Strategies, by R. Ribeiro and K.
Queiroz



Vi

Chapter Seven: Adaptive Control for Systems with Randomly Missing Measure-
ments in a Network Environment, by Y. Shi and H. Fang

Chapter Eight: Adaptive Control based on Neural Network, by S. Wei, Z. Lujin, Z.
Jinhai, and M. Siyi

Chapter Nine: Adaptive Control of the Electrical Drives with the Elastic Coupling
using Kalman Filter, by K. Szabat and T. Orlowska-Kowalska

Chapter Ten: Adaptive Control of Dynamic Systems with Sandwiched Hysteresis
based on Neural Estimator, by Y. Tan, R. Dong, and X. Zhao

Chapter Eleven: High-Speed Adaptive Control Technique based on Steepest De-
scent Method for Adaptive Chromatic Dispersion Compensation in Optical Com-
munications, by K. Tanizawa and A. Hirose

Chapter Twelve: Adaptive Control of Piezoelectric Actuators with Unknown Hys-
teresis, by W. Xie, J. Fu, H. Yao, and C. Su

Chapter Thirteen: On the Adaptive Tracking Control of 3-D Overhead Crane Sys-
tems

Chapter Fourteen: Adaptive Inverse Optimal Control of a Magnetic Levitation
System, by Y. Satoh, H. Nakamura, H. Katayama, and H. Nishitani

Chapter Fifteen: Adaptive Precision Geolocation Algorithm with Multiple Model
Uncertainties, by W. Sung and K. You

Chapter Sixteen: Adaptive Control for a Class of Non-affine Nonlinear Systems
via Neural Networks, by Z. Tong

We expect that the readers have taken a basic course in automatic control, linear systems,
and sampled data systems. This book is tried to be written in a self-contained way for better
understanding. Since this book introduces the development and recent progress of the
theory and application of adaptive control research, it is useful as a reference especially for
industrial engineers, graduate students in advanced study, and the researchers who are re-
lated in adaptive control field such as electrical, aeronautical, and mechanical engineering.

Kwanho You
Sungkyunkwan University, Korea
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Automatic 3D Model Generation based on a
Matching of Adaptive Control Points

Na-Young Leel, Joong-Jae Lee?, Gye-Young Kim? and Hyung-II Choi*
IRadioisotope Research Division, Korea Atomic Energy Research Institute

2Center for Cognitive Robotics Research, Korea Institute of Sciene and Technology
3School of Computing, Soongsil University

4School of Media, Soongsil University

Republic of Korea

Abstract

The use of a 3D model helps to diagnosis and accurately locate a disease where it is neither
available, nor can be exactly measured in a 2D image. Therefore, highly accurate software
for a 3D model of vessel is required for an accurate diagnosis of patients. We have generated
standard vessel because the shape of the arterial is different for each individual vessel,
where the standard vessel can be adjusted to suit individual vessel. In this paper, we
propose a new approach for an automatic 3D model generation based on a matching of
adaptive control points. The proposed method is carried out in three steps. First, standard
and individual vessels are acquired. The standard vessel is acquired by a 3D model
projection, while the individual vessel of the first segmented vessel bifurcation is obtained.
Second is matching the corresponding control points between the standard and individual
vessels, where a set of control and corner points are automatically extracted using the Harris
corner detector. If control points exist between corner points in an individual vessel, it is
adaptively interpolated in the corresponding standard vessel which is proportional to the
distance ratio. And then, the control points of corresponding individual vessel match with
those control points of standard vessel. Finally, we apply warping on the standard vessel to
suit the individual vessel using the TPS (Thin Plate Spline) interpolation function. For
experiments, we used angiograms of various patients from a coronary angiography in
Sanggye Paik Hospital.

Keywords: Coronary angiography, adaptive control point, standard vessel, individual
vessel, vessel warping.

1. Introduction

X-ray angiography is the most frequently used imaging modality to diagnose coronary
artery diseases and to assess their severity. Traditionally, this assessment is performed
directly from the angiograms, and thus, can suffer from viewpoint orientation dependence
and lack of precision of quantitative measures due to magnification factor uncertainty
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(Messenger et al., 2000), (Lee et al., 2006) and (Lee et al., 2007). 3D model is provided to
display the morphology of vessel malformations such as stenoses, arteriovenous
malformations and aneurysms (Holger et al., 2005). Consequently, accurate software for a
3D model of a coronary tree is required for an accurate diagnosis of patients. It could lead to
a fast diagnosis and make it more accurate in an ambiguous condition.

In this paper, we present an automatic 3D model generation based on a matching of
adaptive control points. Fig. 1 shows the overall flow of the proposed method for the 3D
modelling of the individual vessel. The proposed method is composed as the following
three steps: image acquisition, matching of the adaptive control points and the vessel
warping. In Section 2, the acquisitions of the input image in standard and individual vessels
are described. Section 3 presents the matching of the corresponding control points between
the standard and individual vessels. Section 4 describes the 3D modelling of the individual
vessel which is performed through a vessel warping with the corresponding control points.
Experimental results of the vessel transformation are given in Section 5. Finally, we present

the conclusion in Section 6.

N
4{ Ii

4{ Ii

Fig. 1. Overall flow of the system configuration



Automatic 3D Model Generation based on a Matching of Adaptive Control Points 3

2. Image Acquisition

We have generated a standard vessel because the shape of the arterial is different for each
individual vessel, where the standard vessel can be adjusted to suit the individual vessel
(Chalopin et al., 2001), (Lee et al., 2006) and (Lee et al., 2007). The proposed approach is
based on a 3D model of standard vessel which is built from a database that implemented a
Korean vascular system (Lee et al., 2006).

We have limited the scope of the main arteries for the 3D model of the standard vessel as
depicted in Fig. 2.

SO

Fig. 2. Vessel scope of the database for the 3D model of the standard vessel

Table 1 shows the database of the coronary artery of Lt. main (Left Main Coronary Artery),
LAD (Left Anterior Descending) and LCX (Left Circumflex artery) information. This
database consists of 40 people with mixed gender information.

Lt. main LAD LCX
age
Os |distal|length| Os |distal length] Os |distal|length
below 60 years of
Id (male) 484459|43+04| 4105|9942 |3.8+04| 3.6804 (17.0452| 35+04 |33+03|192+6.1
0. male

above 60 years of
old (male)

675454 (450544404 | 84438 |39403| 36403 |17.2458| 36404 | 34+04|24.6+89

below 60 years of
old (female)

449+199 3.7£1.8|34£1.6(10.646.2| 3.3£1.5| 3.1+14 |14.1455| 29+1.3 | 28+1.2(21.319.2

above 60 years of
old (female)

707+44143107|4140.6|125+79| 35406 | 34405 |223+7.3 3.31(;.[- paiex §7 4 ain
Coronary Arte:

Table 1. Database of the coronary artery
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To quantify the 3D model of the coronary artery, the angles of the vessel bifurcation are
measured with references to LCX, Lt. main and LAD, as in Table 2. Ten individuals
regardless of their gender and age were selected randomly for measuring the angles of the
vessel bifurcation from six angiograms. The measurement results, and the average and
standard deviations of each individual measurement are shown in Table 2.

RAO30° | RAO30° | AP0° |LAO60°| LAO60° AP0°
CAUD30° | CRA30° | CRA30° | CRA30° | CAUD30° | CAUD30°

1 69.17 12331 | 38.64 | 61.32 | 84.01 50.98

2 53.58 72.02 | 2380 | 51.75 | 99.73 73.92

3 77.28 97.70 | 21.20 | 57.72 | 100.71 71.33

4 94.12 2467 | 2238 | 81.99 75.6 69.57

5 64.12 33.25 | 31.24 | 40.97 | 135.00 61.87

6 55.34 51.27 41.8 | 80.89 | 119.84 57.14

7 71.93 79.32 | 50.92 | 87.72 | 114.71 58.22

8 67.70 59.14 | 31.84 | 58.93 | 9236 70.16

9 85.98 60.85 | 35.77 | 54.45 | 118.80 78.93
10 47.39 60.26 | 3450 | 47.39 | 67.52 34.79
Average |  68.67 66.18 | 33.21 | 62.31 | 100.83 62.69
sendard| 1456 | 2007 | 932 | 1586 | 2146 | 13.06

Table 2. Measured angles of the vessel bifurcation from six angiographies

Fig. 3 illustrates the results of the 3D model generation of the standard vessel from six
angiographies: RAO (Right Anterior Oblique)30° CAUD (Caudal)30°, RAO30° CRA (Cranial
Anterior)30°, AP (Anterior Posterior)0° CRA (Cranial Anterior)30°, LAO (Left Anterior
Oblique)60° CRA30°, LAO60° CAUD30°, AP0° CAUD30°.
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Vi RAOB0° RAOB0° AP(°
1ew CAUD30° CRA30° CRA30°
Angiogram
3D Model
Vi LAO60° LAO60° AP(°
1ew CRA30° CAUD30° CAUD30°
Angiogram
3D Model F . # ’5‘

Fig. 3. 3D model generation of the standard vessel from six angiographies

Evaluating the angles of the vessel bifurcation from six angiographies can reduce the
possible measurement error which occurs when the angle from a single view is measured.
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It is difficult to transform the standard vessel into individual vessel in a 3D space (Lee et al.,
2006) and (Lee et al., 2007). Therefore, we projected the 3D model of the standard vessel into
2D projection. Fig. 4 shows the projected images of the standard vessel on a 2D plane
through the projection. The projection result can be view as vertices or polygons based.

LAGB0_CAUD30)

Fig. 4. Projection result for 2D image of standard vessel

3. Matching of the Adaptive Control Points

To transform a standard vessel into an individual vessel, it is important to match
corresponding control points (Lee et al., 2006) and (Lee et al., 2007). In this paper, we
extracted feature points of the vessel automatically and defined as control points (Lee et al.,
2006) and (Lee et al., 2007). Feature points mean is referred to the corner points of an object
or points with higher variance brightness compared to the surrounding pixels in an image,
which are differentiated from other points in an image. Such feature points can be defined in
many different ways in (Parker, 1996) and (Pitas, 2000). They are sometimes defined as
points that have a high gradient in different directions, or as points that have properties that
do not change in spite of specific transformations. Generally feature points can be divided
into three categories (Cizek et al., 2004). The first one uses a non-linear filter, such as the
SUSAN corner detector proposed by Smith (Woods et al., 1993) which relates each pixel to
an area centered by a pixel. In this area, it is called the SUSAN area; all the pixels have
similar intensities as the center pixel. If the center pixel is a feature point (some times a
feature point is also referred to as a "corner"), SUSAN area is the smallest one among the
pixels around it. A SUSAN corner detector can suppress a noise effectively without
derivating an image. The second one is based on a curvature, such as the Kitchen and
Rosenfeld's method (Maes et al.,, 1997). This kind of method needs to extract edges in
advance, and then elucidate the feature points using the information on the curvature of the
edges. The disadvantage of this method is required more needs a complicated computation,
e.g. curve on fitting, thus its processing speed is relatively slow. The third method is exploits
a change of the pixel intensity. A typical one is the Harris and Stephens' method (Pluim et
al., 2003). It produces a corner response through an eigenvalues analysis. Since it does not
need to use a slide window explicitly, its processing speed is very fast. Accordingly, this
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paper used the Harris corner detector to find the control points of standard and individual
vessels (Lee et al., 2006) and (Lee, 2007).

3.1 Extraction of the Control Points

The Harris corner detector is a popular interest point detector due to its strong invariance
such as rotation, scale, illumination variation and image noise (Schmid et al., 2000) and
(Derpanis, 2004). It is based on the local auto-correlation function of a signal. The local auto-
correlation function measures the local changes of the signal with patches shifted by a small
amount in different directions (Derpanis, 2004). However, the Harris corner detector has a
problem where it can mistake those non-corner points.

Fig. 5 shows extracted 9 control points in individual vessel by using the Harris corner
detector. We noticed that some of the extracted control points are non-corner points. To
solve this problem of the Harris corner detector, we extracted more control points of
individual vessel than standard vessel. Fig. 6 shows the extraction of control points from
individual and standard vessels.

Fig. 5. Extracted 9 control points in individual vessel

3.2 Extraction of Corner Points

We performed thinning by using the structural characteristics of vessel to find the corner
points among the control points of individual vessel which is extracted with the Harris
corner detector (Lee, 2007). Fig. 7 shows the thinning process for detection of corner points
in individual vessel.

Vend _goirel

(a) Segmented vessel (b) Thinned vessel
Fig. 6. Thinning process for detection of corner points in individual vessel

A vascular tree can be divided into a set of elementary components, or primitives, which are
the vascular segments, and bifurcation (Wahle et al, 1994). Using this intuitive
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representation, it is natural to describe the coronary tree by a graph structure (Chalopin et
al., 2001) and (Lee, 2007).
A vascular tree of thinned vessel consists of three vertices (v, ) and one bifurcation (bif")

as the following equation (1). Here, vertices (v i, ) are comprised a start point (Vg point )

and two end pOiI‘ltS (vend7p0 intl» vendﬁpo int2 )

Ithin = { VY point » bljf }
1)

vpo int = { Vstart7p0 int> Vend7p0 intl» Vend7p0 int2 }

If the reference point is a vertex, the closest two control points to the vertex are defined as
the corner points. If the reference point is a bifurcation, the three control points that are
closest to it after comparing the distances between the bifurcation and all control points are
defined as the corner points. As shown in Fig. 7, if the reference point is the vertex

(Vstart_point )» Vi and v, become the corner points; if the reference point is the bifurcation

(bif ), vs, v and v5 become the corner points (Lee, 2007).

Vg

Vond_pont2

v V7

v,

start_point

vy

vend pointl

Vy

Fig. 7. Primitives of a vascular net

3.3 Adaptive Interpolation of the Control Points between Corner Points

Once the control points and corner points are extracted from an individual vessel, an
interpolation for a standard vessel is applied. For an accurate matching, the control points
are adaptively interpolated into the corresponding standard vessel in proportion to the
distance ratio if there are control points between the corner points in an individual vessel
(Lee, 2007).

Fig. 8 shows the process of an interpolation of the control points. Control points of a
standard vessel are adaptively interpolated by the distance rate between control point (v3)

and two corner points (Vv,, v, ) of an individual vessel. Fig. 8 (a) shows the extracted control
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points from an individual vessel, and (b) shows an example of control point interpolated
between a standard vessel and the corresponding corner points from (a) image.

Py

(a) Individual vessel (b) Standard vessel
Fig. 8. Interpolation of the control points for a standard vessel

Fig. 9 shows the result of extracting the control points by using the Harris corner detector to
the segmented vessel in the individual vessel and an adaptive interpolation of the
corresponding the control points in the standard vessel.

Finjyapial blieh oy, b 1 Projeoion s i e el

Comsrlomt

"

l"‘;

Coatmllaivt s e .
Cox el ozt Cemtollomt
Leatirmagm | Frama S e I “whaping I et I Fabygont I Fettore P I

Fig. 9. Result of an adaptive interpolation of the corresponding control points

4. Vessel Warping

We have warped the standard vessel with respect to the individual vessel. Given the two
sets of corresponding control points, § = {s, s,,...s,,} and I = {i, i,,...i, } , the warping is applied
the standard vessel to suit the individual vessel. Here, S is a set of control points in the

standard vessel and [ is a set of one in the individual vessel (Lee et al., 2006) and (Lee et al.,
2007).
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Standard vessel warping was performed using the TPS (Thin-Plate-Spline) algorithm
(Bentoutou et al., 2002) from the two sets of control points.

The TPS is the interpolation functions that exactly represent a distortion at each feature
point, and for defining a minimum curvature surface between control points. A TPS
function is a flexible transformation that allows for a rotation, translation, scaling, and
skewing. It also allows for lines to bend according by the TPS model (Bentoutou et al., 2002).
Therefore, a large number of deformations can be characterized by the TPS model.

The TPS interpolation function can be written as equation (2).

hx) = Ax+ 0+ WK x -3, ) o

i=1

The variables A and t are the affine transformation parameters matrices, W, are the weights

of the non-linear radial interpolation function K , and x; are the control points. The function
K () is the solution of the biharmonic equation (AZK =0) that satisfies the condition of a
bending energy minimization, namely K (r) = r? log (r%).

The complete set of parameters, the interpolating registration transformation is defined, and
then it is used to transform the standard vessel. It should be noted that in order to be able to
carry out the warping of the standard vessel with respect to the individual vessel, it is
required to have a complete description of the TPS interpolation function (Lee et al., 2006)

and (Lee et al., 2007).
Fig. 10 shows the results of modifying the standard vessel to suit the individual vessel.

(a) Individual vessel (b) Standard vessel (c) Warped vessel
Fig. 10. Results of the warped vessel in standard vessel

5. Results of the Vessel Transformation

We simulated the system environment that is Microsoft Windows XP ona Pentium 3GHz,
Intel Corp. and the compiler VC++ 6.0 is used. The image of 512x 512 is used for the
experimentation. Each image has a gray-value resolution of 8 bits, i.e., 256 gray levels.

Fig. 11 shows the 3D model of the standard vessel from six different angiographic views.
The results of the standard vessel warping using TPS algorithm to suit the individual vessel
is shown in Fig. 13.
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MIP(Medical Image Pracessing} - [Imagez]  =loix]

OH(E) ME(E) 223 HAAD ZHE &8 27w ESSH

[AROLCRAS U TAGGOLCAUD30
[RAG30NCRASD) TAGGOLCRATU. [AROLCAUDS0)
=
=1 =

4-3ppmItE 2J|
4-20F 22|

T mewet (T a2
=HI I

Fig. 11. 3D model of the standard vessel in angiographic of six different views

2D Projection E3

Segmentation usszal Individual] Frojection uessel [standard]

Feature Point

LoadImage Feature Point Warping Vertices

Result Image

Fig. 12. Result of standard vessel warping
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Fig. 13 shows the result for an automatically 3D model generation of individual vessel.

MIP{Medical Image Processing) - [Image2] =3l

I MEE 289 2z H4Hd ZEE 28 22w =820

D@ BE|&E| 1|0 s

[RA030LCAUD30! [AROLCRAD) CAG60LCAUD30)
[RA030LCRASD [AOGULCRAS0 [RROICAUDS0
x|
o =l

Imaget e B2

(Mg Imaget
ZH I I
Fig. 13. Result of 3D model generation for the individual vessel in six views

6. Conclusion

We proposed a fully automatic and effective algorithm to perform a 3D modelling of
individual vessel from angiograms in six views. This approach can be used to recover the
geometry of the main arteries. The 3D model of the vessel enables patients to visualize their
progress and improvement for a disease. Such a model should not only enhance the level of
reliability but also provide a fast and accurate identification. In order words, this method
can be expected to reduce the number of misdiagnosed cases (Lee et al., 2006) and (Lee et al.,

2007).
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Abstract

Adaptive control has been developed for decades, and now it has become a rigorous and
mature discipline which mainly focuses on dealing parametric uncertainties in control
systems, especially linear parametric systems. Nonparametric uncertainties were seldom
studied or addressed in the literature of adaptive control until new areas on exploring
limitations and capability of feedback control emerged in recent years. Comparing with the
approach of robust control to deal with parametric or nonparametric uncertainties, the
approach of adaptive control can deal with relatively larger uncertainties and gain more
flexibility to fit the unknown plant because adaptive control usually involves adaptive
estimation algorithms which play role of “learning” in some sense.

This chapter will introduce a new challenging topic on dealing with both parametric and
nonparametric internal uncertainties in the same system. The existence of both two kinds of
uncertainties makes it very difficult or even impossible to apply the traditional recursive
identification algorithms which are designed for parametric systems. We will discuss by
examples why conventional adaptive estimation and hence conventional adaptive control
cannot be applied directly to deal with combination of parametric and nonparametric
uncertainties. And we will also introduce basic ideas to handle the difficulties involved in
the adaptive estimation problem for the system with combination of parametric and
nonparametric uncertainties. Especially, we will propose and discuss a novel class of
adaptive estimators, i.e. information-concentration (IC) estimators. This area is still in its infant
stage, and more efforts are expected in the future for gainning comprehensive
understanding to resolve challenging difficulties.

Furthermore, we will give two concrete examples of semi-parametric adaptive control to
demonstrate the ideas and the principles to deal with both parametric and nonparametric
uncertainties in the plant. (1) In the first example, a simple first-order discrete-time nonlinear
system with both kinds of internal uncertainties is investigated, where the uncertainty of
non-parametric part is characterized by a Lipschitz constant L, and the nonlinearity of
parametric part is characterized by an exponent index b. In this example, based on the idea
of the IC estimator, we construct a unified adaptive controller in both cases of b = 1 and
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b > 1, and its closed-loop stability is established under some conditions. When the
parametric part is bilinear (b = 1), the conditions given reveal the magic number

5+ 2 which appeared in previous study on capability and limitations of the feedback

mechanism. (2) In the second example with both parametric uncertainties and non-
parametric uncertainties, the controller gain is also supposed to be unknown besides the
unknown parameter in the parametric part, and we only consider the noise-free case. For this
model, according to some a priori knowledge on the non-parametric part and the unknown
controller gain, we design another type of adaptive controller based on a gradient-like
adaptation law with time-varying deadzone so as to deal with both kinds of uncertainties.
And in this example we can establish the asymptotic convergence of tracking error under
some mild conditions, althouth these conditions required are not as perfect as in the first

3
example in sense that L < 0.5 is far away from the best possible bound E + \/5 .

These two examples illustrate different methods of designing adaptive estimation and
control algorithms. However, their essential ideas and principles are all based on the a
priori knowledge on the system model, especially on the parametric part and the non-
parametric part. From these examples, we can see that the closed-loop stability analysis is
rather nontrivial. These examples demonstrate new adaptive control ideas to deal with two
kinds of internal uncertainties simultaneously and illustrates our elementary theoretical
attempts in establishing closed-loop stability.

1. Introduction

This chapter will focus on a special topic on adaptive estimation and control for systems with
parametric and nonparametric uncertainties. Our discussion on this topic starts with a very
brief introduction to adaptive control.

1.1 Adaptive Control

As stated in [SB89], “Research in adaptive control has a long and vigorous history” since
the initial study in 1950s on adaptive control which was motivated by the problem of
designing autopilots for air-craft operating at a wide range of speeds and altitudes. With
decades of efforts, adaptive control has become a rigorous and mature discipline which
mainly focuses on dealing parametric uncertainties in control systems, especially linear
parametric systems.

From the initial stage of adaptive control, this area has been aiming at study how to deal
with large uncertainties in control systems. This goal of adaptive control essentially means
that one adaptive control law cannot be a fixed controller with fixed structure and fixed
parameters because any fixed controller usually can only deal with small uncertainties in
control systems. The fact that most fixed controllers with certain structure (e.g. linear
feedback control) designed for an exact system model (called nominal model) can also work
for a small range of changes in the system parameter is often referred to as robustness,
which is the kernel concept of another area, robust control. While robust control focuses on
studying the stability margin of fixed controllers (mainly linear feedback controller), whose
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design essentially relies on priori knowledge on exact nominal system model and bounds
of uncertain parameters, adaptive control generally does not need a priori information
about the bounds on the uncertain or (slow) time-varying parameters. Briefly speaking,
comparing with the approach of robust control to deal with parametric or nonparametric
uncertainties, the approach of adaptive control can deal with relatively larger uncertainties
and gain more flexibility to fit the unknown plant because adaptive control usually
involves adaptive estimation algorithms which play role of “learning” in some sense.

The advantages of adaptive control come from the fact that adaptive controllers can adapt
themselves to modify the control law based on estimation of unknown parameters by
recursive identification algorithms. Hence the area of adaptive control has close connections
with system identification, which is an area aiming at providing and investigating
mathematical tools and algorithms that build dynamical models from measured data.
Typically, in system identification, a certain model structure is chosen by the user which
contains unknown parameters and then some recursive algorithms are put forward based
on the structural features of the model and statistical properties of the data or noise. The
methods or algorithms developed in system identification are borrowed in adaptive control
in order to estimate the unknown parameters in the closed loop. For convenience, the
parameter estimation methods or algorithms adopted in adaptive control are often
referred to as adaptive estimation methods. Adaptive estimation and system identification
share many similar characteristics, for example, both of them originate and benefit from
the development of statistics. One typical example is the frequently used least-squares (LS)
algorithm, which gives parameter estimation by minimizing the sum of squared errors (or
residuals), and we know that LS algorithm plays important role in many areas including
statistics, system identification and adaptive control. We shall also remark that, in spite of
the significant similarities and the same origin, adaptive estimation is different from
system identification in sense that adaptive estimation serves for adaptive control and
deals with dynamic data generated in the closed loop of adaptive controller, which means
that statistical properties generally cannot be guaranteed or verified in the analysis of
adaptive estimation. This unique feature of adaptive estimation and control brings many
difficulties in mathematical analysis, and we will show such difficulties in later examples
given in this paper.

1.2 Linear Regression Model and Least Square Algorithm

Major parts in existing study on regression analysis (a branch of statistics) [DS98, Ber04,
Wik08j], time series analysis [BJR08, Tsa05], system identification [Lju98, VV07] and
adaptive control [GS84, AWS89, SB89, CG91, FL99] center on the following linear regression
model

2, =0°g +v, 1)

where {z A }, ¢k , V, represent observation data, regression vector and noise disturbance (or

external uncertainties), respectively. Here 6 is the unknown parameter to be estimated.
Linear regression models have many applications in many disciplines of science and
engineering [Wik08g, web08, DS98, Hel63, Wei05, MPV07, Fox97, BDB95]. For example, as
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stated in [web08], Linear regression is probably the most widely used, and useful, statistical
technique for solving environmental problems. Linear regression models are extremely powerful, and
have the power to empirically tease out very complicated relationships between variables. Due to the
importance of model (1.1), we list several simple examples for illustration:

e Assume that a series of (stationary) data (x;,y,) (k = 1,2, - - -, N) are generated from the

following model

Y=08+bX+¢

where 0, p1 are unknown parameters, {X, }are i. i. d. taken from a certain probability
distribution, and &, ® N 0,0 2) is random noise independent of X . For this model, let §
= [B0,P11", ¢k = [1, xk ]*, then we have y, = t9r¢k + &, . This example is a classic
topic in statistics to study the statistical properties of parameter estimates f as the data size

N grows to infinity. The statistical properties of interests may include E(t9 - H),Var(é’) ,
and so on.

* Unlike the above example, in this example we assume that X, and X, have close

relationship modeled by
Xep = Bo+ Pix + &,

2 . .
where fo, f1 are unknown parameters, and &, ® N (0,07) are i. i. d. random noise

independent of {xi, x2, - - -, xx/}.
This model is an example of linear time series analysis, which aims to study asymptotic
statistical properties of parameter estimates & v under certain assumptions on statistical

properties of &, . Note that for this example, it is possible to deduce an explicit expression
of xyin terms of &; (j=0,1,---,k—1).

* In this example, we consider a simple control system
X1 = Po + BiXy +buy + &,

where b # 0 is the controller gain, &, is the noise disturbance at time step k. For this model,

in case where b is known a priori, we can take; @ = [ﬂo,ﬂl 1, ¢k =1, X 1,
. T

Z, =X, —bu,H ;otherwise, we can take @ = [ﬂo,ﬂl,b] ’ ¢/¢ = [l,xk_l]f, Z, =X, —buk_1 .

In both cases, the system can be rewritten as

z, =0"¢, +¢,
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which implies that intuitively, 0 can be estimated by using the identification algorithm since

both data zx and ¢, are available at time step k. Let 0 . denote the parameter estimates at

time step ) . » then we can design the control signal #, by regarding as the real parameter

0:

1 = &
wup = Z[Tk+1 — Bo — Bi1xi]

A

where {7, } is the known reference signal to be tracked, and b, ﬂo , ﬂl are estimates of b,

By, B, respectively. Note that for this example, the closed-loop system will be very

complex because the data generated in the closed loop essentially depend on all history
signals. In the closed-loop system of an adaptive controller, generally it is difficult to
analyze or verify statistical properties of signals, and this fact makes that adaptive
estimation and control cannot directly employ techniques or results from system
identification. Now we briefly introduce the frequently-used LS algorithm for model (1.1)
due to its importance and wide applications [LH74, Gio85, Wik08e, Wik08f, Wik08d]. The
idea of LS algorithm is simply to minimize the sum of squared errors, that is to say,

gLs 2 arg min i [2k — (" ¢w]"[2k — (7 i)
min 2, (12)

This idea has a long history rooted from great mathematician Carl Friedrich Gauss in 1795
and published first by Legendre in 1805. In 1809, Gauss published this method in volume
two of his classical work on celestial mechanics, heoria Motus Corporum Coelestium in
sectionibus conicis solem ambientium|[Gau09], and later in 1829, Gauss was able to state that the
LS estimator is optimal in the sense that in a linear model where the errors have a mean of
zero, are uncorrelated, and have equal variances, the best linear unbiased estimators of the
coefficients is the least-squares estimators. This result is known as the Gauss-Markov
theorem [Wik08a].

By Eq. (1.2), at every time step, we need to minimize the sum of squared errors, which
requires much computation cost. To improve the computational efficiency, in practice we
often use the recursive form of LS algorithm, often referred to as recursive LS algorithm,
which will be derived in the following. First, introducing the following notations

Z{ 1 o
Zn = : s q)n = 5 Vn = 5
o Up, (1.3)
and using Eq. (1.1), we obtain that

By — B = V.
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Noting that

Z 2k — ¢ on) [z — (7 bi]
=1

= [Zn — ®n(]"[Zn — Pn]

ZmZn — 280C + (O, C

= [0 (2720)" 07 Z,]" 2720 [C — (27,20) " @] 2,1
+Z5 I — &0 (2] 20) T @7 20

where the last equation is derived from properties of Moore-Penrose pseudoinverse
[Wik08h]

PT = PT D, DF = BTD,, (DT D,) T DT
we know that the minimum of [Zn —q)ng]T[Zn -0 ng] can be achieved at
6L = (P @) @ Z, (1.4)

which is the LS estimate of 6. Let

>

P (27.2n) "
and then, by Eq. (1.3), with the help of matrix inverse identity
[AT'+AT'B"C'BATY ' = A-B"(C+BA™'B")'B
we can obtain that
Po=(B. " +44)"

=[4"+A"'B°C'BA]"

=P, —(Pog )1+ (¢ P )PL(PLg )] (4P,

=b.,-a,b $4,P.,

where

=1+ ¢pPa19n)”

Further,
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5
3
I

Pn Z ¢kzg
k=1
n—1
= [Pao1 — anPac19n@} Puil]D | brzf + b2y
k=1

= bn1— 0 Pac10n@ Pa10n_1 + Pu_16n2] — anPa_16nd5 Py
1 = @ Po10n 07 Pa10p_1 + Po_16n[1 — an @7 Pa_1¢n)2,
n—1 = GnPo1$n$ Pa10n-1+ 0n Pr16n2]

= By + anPr-19n(z;, — ¢pbn-1)

> D>

Thus, we can obtain the following recursive LS algorithm

~ A~

H'n - Hn—l = anpn—lgbn(zr:; - Z;,en—l)

where P,-1 and 0,1 reflect only information up to step n -1, while a,, ¢, and z ; - ¢nT 9,,_1

reflect information up to step n.

In statistics, besides linear parametric regression, there also exist generalized linear models
[Wik08b] and non-parametric regression methods [Wik08i], such as kernel regression
[WikO08c]. Interested readers can refer to the wiki pages mentioned above and the references
therein.

1.3 Uncertainties and Feedback Mechanism

By the discussions above, we shall emphasize that, in a certain sense, linear regression
models are kernel of classical (discrete-time) adaptive control theory, which focuses to cope
with the parametric uncertainties in linear plants. In recent years, parametric uncertainties
in nonlinear plants have also gained much attention in the literature[MT95, Bos95, Guo97,
ASL98, GHZ99, LQFO03]. Reviewing the development of adaptive control, we find that
parametric uncertainties were of primary interests in the study of adaptive control, no
matter whether the considered plants are linear or nonlinear. Nonparametric uncertainties
were seldom studied or addressed in the literature of adaptive control until some new areas
on understanding limitations and capability of feedback control emerged in recent years.
Here we mainly introduce the work initiated by Guo, who also motivated the authors’
exploration in the direction which will be discussed in later parts.

Guo’s work started from trying to understand fundamental relationship between the
uncertainties and the feedback control. Unlike traditional adaptive theory, which focuses on
investigating closed-loop stability of certain types of adaptive controllers, Guo began to
think over a general set of adaptive controllers, called feedback mechanism, i.e., all possible
feedback control laws. Here the feedback control laws need not be restricted in a certain
class of controllers, and any series of mappings from the space of history data to the space of
control signals is regarded as a feedback control law. With this concept in mind, since the
most fundamental concept in automatic control, feedback, aims to reduce the effects of the
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plant uncertainty on the desired control performance, by introducing the set F of internal
uncertainties in the plant and the whole feedback mechanism U, we wonder the following
basic problems:

1. Given an uncertainty set F, does there exist any feedback control law in U which can
stabilize the plant? This question leads to the problem of how to characterize the maximum
capability of feedback mechanism.

2. If the uncertainty set F is too large, is it possible that any feedback control law in U cannot
stabilize the plant? This question leads to the problem of how to characterize the limitations
of feedback mechanism.

The philosophical thoughts to these problems result in fruitful study [Guo97, XG00, ZG02,
XG01, LX06, Ma08a, Ma08b].

The first step towards this direction was made in [Guo97], where Guo attempted to answer
the following question for a nontrivial example of discrete-time nonlinear polynomial plant
model with parametric uncertainty: What is the largest nonlinearity that can be dealt with
by feedback? More specifically, in [Guo97], for the following nonlinear uncertain system

Y1 =00 + ur +werr, ¢ =0(y;), b>0 (1.5)

where 6 is the unknown parameter, b characterizes the nonlinear growth rate of the
system, and {w, } is the Gaussian noise sequence, a critical stability result is found — system

(1.5) is not a.s. globally stabilizable if and only if b > 4. This result indicates that there exist
limitations of the feedback mechanism in controlling the discrete-time nonlinear adaptive
systems, which is not seen in the corresponding continuous-time nonlinear systems (see
[Guo97, Kan94]). The “impossibility” result has been extended to some classes of uncertain
nonlinear systems with unknown vector parameters in [XG99, Ma08a] and a similar result
for system (1.5) with bounded noise is obtained in [LX06].

Stimulated by the pioneering work in [Guo97], a series of efforts ([XG00, ZG02, XG01,
MGO5]) have been made to explore the maximum capability and limitations of feedback
mechanism. Among these work, a breakthrough for non-parametric uncertain systems was
made by Xie and Guo in [XG00], where a class of first-order discrete-time dynamical control
systems

Yer1 = f(ye) +ue + werr,  f()) € F(L) (1.6)

is studied and another interesting critical stability phenomenon is proved by using new
techniques which are totally different from those in [Guo97]. More specifically, in [XG00],
F(L) is a class of nonlinear functions satisfying Lipschitz condition, hence the Lipschitz
constant L can characterize the size of the uncertainty set F(L). Xie and Guo obtained the

following results: if 7 > 3 + /2 , then there exists a feedback control law such that for any
2
f € FE(), the corresponding closed-loop control system is globally stable; and if

3
L< 54— \/5 , then for any feedback control law and any ), € R', there always exists



Adaptive Estimation and Control for Systems with Parametric and Nonparametric Uncertainties 23

some f € F'(L)such that the corresponding closed-loop system is unstable. So for system

3

(1.6), the “magic” number - , ./5 characterizes the capability and limits of the whole

feedback mechanism. The impossibility part of the above results has been generalized to
similar high-order discrete-time nonlinear systems with single Lipschitz constant [ZG02]
and multiple Lipschitz constants [Ma08a]. From the work mentioned above, we can see two
different threads: one is focused on parametric nonlinear systems and the other one is
focused on non-parametric nonlinear systems. By examining the techniques in these threads,
we find that different difficulties exist in the two threads, different controllers are designed
to deal with the uncertainties and completely different methods are used to explore the
capability and limitations of the feedback mechanism.

1.4 Motivation of Our Work

From the above introduction, we know that only parametric uncertainties were considered
in traditional adaptive control and non-parametric uncertainties were only addressed in
recent study on the whole feedback mechanism. This motivates us to explore the following
problems: When both parametric and non-parametric uncertainties are present in the
system, what is the maximum capability of feedback mechanism in dealing with these
uncertainties? And how to design feedback control laws to deal with both kinds of internal
uncertainties? Obviously, in most practical systems, there exist parametric uncertainties
(unknown model parameters) as well as non-parametric uncertainties (e.g. unmodeled
dynamics). Hence, it is valuable to explore answers to these fundamental yet novel
problems. Noting that parametric uncertainties and non-parametric uncertainties essentially
have different nature and require completely different techniques to deal with, generally it
is difficult to deal with them in the same loop. Therefore, adaptive estimation and control in
systems with parametric and non-parametric uncertainties is a new challenging direction. In
this chapter, as a preliminary study, we shall discuss some basic ideas and principles of
adaptive estimation in systems with both parametric and non-parametric uncertainties; as to
the most difficult adaptive control problem in systems with both parametric and non-
parametric uncertainties, we shall discuss two concrete examples involving both kinds of
uncertainties, which will illustrate some proposed ideas of adaptive estimation and special
techniques to overcome the difficulties in the analysis closed-loop system. Because of
significant difficulties in this new direction, it is not possible to give systematic and
comprehensive discussions here for this topic, however, our study may shed light on the
aforementioned problems, which deserve further investigation.

The remainder of this chapter is organized as follows. In Section 2, a simple semi-parametric
model with parametric part and non-parametric part will be introduced first and then we
will discuss some basic ideas and principles of adaptive estimation for this model. Later in
Section 3 and Section 4, we will apply the proposed ideas of adaptive estimation and
investigate two concrete examples of discrete-time adaptive control: in the first example, a
discrete-time first-order nonlinear semi-parametric model with bounded external noise
disturbance is discussed with an adaptive controller based on information-contraction
estimator, and we give rigorous proof of closed-loop stability in case where the uncertain
parametric part is of linear growth rate, and our results reveal again the magic number
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3

—+4/2 ; in the second example, another noise-free semi-parametric model with

parametric uncertainties and non-parametric uncertainties is discussed, where a new
adaptive controller based on a novel type of update law with deadzone will be adopted to
stabilize the system, which provides yet another view point for the adaptive estimation and
control problem for the semi-parametric model. Finally, we give some concluding remarks
in Section 5.

2. Semi-parametric Adaptive Estimation: Principles and Examples

2.1 One Semi-parametric System Model
Consider the following semi-parametric model

2, =0"¢ + f(B) + &, (21)

where 0 €0 denotes unknown parameter vector, f{ )< F denotes unknown function and

&, € A, denote external noise disturbance. Here ©, F and Ak represent a priori knowledge

on possible 8, f (¢k) and &, , respectively. In this model, let
vk = f(¢r) + &

then Eq. (2.1) becomes Eq. (1.1). Because each term of right hand side of Eq. (2.1) involves
uncertainty, it is difficult to estimate &, f (4,) and ¢, simultaneously.

Adaptive estimation problem can be formulated as follows: Given a priori knowledge on 0,
f()) and &, , how to estimate 0 and f{ ) according to a series of data {¢, ,z,;k =1,2,---,n }
Or in other words, given a priori knowledge on 6 and v, how to estimate 8 and vy according
toaseriesof data{¢, ,z,;k =1,2,--- ,n }

Now we list some examples of a priori knowledge to show various forms of adaptive
estimation problem.

Example 2.1 As to the unknown parameter 0, here are some commonly-seen examples of a priori
knowledge:

e There is no any a priori knowledge on 6 except for its dimension. This means that 6 can be
arbitrary and we do not know its upper bound or lower bound.

* The upper and lower bounds of 0 are known, i.e. 0 <O <6, where 6 and @ are constant vector

and the relationship “<” means element-wise “less or equal”.

* The distance between 0 and a nominal 0o is bounded by a known constant, i.e. | |0 — 0o | | < 1y,
where rg 20 is a known constant and 0Oy is the center of set ©.

* The unknown parameter lies in a known countable or finite set of values, that is to say, 0 € { 0y, 0,
03 - )

Example 2.2 As to the unknown function f{ ), here are some possible examples of a priori knowledge:
* f(x) = 0 for all x. This case means that there is no unmodeled dynamics.



Adaptive Estimation and Control for Systems with Parametric and Nonparametric Uncertainties 25

* Function fis bounded by other known functions, that is to say, f(x)< f(x) < ?(x) for any x.

* The distance between f and a nominal fy is bounded by a known constant, i.e. | |f = fol | <15,
where r¢ 2 0 is a known constant and fo can be regarded as the center of a ball F in a metric functional
space with norm | | - | |.

* The unknown function lies in a known countable or finite set of functions, that is to say, f< {f, f
S

* Function fis Lipschitz, ie. f(x,)— f(x,) < L|x, —x, | for some constant L > 0.

* Function f is monotone (increasing or decreasing) with respect to its arquments.

* Function fis convex (or concave).

* Function fis even (or odd).

Example 2.3 As to the unknown noise term &, , here are some possible examples of a priori
knowledge:

* Sequence &, = 0. This case means that no noise/disturbance exists.

* Sequence &, is bounded in a known range, that is to say, £ < &, < & for any k. One special case

is &E=—€.

1
* Sequence & is bounded by a diminishing sequence, e.g, | &, I< E for any k . This case means

that the noise disturbance converges to zero with a certain rate. Other typical rate sequences include

{%}/ {§k} (0< 06 <1), andsoon.

* Sequence &, is bounded by other known sequences, that is to say, €k S €p S € for any k.

This case generalizes the above
cases.

* Sequence &, is in a known finite set of values, that is to say, &, € {e1 565,00, eN} . This case
may happen in digital systems where all signals can only take values in a finite set.

* Sequence &, is oscillatory with specific patterns, e.g. &, > 0ifkis even and &, <0 ifk is odd.
* Sequence &, has some statistical properties, for example, Ee, = 0, Ee,f =0’ 5 for another

example, sequence { €, } is i.i.d. taken from a probability distribution e.g. &, = U(0,1).

Parameter estimation problems (without non-parametric part) involving statistical
properties of noise disturbance are studied extensively in statistics, system identification
and traditional adaptive control. However, we shall remark that other non-statistic
descriptions on a priori knowledge is more useful in practice yet seldom addressed in
existing literature. In fact, in practical problems, usually the probability distribution of the
noise/disturbance (if any) is not known and many cases cannot be described by any
probability distribution since noise/disturbance in practical systems may come from many
different types of sources. Without any a priori knowledge in mind, one frequently-used way
to handle the noise is to simply assume the noise is Gaussian white noise, which is
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reasonable in a certain sense. But in practice, from the point of view of engineering, we can
usually conclude the noise/disturbance is bounded in a certain range. This chapter will
focus on uncertainties with non-statistical a priori knowledge. Without loss of generality, in

this section we often regard v, = f (¢k) + &, as a whole part, and correspondingly, a priori

knowledge on v, , (e.g. v, <V, < Vi), should be provided for the study.

2.2 An Example Problem

Now we take a simple example to show that it may not be appropriate to apply traditional
identification algorithms blindly so as to get the estimate of unknown parameter.
Consider the following system

z, =0p + f(§.. k) +¢&, (2.2)

where 0, f() and &, are unknown parameter, unknown function and unmeasurable noise,

respectively. For this model, suppose that we have the following a priori knowledge on the
system:

* No a priori knowledge on 0 is known.

« At any step k, the term . (&%, &) is of form Jf(Pk, k) = exp(Exdr). Here {€k} is an
unknown sequence satisfying 0 < £x < 1.

1
« Noise &, is diminishing with [€%| = %,

And in this example, our problem is how to use the data generated from model (2.2) so as to
get a good estimate of true value of parameter 0. In our experiment, the data is generated by
the following settings (k=1, 2, - - -, 50):

0=5.8, =, fGok)=expllsink| 4). 5, = (e, ~0.5)

where {& k} are i.i.d. taken from uniform distribution U(0, 1). Here we have N = 50 groups
of data (D%, 2k),

Since model (2.2) involves various uncertainties, we rewrite it into the following form of
linear regression

2k = 0 + vg (2.3)

by letting

v, = f(@. k) +¢,.

From the a priori knowledge for model (2.2), we can obtain the following a priori knowledge
for the term vy
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VU S vk < Uk

where

T exp(dp) + ¢ ifpp >0

. 1+ % if g < 0
S 1+ % ifpp, >0
=k exp(¢k) + % if o, <O

Since model (2.3) has the form of linear regression, we can use try traditional identification
algorithms to estimate 0. Fig. 1 illustrates the parameter estimates for this problem by using

standard LS algorithm, which clearly show that LS algorithm cannot give good parameter
estimate in this example because the

final parameter estimation
HNk =6 -6 ~5.68284 isvery large.

error

True=5,LS=10.6828,Error=5.68284
24

PR

ot
0

35 40 45 50
Fig. 1. The dotted line illustrates the parameter estimates obtained by standard least-squares
algorithm. The straight line denotes the true parameter.

! 1
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One may then argue that why LS algorithm fails here is just because the term V, is in fact

biased and we indeed do not utilize the a priori knowledge on vi. Therefore, we may try a

modified LS algorithm for this problem: let
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ex = o)
di l(@k — vg)
2)
wr = Uk —cCk
Yk Zk — Ck

Adaptive Control

then we can conclude that y, = 9T¢k +w,and W, € [—dk,dk], where [—dk,dk]is a

symmetric interval for every k. Then, intuitively, we can apply LS algorithm to data

{(¢k ,Z k) ,k=1,2 - ,N}. The curve of parameter estimates obtained by this modified LS
algorithm is plotted in Fig. 2. Since the modified LS algorithm has removed the bias in the a
priori knowledge, one may expect the modified LS algorithm may give better parameter
estimates, which can be verified from Fig. 2 since the final parameter estimation error

0, =0,—-0~-1.83314. In this example, although the modified LS algorithm can

work better than the standard LS algorithm, the modified LS algorithm in fact does not help

much in solving our problem since the estimation error is still very large comparing with the
true value of the unknown parameter.

12

True=5,LS2=3.16686,Error=—1.83314
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Fig. 2. The dotted line illustrates the parameter estimates obtained by modified least-squares

algorithm. The straight line denotes the true parameter.
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From this example, we do not aim to conclude that traditional identification algorithms
developed in linear regression are not good, however, we want to emphasize the following
particular point: Although traditional identification algorithms (such as LS algorithm) are very
powerful and useful in practice, generally it is not wise to apply them blindly when the matching
conditions, which guarantee the convergence of those algorithms, cannot be verified or asserted a
priori. This particular point is in fact one main reason why the so-called minimum-variance
self tuning regulator, developed in the area of adaptive control based on the LS algorithm,
attracted several leading scholars to analyze its closed-loop stability throughout past
decades from the early stage of adaptive control.

To solve this example and many similar examples with a priori knowledge, we will propose
new ideas to estimate the parametric uncertainties and the non-parametric uncertainties.

2.3 Information-Concentration Estimator

We have seen that there exist various forms of a priori knowledge on system model. With the
a priori knowledge, how can we estimate the parametric part and the non-parametric part?
Now we introduce the so-called information-concentration estimator. The basic idea of this
estimator is, the a priori knowledge at each time step can be regarded as some constraints of
the unknown parameter or function, hence the growing data can provide more and more
information (constraints) on the true parameter or function, which enable us to reduce the
uncertainties step by step. We explain this general idea by the simple model

Zl = 9T¢k <+ Vi (2_4)

with a priori knowledge that § € ® — R“,v . €V, . Then, at k-th step (k 21), with the

current data k, ¢, , z, we can define the so-called information set I at step k:

A
L;={0€0©:2,—0¢y € Vic}. (2.5)

For convenience, let Iy = ®. Then we can define the so-called concentrated information set Cy at
step k as follows

k
Cp = I
! on * (2.6)

which can be recursively written as
Cr =Cr_1 NI (2.7)

with initial set Cop = ©. Eq. (2.7) with Eq. (2.5) is called information-concentration estimator

(short for IC estimator) throughout this chapter, and any value in the set C, can be taken as

one possible estimate of unknown parameter € at time step k . The IC estimator differs
from existing parameter identification in the sense that the IC estimator is in fact a set-
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valued estimator rather than a real-valued estimator. In practical applications, generally

C + is a domain in Rd , and naturally we can take the center point of C © as 9k .
Remark 2.1 The definition of information set varies with system model. In general cases, it can be
extended to the set of possible instances of € (and/or f ) which do not contradict with the data at

step k. We will see an example involving unknown f in next section.
From the definition of the IC estimator, the following proposition can be obtained without
difficulty:

Proposition 2.1 Information-concentration estimator has the following properties:

(i) Monotonicity: Co ) Cl D C2 D

(ii) Convergence: Sequence {Cy} has a limit set COO = k('\ Ck;
=1

(iii) If the system model and the a priori knowledge are correct, then Coo must be a non-empty set
with property 0 € Coo and any element of Coo can match the data and the model;

() IfC, = D, then the data {¢k »Z k} cannot be generated by the system model used by the IC

estimator under the specified a priori knowledge.

Proposition 2.1 tells us the following particular points of the IC estimator: property (i)
implies that the IC estimator will provide more and more exact estimation; property (ii)
means that the there exists a limitation in the accuracy of estimation; property (iii) means

that true parameter lies in every C, if the system model and a priori knowledge are correct;

and property (iv) means that the IC estimator provides also a method to validate the system
model and the a priori knowledge. Now we discuss the IC estimator for model (2.4) in more
details. In the following discussions, we only consider a typical a priori knowledge on

V, SV, < Vi are two known sequences of vectors (or scalars).

2.3.1 Scalar case: d=1
By Eq. (2.5), we have

Ik:{QE(‘):QkSZk—9¢k§T)k}
Solving the inequality in Iy, we obtain that

Obr € [z — vy, 26 — Dk
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and consequently, if ¢k # (), then we have

where

_ min(sign(éx)(zx — vy), sign(Px) (2x — Vr))
- || '
5, — max(sign(dr)(zk — vi),sign(de)(zx — k)

k - )
|l

Here sign(x) denotes the sign of x: sign(x) = 1, 0,~1 for positive number, zero, and negative
number, respectively. Then, by Eq. (2.7), we can explicitly obtain that

where 25 and Bk can be recursively obtained by
B, = max(f;_;,b)
Br = min(Bk_1,bx)

P

P

Fig. 3. The straight line may intersect the polygon V and split it into two sub-polygons, one
of which will become new polygon V'. The polygon V' can be efficiently calculated from the
polygon V.
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2.3.2 Vector case: d > 1
In case of d > 1, since 6 and ¢k are vectors, we cannot directly obtain explicit solution of

inequality
0" ¢r € [z — vy, 2k — k] (2.8)
Notice that Eq. (2.8) can be rewritten into two separate inequalities:

Gr -0 <z =k, (—¢k)" -0 < —(2r—y)

we need only study linear equalities of the form ¢Tl9 < ¢ . Generally speaking, the solution

to a system of inequalities represents a polyhedral (or polygonal) domain in R4, hence we
need only determine the vertices of the polyhedral (or polygonal) domain. In case of d = 2, it

is easy to graph linear equalities since every inequality ¢Tt9 < C represents a half-plane. In
general case, let Vv, = {l/)i =12, P } denote the distinct vertices of the domain C k
and p, denote the number of vertices of domain C, , then we discuss how to deduce Vk

from ka1 . The domain C « has two more linear constraints than the domain C il
¢7k-:,] : 9 S ck,jaj = ]-52
with
Ok,1 = Ok, Ch,1 = 2k — Uy
Or2 = —Ok, ck2 = —(2 — T)
We need only add these two constraints one by one, that is to say,

Vi_; = AddLinearContraint(Vy_1, ¢y 1,k 1)
Vi = AddLinearContraint(V;,_,, ¢x 2,cr2)

where AddLinearConstraint(V, ¢, ¢) is an algorithm whose function is to add linear constraint

¢T9 < ¢ to the polygon represented by vertex set V and to return the vertex set of the new
polygon with added constraint.

Now we discuss how to implement the algorithm AddLinearConstraint.

2D Case: In case of d = 2, ¢T9 < ¢ represents a straight line which splits the plane into two

half-planes (see Fig. 3). In this case, we can use an efficient algorithm
AddLinearConstraint2D which is listed in Algorithm 1. Its basic idea is to simply test each
vertex of V to see whether to keep original vertex or generate new vertex. The time
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complexity of Algorithm 1 is O(s), where s is the number of vertices of domain V. Note that
it is possible that V' = @ if the straight line L : ¢T9 < ¢ does not intersect with the polygon
V and any vertex P, of polygon V does not satisfy ¢TPZ > ¢ . And the vertex number of

polygon V' can in fact vary within the range from 0 to s according to the geometric
relationship between the straight line L and the polygon V.

Algorithm 1 AddLinearConstraint2D()), ¢, c): Add linear constraint ¢™0 < c (¢ € R?) to a polygon
Input: V: represented by clock-wise arranged vertices Py, Py, -+, Py

Output: V’: clock-wise arranged vertices

1: Let Py « P

2: Let Q be an empty queue
3 fori=1tosdo

4 Letd; ¢"P;—c

5. end for
6
7
8
9

- Let g « &
. fori=1to sdo
if (0; = 0) or (6; < 0 and d;_y < 0) then
Append vertex P to queue Q
0: elseif (0; > 0and d;_1 < 0) or (§; < 0 and §;_; > 0) then
: Letw e 5L

2 Generate new vertex P’ —w- P+ (1-w)- P,y

13 Append vertex P’ to queue Q
14 endif
15: end for

¢: Return vertices in queue Q as the vertices of new domain )’

High-dimensional Case: In case of d > 2, ¢T9 < ¢ represents a hyperplane which splits
the whole space into two half-hyperplanes.

Unlike in case of d = 2, the vertices in this case generally cannot be arranged in a certain
natural order (such as clock-wise order). In this case, we can use an algorithm
AddLinearConstraintND which is listed in Algorithm 2. The idea of this algorithm is to
classify the vertices of V first according to their relationship with the hyperplane determined

by hyperplane ¢T9 <c.

Algorithm 2 AddLinearConstraintND(V, ", ¢): Add linear constraint ¢T6’ Sc ("% Rd)toa
polyhedron V

2.3.3 Implementation issues

In the IC estimator, the key problem is to calculate the information set Iy or the concentrated
information set C; at every step. From the discussions above, we can see that it is easy to
solve this basic problem in case of d = 1. However, in case of d > 1, generally the vertex
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number of domain C, may grow as Kk —> o . Therefore, it may be impractical to
implement the IC estimator in case of d > 1 since it may require growing memory as
k — o0 To overcome this problem, noticing the fact that the domain C; will shrink

gradually as kK —> 00 in order to get a feasible IC estimate of the unknown parameter
vector, generally we need not use too many vertices to represent the exact concentrated
information set Cj. That is to say, in practical implementation of IC estimator in high-
dimensional case, we can use a domain Cj with only a small number (say up to M) of
vertices to approximate the exact concentrated information set Ci. With such an idea of
approximate IC estimator, the issue of computational complexity will not hinder the
applications of IC estimator.

We consider two typical cases of approximate IC estimator. One typical case is that Cr 2 Cx

~ © ~

for any k, and the other case is that B =2 0% for any k. Let COO =nC «» then in the
k=1

former case (called loose IC estimator, see Fig. 4), we must have
o0
Coo =[] Cr € Ccx
k=1

which means that we will never mistakenly exclude the true parameter from the
concentrated approximate information sets; while in the latter case (called tight IC estimator,
see Fig. 5), we must have

~

Coo: CkQOoo

D}

k=1

which means that the true parameter may be outside of C however any value in C_ can
be served as good estimate of true parameter.

Py P
Fig. 4. Idea of loose IC estimator: The polygon P1P>P3P4Ps can be approximated by a triangle
Q1P4Q2. Here M = 3.
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Ps

Py Py
Fig. 5. Idea of tight IC estimator: The polygon P1P>P3P4Ps can be approximated by a triangle
P3P4P5. Here M = 3.

Now we discuss implementation details of tight IC estimator and loose IC estimator. Without
loss of generality, we only explain the ideas in case of d = 2. Similar ideas can be applied in
cases of d > 2 without difficulty.

Tight IC estimator: To implement a tight IC estimator, one simple approach is to modify
Algorithm 1 so as it just keeps up to M vertices in the queue Q. To get good approximation,
in the loop of Algorithm 1, it is suggested to abandon the generated vertex P' (in Line 12 of
Algorithm 1) which is very close to existing vertex P; (let j=iif ;<0 and 6;-1>0orj=i-1
if 8> 0 and 6;-1 < 0). The closeness between P~ and existing vertex P; can be measured by
checking the corresponding weight w.

Loose IC estimator: To implement a loose IC estimator, one simple approach is to modify
Algorithm 1 so as it can generate M vertices which surround all vertices in the queue Q. To
this end, in the loop of Algorithm 1, if the generated vertex P' (in Line 12 of Algorithm 1) is
very close to existing vertex P; (let j =i if 6; <0 and 6;-1> 0 or j =i —11if §;> 0 and ;-1 < 0),
we can simply append vertex P; instead of P” to queue Q. In this way, we can avoid
increasing the vertex number by generating new vertices. The closeness between P~ and
existing vertex P; can be measured by checking the corresponding weight w.

Besides the ideas of tight or loose IC estimator, to reduce the complexity of IC estimator, we
can also use other flexible approaches. For example, to avoid growth in the vertex number of
Vi ask — 00, we can approximate Viby using a simple outline rectangle (see Fig. 6) every
certain steps. For a polygon Vi with vertices P;, P, - - -, Ps, we can easily obtain its outline
rectangle by algorithm FindPolygonBounds listed in Algorithm 3. Here for convenience, the
operators max and min for vectors are defined element-wisely, i.e.

max(4,B) £ [max(A;, By), max(As, B), - , max(Aqg, B)|”
min(A4, B) [min(A;, B1), min(Asg, By),- -+ ,min(Ag, Bq)|"

1>

where A= [Al,A?a ’Ad]TaB = [BlvB?f" 7Bd]T are two vectors in R,.



36 Adaptive Control

Algorithm 3 FindPolygonBounds())): Find the outline rectangle of polygon )
Input: V: represented by vettices Py, Py, -+, Py
Output: V": the outline rectangle represented by upper and lower bounds of each component of vertices
I LetB <P, 1
2 letB+P
3 fori=2t0sdo
4 Let B+ max(B,P)
5. Let B« min(B, P)
6: end for
7: Return vertices of rectangle represented by coordinate bounds B and B as the vertices of new domain )’

Fig. 6. Idea of outline rectangle: The polygon PP, PP, P, can be approximated by an
outline rectangle. In this case, B, B1 denote the lower bound and upper bound in the x-

axis (1st component of each vertex), and B,, B2 denote the lower bound and upper bound

in the y-axis (2nd component of each vertex)

2.4 IC Estimator vs. LS Estimator

2.4.1 lllustration of IC Estimator
Now we go back to the example problem discussed before. For this example, ¢k and zj are
scalars, hence we need only apply the IC estimator introduced in Section 2.3.1. Since IC

estimator yields concentrated information set C, at every step, we can take any value in
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C « as parameter estimate of true parameter. In this example, C ¢ is an interval at every

step step. For comparison with other parameter estimation methods, we simply take
A~ 1

6, =—(br +b,), ie. the center of interval C, , as the parameter estimate at step k.

In Fig. 7, we plot three curves b, Q ¢ and 19k . From this figure, we can see that, for this

particular example, with the help of a priori knowledge, the upper estimates bx and lower

estimates D, given by the IC estimator converge to true parameter § = 5 quickly, and
consequently lgk also converges to true parameter.

True=5,IC=5.01017,IC,,,=4.99469,IC,,,=5.02565, Error=0.0101692
25 e e L T B L B . T S e R A e |
20 -
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Fig. 7. This figure illustrates the parameter estimates obtained by the proposed information-

concentration estimator. The upper curve and lower curve represent the upper bounds by

and lower bounds b, for the parameter estimates. We use the center curve
5 _ L . .
Hk = E bk + bk to yield the parameter estimates.

We should also remark that the parameter estimates given by the IC estimator are not
necessarily convergent as in this example. Whether the IC parameter estimates converge
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largely depend on the accuracy of a priori knowledge and the richness of the practical data.
Note that the IC estimator generally does not require classical richness concepts (like
persistent excitation) which are useful in the analysis of traditional recursive identification
algorithms.

2.4.2 Advantages of IC Estimator

We have seen practical effects of IC estimator for the simple example given above. Why can
it perform better than the LS estimator? Roughly speaking, comparing with traditional
identification algorithm like LS algorithm, the proposed IC estimator has the following
advantages:

1. It can make full use of a priori information and posterior information. And in the ideal
case, no information is wasted in the iteration process of the IC estimator. This property is
not seen in traditional identification algorithms since only partial information and certain
stochastic a priori knowledge can be utilized in those algorithms.

2. It does not give single parameter estimate at every step; instead, it gives a (finite or
infinite) set of parameter estimates at every step. This property is also unique since
traditional identification algorithms always give parameter estimates directly.

3. It can gradually find out all (or most) possible values of true parameters; and this
property can even help people to check the consistence between the practical data and the
system model with a priori knowledge. This property distinguishes traditional identification
algorithms in sense that traditional identification algorithms generally have no mechanism
to validate the correctness of the system model.

4. The a priori knowledge can vary from case to case, not necessarily described in the
language of probability theory or statistics. This property enables the IC estimator to handle
various kinds of non-statistic a priori knowledge, which cannot be dealt with by traditional
identification algorithms.

5. It has great flexibilities in its implementation, and its design is largely determined by the
characteristics of a priori knowledge. The IC estimator has only one basic principle — information
concentration! Any practical implementation approach using such a principle can be
regarded as an IC estimator. We have discussed some implementation details for a certain
type of IC estimator in last subsection, which have shown by examples how to design the IC
estimator according the known a priori knowledge and how to reduce computational
complexity in practical implementation.

6. Its accuracy will never degrade as time goes by. Generally speaking, the more steps
calculated, the more data involved, and the more accurate the estimates are. Generally
speaking, traditional identification algorithms can only have similar property (called strong
consistency) under certain matching conditions.

7. The IC estimator can not only provide reasonably good parameter estimates but also tell
people how accurate these estimates are. In our previous example, when we use

A~ 1
0, = E(bk +b, )as the parameter estimate, we know also that the absolute parameter

- ~ - . l (-
estimation error ‘9 ‘ = ‘9 - 9‘ will not exceed E( .+ b_k ) In some sense, such a property

may be conceptually similar to the so-called confidence level in statistics.
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2.4.3 Disadvantages of IC Estimator
Although the IC estimator has many advantages over traditional identification algorithms, it
may have the following disadvantages:

1. The proposed IC estimator is relatively difficult to incorporate stochastic a priori
knowledge on noise term, especially unbounded random noise. In fact, in such cases
without non-parametric uncertainties, traditional identification algorithms like LS algorithm
may be more suitable and efficient to estimate the unknown parameter.

2. The efficiency of IC estimator largely depends on its implementation via the
characteristics of the a priori knowledge. Generally speaking, the IC estimator may involve a
little more computation operations than recursive identification algorithms like LS
algorithm. We shall remark also that this point is not always true since the numerical
operations involved in the IC estimator are relatively simple (see algorithms listed before),
while many traditional identification algorithms may involve costly numerical operations
like matrix product, matrix inversion, etc.

3. Although the IC estimator has simple and elegant properties such as monotonicity and
convergence, due to its nature of set-valued estimator, no explicit and recursive expressions can
be given directly for the IC parameter estimates, which may bring mathematical difficulties
in the applications of the IC estimator. However, generally speaking, we also know that
closed-loop analysis for adaptive control using traditional identification algorithms is not
easy, too.

Summarizing the above, we can conclude that the IC estimator provides a new approach or
principle to estimate parametric and even non-parametric uncertainties, and we have shown
that it is possible to design efficient IC estimator according to characteristics of a priori
knowledge.

3. Semi-parametric Adaptive Control: Example 1

In this section, we will give a first example of semi-parametric adaptive control, whose
design is essentially based on the IC estimator introduced in last section.

3.1 Problem Formulation
Consider the following system

Yer1 = 0P + f(ye) + we + wipr (3.1)

where y;, u; and w; are the output, input and noise, respectively; f(-) € F(L) is an

unknown function (the set F(L) will be defined later) and @ is an unknown parameter. To
make further study, the following assumptions are used throughout this section:

Assumption 3.1 The unknown function f : R —> R belongs to the following uncertainty set

FL)=A{f:[f(z) - f(y)| < Llz — y| + ¢} (32)
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where c is an arbitrary non-negative constant.

Assumption 3.2 The noise sequence {W, } is bounded, i.e.

lwy| < w

where w is an arbitrary positive constant.

Assumption 3.3 The tracking signal {y: } is bounded, i.e.

k
ly;| <S5, vt >0 (3.3)
where S is a positive constant.

Assumption 3.4 In the parametric part 9¢t , we have no any a priori information of the unknown

parameter 0, but ¢[ = g(yt) is measurable and satisfies

M’ < |Hepgia)) < M
(3.4)

forany X, # X, , where M' < M are two positive constants and b 2 1is a constant.

Remark 3.1 Assumption 3.4 implies that function g() has linear growth rate when b = 1. Especially
when g(x) = x, we can take M = M' = 1. Condition (3.4) need only hold for sufficiently large x1 and
x2, however we require it holds for all x1 # x2 to simplify the proof. We shall also remark that Sokolov
[Sok03] has ever studied the adaptive estimation and control problem for a special case of model (3.1),

where ¢t is simply taken as @y, .
Remark 3.2 Assumption 3.4 excludes the case where g(*) is a bounded function, which can be

handled easily by previous research. In fact, in that case W', = 9¢t + W, must be bounded,

hence by the result of [XG00], system (3.1) is stabilizable if and only if J <« 3 +42.
2

3.2 Adaptive Controller Design

In the sequel, we shall construct a unified adaptive controller for both cases of b =1 and b >1.

For convenience, we introduce some notations which are used in later parts. Let I = [a, b] be
Al

an interval, then m([) :E (a+b) (a+ b) denotes the center point of interval I, and

2]
l"(] )=E|b - a| denotes the radius of interval I. And correspondingly, we let
1 (x, o ) = [x -0,x+0 ] denote a closed interval centered at X € R with radius § > 0.

Estimate of Parametric Part: At time ¢, we can use the following information: yo, y1, - * -, Vs,
uo, w1, v, w1 and ¢1,¢2,-~-,¢t . Define
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A
Zj = Yj+1 — Uj (3.5)
and
S zj—zi  Lly;—yil 2wtc
Iy . ﬂ I(¢j_¢i’ lp;—il + |¢j_¢i|)
(1,9)€J¢ (3.6)
where
A .. . .
Jt:{(la.])e'/v‘:l<]<t)¢i#¢j} (3_7)
then, we can take
B = m(l), 6 =r(l) (3.8)

as the estimate of parameter 0 at time f and corresponding estimate error bound,
respectively. With 6: and o0; defined above, g’t = ét +5t and Q, = é, —5, are the
estimates of the upper and lower bounds of the unknown parameter €, respectively.

According to Eq. (3.6), obviously we can see that {5;} is a non-increasing sequence and

{6 .} is non-decreasing.

Remark 3.3 Note that Eq. (3.6) makes use of a priori information on nonlinear function f(). This
estimator is another example of the IC estimator which demonstrates how to design the IC estimator
according to the Lipschitz property of function f(). With similar ideas, the IC estimator can be
designed based on other forms of a priori information of function f( ).

Estimate of Non-parametric Part: Since the non-parametric part f (y,) may be unbounded

and the parametric part is also unknown, generally speaking it is not easy to estimate the
non-parametric part directly. To resolve this problem, we choose to estimate

gt = 0 + f(ye)

as a whole part rather than to estimate f(y;) directly. In this way, consequently, we can
obtain the estimate of f(y;) by removing the estimate of parametric part from the estimate of

8t
Define

iy = argmin |y; — y;]|
i<t 3.9

then, we get



42 Adaptive Control

9t =0t — %, T %,
= (001 + f(ye)] — 1065, + f(vi,) + wi,11] + 2,
= [0(6¢ — ¢4,) + 2, ] + [f (ye) = f(¥i,) — wi, 1] (3.10)
Thus, intuitively, we can take
~ A 2 2
Ge= 0:(de — bi,) + 21, = 04(de — ¢3,) + (Yir+1 — i) (3.11)
as the estimate of g, at time 7.

Design of Control u;: Let

NN o
by = maxy; = maX(bt—hyt)
1<t

b, =miny; = min(l_)t_pyt)-
1<t

(3.12)
Under Assumptions 3.1-3.4, we can design the following control law
0 — { ~Getyiy  ifly -y <D
—gt + §(bt + bt) if |yt - y’Lt| > 1) (3.13)

where D is an appropriately large constant, which will be addressed in the proof later.
Remark 3.4 The controller designed above is different from most traditional adaptive controllers in
its special form, information utilization and computational complexity. To reduce its computational
complexity, the interval 1y given by Eq. (3.6) can be calculated recursively based on the idea in Eq.
(3.12).

3.3 Stability of Closed-loop System

In this section, we shall investigate the closed-loop stability of system (3.1) using the
adaptive controller given above. We only discuss the case that the parametric part is of
linear growth rate, i.e. b = 1. For the case where the parametric part is of nonlinear growth
rate, i.e. b > 1, though simulations show that the constructed adaptive controller can stabilize
the system under some conditions, we have not rigorously established corresponding
theoretical results; further investigation is needed in the future to yield deeper
understanding.

3.3.1 Main Results
The adaptive controller constructed in last section has the following property:

Theorem 3.1 When b = 1,% < §+ \/5, the controller defined by Egs. (3.5)— (3.13) can
M2

guarantee that the output {y} of the closed-loop system is bounded. More precisely, we have
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limsup |y: — y; | < 2w + c.
P (3.14)

Based on Theorem 3.1, we can classify the capability and limitations of feedback mechanism
for the system (3.1) in case of b =1 as follows:
Corollary 3.1 For the system (3.1) with both parametric and non-parametric uncertainties, the
following results can be obtained in case of b =1:

ML 3
@HIfb=1, —< E + /2, then there exists a feedback control law guaranteeing that the closed-
M

loop system is stabilized.

(i) When @, =y, (i.e. g@(x) = X), the presence of uncertain parametric part @@, does not reduce

3
the critical value 5+\/§ of the feedback mechanism which is determined by the uncertainties of

non-parametric part.

Proof of Corollary 3.1: (i) This result follows from Theorem 3.1 directly. (ii) When g(x) = x, we
can take M = M" = 1. In this case, the sufficiency can be immediately obtained via Theorem
3.1; on the other hand, the necessity can be obtained by the “impossibility” part of Theorem

3
1 in [XGOQ]. In fact, if L> 5+ \/E , for any given control law {u;}, we need only take the

parameter 0 = 0, then by [XG00, Theorem 2.1], there exists a function fsuch that system (3.1)
cannot be stabilized by the given control law.

Remark 3.5 As we have mentioned in the introduction part, system (1.6), a special case of system
(3.1), has been studied in [XG00]. Comparing system (3.1) and system (1.6), we can see that system
(3.1) has also parametric uncertainty besides nonparametric uncertainty and noise disturbance.
Hence intuitively speaking, it will be more difficult for the feedback mechanism to deal with
uncertainties in system (3.1) than those in system (1.6). Noting that M'S M, we know this fact has
been partially verified by Theorem 3.1. And Corollary 3.1 (i) indicates that in the special case of

¢t =Y,, since the structure of parametric part is completely determined, the uncertainty in non-

parametric part becomes the main difficulty in designing controller, and the parametric uncertainty
has no influence on the capability of the feedback mechanism, that is to say, the feedback mechanism

3
can still deal with the non-parametric uncertainty characterized by the set F(L) with L < 5 + \/5 .
Remark 3.6 Theorem 3.1 is also consistent with classic results on adaptive control for linear systems.

In fact, when L = 0, the non-parametric part f(y;) vanishes, consequently system (3.1) becomes a
linear-in-parameter system

Vi =08, +u, +w,, (3.15)
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where 6 is the unknown parameter, and ¢t =g (yt) can have arbitrary linear growth rate because

by Theorem 3.1, we can see that no restrictions are imposed on the values of M and M ' when L =
0. Based on the knowledge from existing adaptive control theory [CG91], system (3.15) can be always

stabilized by algorithms such as minimum-variance adaptive controller no matter how large the @ is.
Thus the special case of Theorem 3.1 reveals again the well-known result in a new way, where the
adaptive controller is defined by Eq. (3.13) together with Egs. (3.5) — (3.12).

ML 3 ,
Corollary 3.2 Ifb=1, V < E + \/5 ,c =w =0, then the adaptive controller defined by Eqgs.

(3.5) — (3.13) can asymptotically stabilize the corresponding noise-free system, i.e.

lim —y:| =0.
A [y — vt (3.16)
3.3.2 Preliminary Lemmas
To prove Theorem 3.1, we need the following Lemmas:
Lemma 3.1 Assume {x,} is a bounded sequence of real numbers, then we must have
lim min |z, —z;| = 0.
n—o0 i<n (3.17)

Proof: It is a direct conclusion of [XG0O, Lemma 3.4]. It can be proved by argument of
contradiction.

Lemma 3.2 Assume that Le(0,§+\/§),d20,n0 >( . If non-negative sequence {h, n = 0}
2

satisfies

+
1 n
hpy1 < <Lr?§a;(hi - §th +d> ,Vn > ng

=0 (3.18)
A
where x* =max(x,0), Vx € R, then we must have
n
lim Z h; < oo.
n—oo
P (3.19)

Proof: See [XG00, Lemma 3.3].

3.3.3 Proof of Theorem 3.1
Proof of Theorem 3.1: We divide the proof into four steps. In Step 1, we deduce the basic
relation between y1 and ¢, and then a key inequality describing the upper bound of

|y, — Y, | is established in Step 2. Consequently, in Step 3, we prove that | , — Vi |—0
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as ¢ —> o0 if y; is not bounded, and hence the boundedness of output sequence {y:} can be
guaranteed. Finally, in the last step, the bound of tracking error can be further estimated
based on the stability result obtained in Step 3.

Step 1: Let

0 — 0,
0Pt + f(yt) + wet1 — G (3.20)

0
#
Y11

> e

then, by definition of ut and Eq. (3.13), obviously we get

_{ Y+ ¥in if [ys — yi,| < D
Yt+1 = # 1/1 E
yiyr +3(0e +by) iffye — i | > D (3.21)

Now we discuss y,#)rl . By Eq. (3.11) and Eq. (3.1), we get

yﬁ1 = 0¢¢ + f(ye) + wep1 — g
= 001 + f(ye) + werr — Oe(Pr — Pi,)
—(0¢i, + f(yi,) + wi,41) (3.22)
= (0 — 0:) (¢t — ¢3,)
+f(ye) = f(yi,)] + (Wi — wip41)

= 01(¢¢ — bi,) + [f(ye) — f(yi,)] + (Weg1 — wiy41)

In case of ¢, = ¢t} ,1.e. y: = yir, obviously we get

|yfi1‘ = |wit1 — wi 41| < 2w; (3.23)

otherwise, we get

yfil = (ét + Dt,it)(¢t = 3,) + (Wit — wi41) (3.24)
where

A fly) = )
Di ¢ — @

Obviously Dl.j =D ;- In the latter case, i.e. when ¢t # ¢l./ ,forany (i, j) e J, , - hoting that



46 Adaptive Control

25— By = (yj+1 — Uj) - (yi+1 - ul)
= 0(p; — ¢i) + [f(y;) — fvi)]
+wjp1 — wig1] (3.25)

we obtain that

25— 2 Wi41 — Wi41
g F _ _p. Wi T Wi
bj — @ " P — b (3.26)
Therefore
b+ Dei, = (8- 7=5) - (6:— 755) + Dy,
_ _ Wj1— wz+1
= Dri—Dij - ¢j =i +Ai4(t) (3.27)
where
Zj 2 ~
a](t) gt'
¢j — bi (3.28)

ML
Step 2: Since +& <i+\/§.
M 2

L .
; < E + /2, there exists a constant & > 0 such that

Let
B, & [b;,bt], AB; = By — By_1 (3.29)
and consequently
|Be| = by = by, |AB| = | By| — | By (3:30)

By the definitions of Qt , Ez and Bt , we obtain that

|Bit1| = { ’1Bt‘ 1 7 %fyHl o
5Bt + [ye+1 — 5(b +0e)|  if g1 & By (3.31)

By the definition of I,, obviously we get
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-l { SIAp e E R
"' <|ABy| ifys € AB; C By (3.32)

Step 3: Based on Assumption 3.4, for any fixed & > 0, we can take constants D andD " such
4M 2w+
that | g, ¢, |> D >M
£

any s > 0, there always exists t > s such that | Y=y >D .

when | Y=y |> D . Now we are ready to show that for

In fact, suppose that it is not true, then there must exist s > 0 such that | Y.~y |> D for
1

any t > s, correspondingl —@..| > D". Consequently, by the definition of D, for
y p gy |¥; it q Yy, by

sufficiently large ¢ and j < t, we obtain that

e
¢;—bi; ¢ (3.33)

together with the definition of 0: , we know that for any s <i<j<t,

Zj L 2w+c
A (0)] = !——Htl_ i
¢ — ¢i \¢J — ¢il (3.34)
hence for § <j<t,i:ij,weget
w+e L1
A (B)] =4y ()] < —+ {—+—-¢
’ JM( )’ ‘ ZJJ( )’ - M/ D/ — M/ 4M (335)
Now we consider Dt,i, —Dj’i .
Let dn = Dn’l.n , then, by the definition of D;;, noting that | yj - |Z| yj - |> D for

any j > s, we obtain that

D= fW) =S, iy L
1Dijl =1 —— || , ’_M”
a~l P~ (3.36)

so we can conclude that {d,, n > s} is bounded. Then, by Lemma 3.1, we conclude that

lim min |d; —dj| =0
t—00 s<j<t (3.37)
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Consequently there exists s”> s such that for any ¢ > s’, we can always find a corresponding
j=j(t) satisfying

1
|Deie = Dyl = Idi = dj| < 77e (3.38)

Summarizing the above, for any t > s, by taking j = j(t), we get
0r+ Dei,| = Dri, — Dy, j — “E0 1+ Ay(8)]

|Dt it Z]7J| o |M| = |Alm( )|

1
4£4€+ M€+(M’ + 7€ ) (3:39)

T 4M6
L..

AN

1> || I/\

Therefore

|(0~t + Dy zt)(bt % (yt Z/z‘t) T (wt+1 - wit+1)‘
LeMly — yzt’ + 2w. (3.40)

[y

IN

Since |y: = yi | > D, we know that

1
Yir1 =yl + §(bt + b,)-

(3.41)
From Eq. (3.39) together with the result in Step 2, we obtain that
1Bi| <[Biyal < max{|Bi], 3 Bil + [yep1 — 5 (& + ba)}
1
= 111ax{|B,:|., E|Bf| + |y4‘ﬁ+1|} (342)
Thus noting (3.40), we obtain the following key inequality:
|AB:| < (LeMly: — i, | + 2w — 5| Bi|)* (3.43)
where
_ (_L 3 _ ML
LeM = (37 + )M = 377 (3.44)

Considering the arbitrariness of { > s’, together with Lemma 3.2, we obtain that
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Y. |AB;| < o0,
> (3.45)

and consequently {| B, | } must be bounded. By applying Lemma 3.1 again, we conclude
that

lyt — yi,| <min |y —yi| — 0
i<t (3.46)

which contradicts the former assumption!
Step 4: According to the results in Step 3, for any s > 0, there always exists t > s such that

|yt -V |§ D . Then, we can easily obtain that { | 9: | } is bounded, say ’Q |S L.
Considering that

Uiy = 000 — 91,) + £ () — i) + (w1 — wi 1) (3.47)

we can conclude that

yorr| < lyf + il
< Llgr =il + (Llys =yl +0) + 2w
<Y (3.48)
whereY = L'MD + LD +c+ 2w+ S,
The proof below is similar to that in [XG00]. Let
to = inf{t: <Yh t,= inf {t: <Y}
o=nf{t: || <Y}, tn= inf {t:]y| <Y} .49

Because of the result obtained above, we conclude that for any n > 1, t, is well-defined and ¢,

<. Let v, =y, , then obviously {v,} is bounded. Then, by applying Lemma 3.1, we get

e w0
min fon —vi| = (3.50)

as # — o0 . Thus for any & > 0, there exists an integer ng such that for any n > ny,

min |vn, — ;] < e. (3.51)

So

Yt — Yi,, | = min |y, —ys| < minyg, —y,| <e.
i<tn i<n (3.52)
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By taking & sufficiently small, we obtain that

for any n > ny.
Thus based on definition of t,, we conclude that t,+1 = t, + 1! Therefore for any s > t,

gl <Y (3.54)

which means that the sequence {y} is bounded.
Finally, by applying Lemma 3.1 again, for sufficiently large ¢, | y, — y, |< & consequently

lYer1 — Y| = |yfi1| < I'Me + Le + ¢ + 2uw. (3.55)

Because of arbitrariness of &, Theorem 3.1 is true.

3.4 Simulation Study
In this section, two simulation examples will be given to illustrate the effects of the adaptive
controller designed above. In both simulations, the tracking signal is taken as

yt* =10 sin L and the noise sequence is i.i.d. randomly taken from uniform distribution

U(0, 1). The simulation results for two examples are depicted in Figure 8 and Figure 9,

respectively. In each figure, the output sequence ¥t and the reference sequence ¥: are
A
plotted in the top-left subfigure; the tracking error sequence €, =), — , is plotted in the

bottom-left subfigure; the control sequence U, is plotted in the top-right subfigure; and the

parameter 0 together with its upper and lower estimated bounds is plotted in the bottom-
right subfigure.
Simulation Example 1: This example is for case of b = 1, and the unknown plant is

yerr = f(ye) +09(ye) + werr,  f() € F(L) (3.56)
with L=2.9<%+\/§,g(x)=x e b=1,M =M'=1)

and
f(z) = L4z sinlog(|z| + 1). 357)

For this example, we can verify that
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y B . mcoslog |z]+1)
f'(z)] = 14[sinlog(|s] +1) £ === <28<L

consequently | f(x)— f(V)|< L|x—y| ie f(-)e F(L).

Simulation Example 2: This example is for case of b > 1, and the unknown plant is

Yir1 = f(ye) +09(ye) + wegr,  f() € F(L) (3.59)
with L =209, g(x)=x2 (ie. b=2, M=M =1),and

For this example, we can verify that | f(x)- f(y)|< L|x—y|+2,ie. f(:-)e F(L).

From the simulation results, we can see that in both examples, the adaptive controller can
track the reference signal successfully. The simulation study verified our theoretical result
and indicate that under some conditions, the adaptive control law constructed in this paper
can deal with both parametric and non-parametric uncertainties, even in some cases when
the parametric part is of nonlinear growth rate. In case of b = 1, the stabilizability criteria
have been completely characterized by a simple algebraic condition; however, in case of b >
1, it is very difficult to give complete theoretical characterization. Note that usually more
accurate estimate of parameter can be obtained in case of b > 1 than in case of b = 1,
however, worse transient performance may be encountered.

output: y and y* control: u
15 30
10 o //\ 20
Y \
5 VN \ 10
A 3
0 : / 0
-5 ) -10
10 R -20
15 -30
o] 20 40 60 80 100 o] 20 40 60 80 100
error: e parameter and bounds estimation
6 20
4 10 \
2 (o} 3
0 -10}]
-2 -20
(o] 20 40 60 80 100 o 20 40 60 80 100

Fig. 8. Simulation example 1: (g(x) =x, b=1M=M"=1)
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output: y and y* control: u
1000
800
600
400
200
0
-200
20 40 60 80 100 0 20 40 60 80 100
error: e parameter and bounds estimation
20 15
10 10}
0
5
-10
(1] RN
-20 {
-30 -5 ,/
.40 -10
0 20 40 60 80 100 (o} 20 40 60 80 100

Fig. 9. Simulation example 2: (3(x) =x2, b=2M=M"=1)

4. Semi-parametric Adaptive Control: Example 2

In this section, we shall give another example of adaptive estimation and control for a semi-
parametric model. Although the system considered in this section is similar to the model
considered in last section, there are several particular points in this example:

* The controller gain in this model is also unknown with a priori knowledge on its sign and
its lower bound.

* The system is noise-free, and correspondingly the asymptotic tracking is rigorously
established in this example.

* The algorithm in this example has a form of gradient algorithm, however, it partially
makes use of a priori knowledge on the non-parametric part.

* Due to the limitation of this algorithm and technical difficulties, unlike the algorithm in
last section, we can only establish stability of the closed-loop system under condition

0<L<0.5 for the parametric part, which is much stronger than the condition
3
0<L< ) +42

This example is given here only for the purpose of demonstrating that there exist other
possible ways to make use of a priori knowledge on the parametric uncertainties and non-
parametric uncertainties. By comparing the examples in this section and last section, the
readers may get a deeper understanding to adaptive estimation and control problems for
semi-parametric models.
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4.1 Problem Formulation

We consider the following system model
Y1 = 0@(y(k)) + f(yx) + buy 1)

1 1 . . 1.
where ¥, € R and u, € R" are output and control signals, respectively. Here OeRis

the unknown parameter, b € R 'is the unknown controller gain, @(-) is a known function,

and f() is the unknown function. We have the following a priori knowledge on the real
system:

Assumption 4.1 The nonparametric —uncertain function f() is Lipschitz, i.e,
| )= FO) IS L x, —x, ||, Vx,,x, € R, where L < 0.5. The known function ®(-) is also a
Lipschitz function with Lipschitz constant L.

Assumption 4.2 The sign of unknown controller gain b is known. Without loss of generality, we

assume that b > b > 0 where b is a known constant.

Assumption 4.3 The reference signal yZ is a known bounded deterministic signal.
The control objective is to design the control law i, such that the output signal yx

asymptotically tracks a bounded reference trajectory yZ and all the closed-loop signals are

guaranteed to be bounded.

4.2 Adaptive Control Design
To design the adaptive controller, the following notations will be used throughtout this
section:

l, = argminl|yr — vl
I<k—1
ex = Yk — Ug 4.2)

Obviously, at time step k, with the history information {y;, j < k} and the a priori knowledge,

the index /, and the tracking error e, are available. Later we will see important roles of

/ « and €, in the controller design.

Estimation of parametric part: The estimates of the parameter & and the controller gain b at

time step k are denoted by O and br, respectively. We design the following adaptive
update law to update the parameter estimates recursively:
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arer[P(yr—1) — P(yi,_, )]

g = G-
& k—1+ 7 Dg
B — b, ifd), >b

b otherwise
N s ) aie
by, = bp_1+ Pron{ﬂy o [ug—1 — ug,,_, |}

Dy
1 2 1 2
Dg_1 = §||(I)(yk—1) - ®(ylk71)|| X3 §[uk_1 o ulkfl]

where 0 < y < 1 and the coefficient a  is defined by a time-varying deadzone:

Myk—1=yi,,_,| .
0 1— T’“ if lex| > Alyp—1 — Y1, |
0 otherwise

(4.4)

Estimation of non-parametric part: As in last section, we do not estimate the non-
parametric part directly. Instead, we try to estimate the parametric part and non-
parametric part as a whole part

A
vi = 02(y) + flwr) (45)
Noticing of the system model (4.1), we know that
Ye+1 = y;jé + buk (4.6)
consequently, from Egs. (4.5) and (4.6), it is easy to derive
o # #
Ye = Y — Y, +ylk

0[@(yx) — @y )] + f(yx) — fyi,) 4.7)
+y1,+1 — buy,

Since function f() is unknown and parameters & and b are unknown, we simply estimate

y: by the following eqution

G = 0, [®(yr) — P(y1,)] + Y141 — brug, 438)

where 0r and Dx are regarded as true parameters, and the unknown term

f(yk) - f(ylk ) in Eq. (4.7) is simply dropped off.
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Adaptive control law: By Eq. (4.6), according to the certainty equivallence principle, we can
design the following adaptive control law

1 ~ *
U = —A—(yk - yk—|—1)
by 4.9)

Where bk and )A/Z are given by Egs. (4.3) and (4.7). The closed-loop stability will be given

later.

4.3 Asymptotic Tracking Performance

4.3.1 Main Results
Theorem 4.1 In the closed-loop system (4.1) with control law (4.9) and parameters adaptation law
(4.3), under Assumptions 4.1 —4.3, all the signals in the closed-loop system are bounded and further

the tracking error e, will converge to zero.

4.3.2 Preliminaries
Definition 4.1 Let X, and Y, (k =0 ) be two discrete-time scalar or vector signals.

* We denote X, ZO[yk] , if there exist positive constants mi and ma such that Il x, i< m,

max _, ||y, | +m,, Vk >k, and kois the initial time step.

* We denote X, = o[yk] , if there exists a sequence &, satisfying limk_m a, —> O such that
|2 < my max ., ||y, || +m,, Yk > kK.

* We denote X, ~ Y, if they satisfy x, =O[y, ] and y, = O[x,].

Lemma 4.1 Consider the following parameter update law

6, = {0 o >p
u  otherwise (4.10)
0, = Ok_1+ Projs(ni) @11)
; — if0p_1 = pandm, <0
Proi- _ Ny if Ok—1 = pand ny,
rojs () { Nk, otherwise

(4.12)
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where @ € R is an unknown scalar, Hk is its estimate at time step k,  is the lower bound of 0,
and 17, € R is any sequence. Then, 6, = pt is guaranteed and the following properties hold:
02 = 6, Proj3 (k) = np, O (Projg(ne) —me) < 0

where gk 29,; -0 and gk =0,-0.
Proof: According to Eqgs. (4.10) and (4.11), it is obvious that Hk 2 [ always hold. From Eq.
(4.12), we see that | PI‘Ojé(T]k) =] .

, hence Projg(nk) = 77/3 . Further, we have

Or—1(Projg(nk) — k)
_ (ék—l = 9)(—7% — 77k) <0, ifék_l = | means (ék_1 = 9) < 0and e <0
- (Og—1—0)(nk —m) =0 otherwise

A

From (4.10), we see that 9,; =0, if 9,; > U such that 9,;2 = t9k2 when 19,; > U . Noticing

that when 19,; < u,wehave 1 <8, 50 that

b = G-07=[0—w+ (-0
i

> (n-9)"= (-0 =6 (4.13)

Therefore, we always have 19,;2 > 6’,3 . This completes the proof.

Lemma 4.2 Given a bounded sequence X, € R"™ . Define
lk = arg lg}cifll ||Xk — Xl ||
Then, we have
Jim [[Xe = X, [ =0
Proof: This lemma is an extension of Lemma 3.1. Its proof can be found in [Ma06].

Lemma 4.3 (Key Technical Lemma)Let {S,} be a sequence of real numbers and {O't} be a sequence

of vectors such that
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l|loe]] < ¢ + ¢p max |s
0<k<t

Assume that

2
St
zt:—7—>0ast—>oo
a1+ ooy ot

where o, > 0,a, > 0. Then || o, || is bounded.
Proof: This lemma can be found in [AW89, GS84].

4.3.3 Proof of Theorem 4.1

Define parameter estimate errors b = b — b and Ok = Ok — 0. From Egs. (4.7) and (4.8),

we have

1>

g g -y

= Ou[®(yr) — 2y )] — Fyr) + fyn) — brus,

Then, we can derive the following error dynamics:

A *
€k+1 —  Yk+1 — Yg4+1

yf:+'3kuk — bruy — Yrr1
—ﬂf'—gkuk
= —O0k[®(yr) — (y1,)] + f(yr) — fyr,) — brfur — uy,,]

According to Assumption 4.1, we have

| f(ye) — fyi)] < AMye — yi,.|

where A can be any constant satisfying L < A < 0.5,

From the error dynamics Eq. (4.15), we have

er = —Or1[®(yr—1) — 2y, )]+ Flye—1) — flyi,_,)

‘zk—ﬂuk—l"um_J

(4.14)

(4.15)

(4.16)

(4.17)



58 Adaptive Control

Choose Lyapunov function candidate as
02 72
Vi = 0+ (4.18)

From the adaptation laws (4.3), we obtain that

32 52 2 aie% 2 age
Op =01 = 7 o [2(We-1) = Py )" + 2y 5 —[@(yk-1) — C(y,-.)]
k—1 k-1 (4.19)
~2 ~2 ~/2 ~2
9k — i1 < 9K — Gk—1 (4.20)
2 aie% 2 arek
— Di_l [uk_l — ulk71] + 2’}’Dk_1 [Uk—l — ulkfl] (4.21)

Dy (4.22)

Noting that 0 < ( <1 and taking summation on both hand sides of Eq. (4.22), we obtain

s aze
D21 —y) - < V(0) — V(o)
— D1
Which implies
T aRer _ 0
k—oo Dy 1 (4.23)

and the boundedness of 0 %k and IA?k Considering Yk ™~ €k, we have

yk—1| < max{|e;|} + C2, k > ko
J<k

where and C; are some constants. From the definition of deadzone in Eq. (4.4), we have
lew] — AMyr—1 — yu_. | < axlex],

Therefore, we have
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lyr—1] < max{le;|} + Ca
i<k

= I;!lggﬂeﬂ ~Nyj—1 = Y| F A yjm1 — g, |} +C2 G2
< max{asle;|} + A max {ly; — |} + C2, & > Ko
Therefore, we have
jr;lg}l{lyjl} < Iygg{aﬂejl} + 2Ajr§g§1{|yjl} +Cs, k> ko 2s)
Note that A < 0.5, we have
e (wl) = gy malagles b+ 7005 K>k

holds for all A < 1*, where Cs is some finite number. Note that inequality Eq. (4.26) means
that y, | = O[akek] . Further we have

1
Di_y <19(yr—1) = Byn_) + [un—1 — w_, [ = Olyr-1] = Olarer]
Therefore, we can apply the Key Technical Lemma (Lemma 4.3) to Eq. (4.23) and obtain that

lim arer =0
o - 4.27)

which guarantees the boundedness of y; from Eq. (4.26) and thus, the boundedness of
output yy, tracking error . Therefore, applying Lemma 4.2 yields

Jim [y = yu| =0 (4.28)

Next, we will show that limk Lo X6 —>0 leads to limk Lo €k — (0 . From the

definition of deadzone in Eq. (4.4), we have a, €[0,1). Let us define the following sets:

ZfL = {k|ak =0,k € Z+}
Zy = Aklax #0,ke 27} (4.29)

which results in Z1+ M Z2+ = and Z1+ U Z2+ =7". The following three cases need to

be considered. In every case, we only need to discuss the case where k belongs to an infinite
set.
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Case i). Z;r is an infinite set and Z; is a finite set. Let us discuss k € Zr . From the
definition in Eq. (4.29), it follows that ax = 0. Hence it is clear from the definition of deadzone
(44)that 0<|e, [< 4|y, ,—y, | whichmeans lim, , e —> 0 according to Eq. (4.28).

Case ii). Zr is a finite set and Z; is an infinite set. Let us discuss kK € Z; . From the
definition in (4.29), it follows that ax#0. Hence it is clear from deadzone (4.4) that
le, =a, e, |+1] v, =V | which means limk%w e, =0 due to Egs. (4.27) and (4.28).

Case iii). Zl+ and Z; are infinite sets. If k € Zl+ then a; = 0. Following Case i) gives
lim koo €k = 0. Otherwise, a # 0, it follows from Case ii) that Iim koo €k = 0.
Based on the discussions for the above three cases, we can conclude that lim koo 436 = 0

implies that lim koo €k = (0 . This completes the proof.

5. Conclusion

In this chapter, we have formulated and discussed the adaptive estimation and control
problems for a class of semi-parametric models with both parametric uncertainty and non-
parametric uncertainty. For a typical semi-parametric system model, we have discussed new
ideas and principles in how to estimate the unknown parameters and non-parametric part
by making full use of a priori knowledge, and for a typical type of a priori knowledge on the
non-parametric part, we have proposed novel information-concentration estimator so as to
deal with both kinds of uncertainties in the system, and some implementation issues in
various cases have been discussed with applicable algorithm descriptions. Furthermore, we
have applied the ideas of adaptive estimation for semi-parametric model into two examples
of adaptive control problem for two typical semi-parametric control systems, and discussed
in details how to establish the closed-loop stability of the whole system with semi-
parametric adaptive estimator and controller. Our discussions have demonstrated that the
topic in this chapter is very challenging yet important due to its wide

background. Especially, for the closed-loop analysis problem of semi-parametric adaptive
control, the examples given in this chapter illustrate different methods to overcome the
difficulties.

In the first example of semi-parametric adaptive control, we have investigated a simple first-
order nonlinear system with both non-parametric uncertainties and parametric
uncertainties, which is largely motivated by the recent-year exploration of the capability and
limitations of the feedback mechanism. For this model, based on the principle of the
proposed IC estimator, we have constructed a unified adaptive controller which can be used
in both cases of b =1 and b > 1. When the parametric part is of linear growth rate (b = 1), we
have proved the closed-loop stability under some assumptions and a simple algebraic

3

condition — < —+ 2, which reveals essential connections with the known magic
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3
number L = E+\/5 discovered in recent work [XGOO] on the study of feedback

mechanism capability.

In the second example of semi-parametric adaptive control, we further assume that the
control gain is also unknown, yet the system is noise-free, and we have designed an
adaptive controller based on gradient-like estimation algorithm with time-varying deadzone
according to the a priori knowledge on the non-parametric part and the unknown controller
gain. In this example, although we cannot establish perfect results revealing the magic

number — + \/5 as in the first example, we can still establish good results of asymptotic

tracking performance under some mild conditions. This example has demonstrated yet
another method to deal with uncertainties in semi-parametric model.

Finally, we shall remark that the discussed topic in this chapter is still in its infant stage, and
many more chanlenging problems can be investigated in the future. These problems may
root in wide practical background where the system model is only partially known a priori,
that is to say, the major part of the system can be parameterized and the other part is
unknown and non-parameterized with only limited a priori knowledge. Solving such
problems can definitely improve our understanding to the whole feedback mechanism and
help us gain more insights on the capability of adaptive control, especially non-traditional
adaptive control methods which were not extensively addresed and studied in previous
study. Therefore, we expect more theoretical study in this new topic, i.e. semi-parametric
adaptive estimation and control.
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Adaptive output regulation of unknown linear
systems with unknown exosystems

Ikuro Mizumoto and Zenta Iwai
Department of Intelligent Mechanical Systems, Kumamoto University,
2-39-1 Kurokami, Kumamoto, 860-8555, Japan

1. Introduction

The problems of the output regulations and/or disturbance reductions have attracted a lot
of interest and have been actively researched in the consideration of the control problem for
systems which are required to have servomechanism and for vibration attenuation in
mechanical systems. It is well known that such problems are solvable using the Internal
Model Principle in cases where the system to be controlled and the exosystem which
generates the output reference signal and external disturbances are known. In the case
where the controlled system is unknown and/or the exosystem is unknown, adaptive
control strategies have played active roles in solving such problems for systems with
uncertainties. For known systems with unknown exosystems, solutions with adaptive
internal models have been provided in (Feg & Palaniswami, 1991), (Nikiforov, 1996) and
(Marino & Tomei, 2001). In (Marino & Tomei, 2001), an output regulation system with an
adaptive internal model is proposed for known non-minimum phase systems with
unknown exosystems. Adaptive regulation problems have also been presented for time
varying systems and nonlinear systems (Marino & Tomei, 2000; Ding, 2001; Serrani et al.,
2001). Most of these methods, however, assumed that either the controlled system or the
exosystem was known. Only few adaptive regulation methods for unknown systems with
unknown exosystems have been provided (Nikiforov, 1997a; Nikiforov, 1997b). The method
in (Nikiforov, 1997a) is an adaptive servo controller design based on the MRAC strategy, so
that it was essentially assumed that the order of the controlled system was known. The
method in (Nikiforov, 1997b) is one based on an adaptive backstepping strategy. In this
method, it was necessary to design an adaptive observer that had to estimate all of the
unknown system parameters depending on the order of the controlled system. Further, the
controller design based on the backstepping strategy essentially depends on the order of the
relative degree of the controlled system. As a result, the controller's structure was quite
complex in both methods for higher order systems with higher order relative degrees.

In this paper, the adaptive regulation problem for unknown controlled systems is dealt with
and an adaptive output feedback controller with an adaptive internal model is proposed for
single input/single output linear minimum phase unknown systems with unknown
exosystems. The proposed method is based on the adaptive output feedback control
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utilizing the almost strictly positive real-ness (ASPR-ness) of the controlled system and the
controller is designed based on an expanded backstepping strategy with a parallel
feedforward compensator (PFC) (Mizumoto et al., 2005). It is shown that, under certain
assumptions, without a priori knowledge of the order of the controlled system and without
state variables, one can design an adaptive controller with a single step backstepping
strategy even when the system to be controlled has an unknown order and a higher order
relative degree. Using the proposed method, one can not attain perfect output regulation,
however, the obtained controller structure is relatively simple even if the system has a
higher order and a higher order relative degree.

2. Problem Statement

Consider the following single input/single output LTI system.

x(t) = Ax(t)+ bu(t)+ Cqw(t)

y(t)="x(t)+d"w(t), (1)

where x =[x;,--,x,]" € R"is the state vector and u,y € R are the input and the output,

respectively. Further w(t)e R™ is an unknown vector disturbance.

We assume that the disturbances and the reference signal which the output y is required to
track are generated by the following unknown exosystem:

wi(t)= A wit)

2
yonl)= cLwi(t), @

where Ay e R™™ is a stable matrix with all its eigenvalues on the imaginary axis. It is also

assumed that the characteristic polynomial of Aq is expressed by

det(N-Ay)=AN"+a, A"+ ra A +ap. €)
The objective is to design an adaptive controller that has the output y(t) track the reference
signal ym(t) generated by an unknown exosystem given in (2) for unknown systems with
unknown disturbances generated by the unknown exosystem in (2) using only the output
signal under the following assumptions.

Assumption 1 The system (1) is minimum-phase.

Assumption 2 The system (1) has a relative degree of r.

Assumption 3 ¢’ A" 'b > 0, i.e. the high frequency gain of the system (1) is positive.

Assumption 4 The output y(t) and the reference signal ym(t) are available for measurement.
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3. System Representation

From Assumption 2, since the system (1) has a relative degree of r, there exists a smooth

. . . T
nonsingular variable transformation: [zT,qT] =®x such that the system (1) can be

transformed into the form (Isidori, 1995):

#6) = A, 2(t)+ bu(t)+ L(]T}q(t) +Dywit)

VA

-0yl e o @

y =[1,0,---, 0]z, (t)+ d"w(t),

where

AZ :|: 0 Ir—lxr—l :|,
_ao-.._ar_l

b, =[0,--,b,] b, =c"A™ b,

z

and ¢, e R"" is an appropriate constant vector. From assumption 1, Q, is a stable matrix

because 1(t) = Qqq(t) denotes the zero dynamics of system (1).

3.1 Virtual controlled system
We shall introduce the following (r-1)th order stable virtual filter 1/f(s) with a state space

representation:
if (t) = Auf Z (t) + buf u(t)

U (t) = sz z (t)/
where z; = [Zf1 itz ]T and
0 Ir—2><r—2 :|
A = ’
U |:—[30"'_ﬁr2
by =[0,+-1] ¢ =[1,0,---,0].

With the following variable transformation using the filtered signal z; given in (5):



68

Adaptive Control

1
1
1
t t) t
L 1 ufl( ) e f(s) u(t) > Controlled _'L>
f(s) ' system !
| i
1 1
1 1
l------- Virtual controlled system  ----- '
Fig. 1. Virtual controlled system with a virtual tilter
&1(t)=2(t)
©)
§1(t) = _bzuf,,1 (t)+ Zi(t)+ ch Zl—}(t)/

where

ce =0,-a,;, (I<i<r-1)

i

r-1

Cg, =~ * Zﬁj—lcﬁi
j=1

e1 = ﬁr—Z

i1
0 =P+ Zﬁr—iﬂ‘—lcgi ,
=1

the system (1) can be transformed into the following virtual system which has u; given

from a virtual input filter as the control input (Michino et al., 2004) (see Fig.1):

& ()= a,8(t)+ ey (£) + buy, (£) + &, w(t)
iy (t) = Agny (£) + ;8 (1) + Cy wit) ?)
y(t) =& (t)+d wit)

where 1, = [‘gT/IlT]T/ §= [@z/§3/"'/§r]T and ¢ =[1,0,---,0], = [Cg,O,-“,O,l]T . ¢4, and Edq

are a vector and a matrix with appropriate dimensions, respectively. Further, A, is given by

the form of

0
A = W CE
Q

n
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Since Auf and Q11 are stable matrices, Aq is a stable matrix.

3.2 Virtual error system
Now, consider a stable filter of the form:

z., (t)= Az, (t)+c ug ()
ue(t) = eTch (t)+ Uy (t),

where C., = [0,-~~,O,1]T and
0 Im— xm—
Acf _ 1xm-1
_ ﬁc@ """ﬁcm,l
8" = [C[O - ﬁco 7 Ame1 T ﬁcm,l ]

BCU ,ﬁcl o "ﬁcmq are chosen such that A, is stable.

Let's consider transforming the system (7) into a one with u¢ given in (8) as the input. Define
new variables X; and X, as follows:

Xy = §5m) Ty (1m71) +oet ‘1@1 +agG, )
Xy = 00" + ap g™+ agfly + agny.
Since it follows from the Cayley-Hamilton theorem that
AR va, AR @A, +al=0, (10)
we have from (2) and (7) that
Xy (1) = a, X, (t)+ e Xp (t) + b, (t) (11)
X, (t) = A X (1) + ¢, X4 (t),
where
T = ul™ o m-1) L g + 12
Up =Ug "+ Ay _qUyg dyUg +doUy, (12)

Further we have from (10) that

e™ ta o™V 4 pae+age=X,. (13)
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Therefore defining E = [e, e, -~,e(m’1)]T , the following error system is obtained:
(14)

Obviously this error system with the input u;and the output e has a relative degree of m+1
and a stable zero dynamics (because A, is stable).

Furthermore, there exists an appropriate variable transformation such that the error system
(14) can be represented by the following form (Isidori, 1995):

0= A0 50| 3 0

z, Z,

00,1, 0+] o 0 15)
c(t)= 7 (1),

z ]T and 7@, eR™ . Since the error system (14) has stable zero

where z, = [zel,n-, et

dynamics, Q Jisa stable matrix.

Z,

Recall the stable filter given in (8). Since we have from (8) that

1 .
ugm) + ﬁcm,lugm ) R ﬁcluf +E’c0uf

(m-1) (16)

m ) _
= u% )+ ppqUy  +oF+apUy +doug = Uy,

the filter's output signal ur can also be obtained from

5 ()=AZ, (t)v{ﬂﬁf(t)

ug(t) =[1,0,-+-,0]Z, (t)

by defining z :[uf,lif,---,ugm_l)]T .Using this virtual filter signal in the variable

transformation given in (6), the error system (15) can be transformed into the following form,
the same way as the virtual system (7) was derived, with ur as the input.

&(t) = ae(t) + beug(t) + e (t)

1(t) = Qene (t) + be(t), 17)
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where
Virtual error system
I________________________I Ym
i Virtual controlled system 1
! I
u 1 |ug u d ug u 1y e
p —— Ly ny(s) | U > a(s) [Yan > f(s) > Controlled i >
£(s) dy(s) ng(s)| ! system !
! I
.. I

Since A and Q,_are stable matrices, Q. is a stable matrix. Thus the obtained virtual error

system (17) is ASPR from the input us to the output e.

The overall configuration of the virtual error system is shown in Fig.2.

4. Adaptive Controller Design

Since the virtual error system (17) is ASPR, there exists an ideal feedback gain k" such that
the control objective is achieved with the control input: us(t) = ~ke(t) (Kaufman et al., 1998;
Iwai & Mizumoto, 1994). That is, from (8), if the filter signal u; can be obtained by

ug (t) = —Kke(t)- 07z (t), (18)

f

one can attain the goal. Unfortunately one can not design uy directly by (18), because uy is

a filter signal given in (8) and the controlled system is assumed to be unknown. In such
cases, the use of the backstepping strategy on the filter (5) can be considered as a
countermeasure. However, since the controller structure depends on the relative degree of
the system, i.e. the order of the filter (5), it will become very complex in cases where the
controlled system has higher order relative degrees. Here we adopt a novel design strategy
using a parallel feedforward compensator (PFC) that allows us to design the controller
through a backstepping of only one step (Mizumoto et al., 2005; Michino et al., 2004).

4.1 Augmented virtual filter
For the virtual input filter (5), consider the following stable and minimum-phase PFC with
an appropriate order ny:
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}:’f(t) =-ay yi(t)+ aszr]f(t)+ b,u(t) (19)
1 (t) = Ame(t) + by (1),

u 1 uf uf e
! nd(s) .
» — > p{ Virtual error system |——p
f(s) dd(s)
Llaf
» PFC

Fig. 3. Virtual error system with an augmented filter

where y; € R is the output of the PFC. Since the PFC is minimum-phase A¢ is a stable

matrix.
The augmented filter obtained from the filter (5) by introducing the PFC (19) can then be
represented by

z, ()= A, z, (t)+b, u(t)

20
uy (=€ 2, ()= (O vt 0

T T|T
where z,, = [zf Ve ] and

Auf 0 0 buf
AZf =0 -ag a}; ,be =| b, |,
0 b, A 0

Here we assume that the PFC (19) is designed so that the augmented filter is ASPR, i.e.
minimum-phase and a relative degree of one. In this case, there exists an appropriate

variable transformation such that the augmented filter can be transformed into the following
form (Isidori, 1995):

i, (1) =2, u,, (t)+ ag,m, () + bult)

0=+, (0

where A, is a stable matrix because the augmented filter is minimum-phase.
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Using the augmented filter's output u,_ , the virtual error system is rewritten as follows (see
Fig.3):

é(t) = ae(t) b fu,, (04872, (6)~y,(0)+ eln.(t) -
A (t) = Qe (6)+ byelt).

4.2 Controller design by single step backstepping
[Pre-step] We first design the virtual input a; for the augmented filter output u, in (21) as

follows:

A

ay (t) = —k(t)e(t) - B(t)" z, (1) + ¥ (1), (22)

where k(t) is an adaptive feedback gain and é(t) is an estimated value of 0, these are

adaptively adjusted by
k(t) = yie® ()= o k(t), v >0,0,>0
; . (23)
o(t)= Toz,, (t)e(t)—ogB(t), Tg =Ty >0,04>0.
Further, Wy(t) is given as follows:
(1) = Dly)-a (1) + b,u(t)
0, if |y¢<d (24)
D(Yf): 1 i | f| SYf
s 1 |Yf| > Oy,
where 8, is any positive constant.
Now consider the following positive definite function:
V, = Ly e +1A9TrglAe+qTP e, (25)
2b, 2V 2 e

where
Ak =k(t)-k*, AB=0(t)-0,

k* is an ideal feedback gain to be determined later and P is a positive definite matrix that
satisfies the following Lyapunov equation for any positive definite matrix Re.

P.Q, +QIP, = -R, <0.



74 Adaptive Control

Since Q. is a stable matrix, there exists such Pe.
The time derivative of Vo can be evaluated by

VO < _(k* - Vo)e2 - (}\min [Re]_ P1 )"I]e"2 o
- {ye —‘Po}e—[o—k—Pz]Akz (26)
Yk
_’Q)SAnﬁnblgl]_>p3>Aez +]RO

with any positive constant p; to p;. Where @; =u, —a;and

2
o, led=2r e,
b 2
e 4bep1 , (27)
2 2 -1
oik OS(Amin [re ] ) 2
Ry=7 5+ el
4paYi 4p3
[Step 1] Consider the error system, o, -system, between u, and a; . The ®,-system is
given from (21) by
o =, —0o
_ r , (28)
=a,u, +a,1, +bu—d,.
The time derivative of a; is obtained as follows:
. Oay 0dy ot Oay 0a; T
a; = gaee + gel ZCf + Ebeufl + gce 1.
L0 g Oa O (29)
ok(t) oz, ' 00
+ D(yf )(— ag v, + bau),
where 8] =b,8" . Taking (28) and (29) into consideration, the actual control input is
designed as follows:
1 2
. b_[clml N 80( u [+ ||r]a||2j(o1 e Wo, - wz},
if <d
|Yf| Ve (30)

Uy, 2 + ||r|a||2)oo1 +e,P0q — Wz}

u = ®q
- Ci101 + €&y
bayf

1
- b—[Yfo + SzllanZYf]_ =
a

ban

w2, if |yf|>6yf
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where g, to g5 and y; are any positive constants, and ¥; and W, are given by

aal y 2 5(11 5(11

ok

W =L

2
+1

2

oa 80[ day » ~ (Oa
Y, =—1Lge-—1 9 ——Lbou; +By| =L | @,
2 de € 1Z [0 oe e ﬁl oe 1

where 1 is any positive constant and a,,b,,0;,p; are estimated values of a,,b,,0;,p;,

respectively, and adaptively adjusted by the following parameter adjusting laws.

(31)

X oa n
ae(t)_ Yaml(t)a_le(t) 0qa

e
A oa
b.(6)=—vu0n (2L, (6-04b, 1)
A aa N
0,(6) =1y 7, (020, (1) 04, 6,1

3= o007 22 o o0

oe

where vy, vy +Yp, 704 ,0p,Og, ,Op, are any positive constants and Iy, = l"eT1 >0.

4.3 Boundedness analysis

For the designed control system with control input (30),

we have the following theorem

concerning the boundedness of all the signals in the control system.

Theorem 1 Under assumptions 1 to 3 on the controlled system (1), all the signals in the
resulting closed loop system with the controller (30) are uniformly bounded.

Proof: Consider the following positive and continuous function V;.

1
V0+2(o%

+1Ae{rglAel o1 Ad?
1 2Y

a

2y,

! Ad?

Vp +Em% +EAeIrg}Ael +

a

+iAb§ +LA[3% +lyf2 ,
2vp 2\([;,1 2

+—Ab2 —A[Sl +l(‘f)§,f ,
ZYﬁl 2

if |yf| < Syf
(32)

if |yf| >, ,
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where

A, =G, (t)-a,, Ab, =b,(t)-b,
A8, =0,(t)-0,, AR, =B, (t)-B;,

and 6, is any positive constant.

From (26) and (32), the time derivative of V; for |yf| <8, can be evaluated by

. . 1
V{1 v e - R - o

(2 e o7
— 10} ~ (0, \pn [T - 11 167 (33)
- (O—G —H2 JAO{@ - (% ~Hs jAbg

Ya Yo

—{3& - P4JA[5% - (Yf - IP0(}’f))'3 +R;
B1

with any positive constants p, to 11, . Where

0, (minl15, ]’
4y

2 2 212 232
o,a orb Oﬁ
a~e b~e B

o] + :
4mova  4Hsve  4Pavp

Ry :R0+i+
4e,

Here we have

(vs +1P0)}2 . (yi —w,) 1562 (34)

(v, -W. e = — _
(Yf o)e Ps{e 205 4pis

with any positive constant 15 . Furthermore, for |yf| <d,,, since W, (t)=0 is held, there
exists a positive constant Wy, such that |yf(t)— Y, (t)| <Wy.
Therefore the time derivative of Vi can be evaluated by

V, <-a,V; +R, (35)

for |yf| < 6},f , where
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a, = min Zbe(k* -vy —L—p5j,sa,2
4el

S, = min

}\min [Re]_ P1~Ho ’2Yk {O_k
}\max [Pe] Yk
2¢,2 (oelkmin [réll]— }11)’2 Q[O_a 3 }12]/

.

o Op,
sz[_b ~Hs3 J/ZY[S B H4
Yb Y,

a

For |yf| > ESYf , the time derivative of V1 is evaluated as

. . 1
¥ 5K vo= 1 o Ol -1 ol

) [% P2 JAkz - (%Amm [re_ ! ]— P3)A92 -]

_ Oq4
- (091 Ammin [rell ]— M )AB% - [Y_ —Ha JAag (36)
o o
—(—b—PaJAbg - B — 1y [ABT Ry
Yo Y,

2 2 2 2 2
—ag Vi +ag Ny —YeYr — eolne| yF —e3%;
+Whe-yee,

and thus we have for |yf| > 8, that

V, <—ayV; +R,, 37)

where

. * 1 1 1
a, = mln[Zbe[k —Vy —E—a——z],sa,sz]
f; 3

2

a
R, =R, +|f;.
4e,
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Finally, for an ideal feedback gain k* which satisfies

* 1 1 1
kK" >vy+—+vy, vy =max| p5,———|,
4el ag 4

the time derivative of V1 can be evaluated by
V, <-aV; +R, (39)

where a = min[aa,ab] >0, R= max[ﬁl,Rz] . Consequently it follows that V; is uniformly
bounded and thus the signals e(t), ®;(t),1.(t), y¢(t),n(t) and adjusted parameters k(t),é(t),
a,(t), él (t), l;e (t),[gl (t) are also uniformly bounded.

Next, we show that the filter signal z. and the control input u are uniformly bounded.

Define new variable zg as follows:

2 4B, 2 et Be,ze, =6 (40)
& =a,8y + cgqy + bzuf1 +E§lw (41)
0, =An, +b,& + Ednw, (42)

where §; and n, have been given in (7). Further define z; by

zg =a,zg +b,z. +1ng (43)
f]g?) + ﬁcmqq&nil) et I3501’][51 = Cgl‘]y +E§1 W (44)

where z, = [1,0,-~,0]sz and we set zékl)(O) zg;)(O) k=0,---,m .We have from (40) and (41)
that

& -a g =7+ (B, —a, ol
+(Be, ., ~aBe,  Jor

+(ﬁc0 - Z[351 &1 _aZZ§1

T =T
=b,ug +cgmy +¢g W

Further, we have from (43), (44) and (8) that
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1 -1
ZESIIH ) + ([3Cm4 -a, )Zg?) + (ﬁcmfz - C[Z[3Cm4 )Zg? )
oot (B, — B, Jip, —atzg, (46)

T =T
=b,u; +ceny +¢q W.

It follows from (45) and (46) that zg;) = zgj) , k=0,--,m.

T T
Define zg = [z(g1 (Zg, ,-~~,zg“’1)] and zg = [zBl 1z, ,---,zg:"l)] .Since s™ + ﬁcmilsm’l . +[3C0

is a stable polynomial, we obtain from (40) that
[zl = [zl < leal+ 1 @)

with appropriate positive constants 1y, 1. From the boundedness of w(t) and e(t), we have
€,(t) is bounded and thus zy is also bounded.

Furthermore defining ng = [I]Bl ’flﬁl ,- --,qé?_l)]T , we have from (44) that

()= Ao+ ety (0 ). )

From (8) and (48), we obtain
bzicf (t) + 11[3 (t)

= A, [b,z., (1) +1(0))+ b{ﬂuﬁ (t)+ M(cgqy(t)+ < wib). 49)

Therefore b,z (t)+ ng (t) can be evaluated from (48) and the fact that ug = +a; —yg by

bz, (t)+ 15 (1) < [A, b2, )+ m (1)
+ bz|‘11 (t)- Yf(t)| + bz|®1(t)| (50
+ "cg""qy(t)" +(leq, [lw(®)]-
Here, we have from (22) that
~ 5

ay (t)=y(t) = —k(t)e(t) - ==

(0
ot

bz -0} Lm0 w) v 6y

z
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Since it follows from (19) and (24) that
yie(t)- Wy (t) = —ay, (ye(t) - ¥y (t))+ ai ne(t) (52)

for |yf| > 8, and from the boundedness of 1¢(t), there exists a positive constant such that
|yf - lPo(t)| <P, . Further, from the boundedness of w(t)and e(t) i.e. & (t), we can confirm
that n, (t) and ng (t) are also bounded from (7) and (48). Finally, taking the boundedness of
the signals e(t), col(t),k(t),é(t) andn, (t), ng (t) into consideration, from (50) b,z (t)+ ng (t)can
be evaluated by

bzicf (t)+ I][S (t)" < lzl

bzch(t)+ qﬁ(t)||+1z2 (53)
with appropriate positive constants 1, and 1,, . Consequently, considering the system:
iﬁ(t) =a,zg+b,z. + qﬁ(t) (54)

from (44) with b,z +I]l3(t) as the input and zg as the output, since this system is

minimum-phase and the inequality (53) is held, we have from the Output/Input L, Stability
Lemma (Sastry & Bodson, 1989) that the input b,z. +ng (t) in the system (54) can be

evaluated by

b,z (t)+ I]B(t)" <1, zﬁ(t)"+ L, (55)
with appropriate positive constants Izl and IZZ . From the boundedness of zg (t) and r]ﬁ(t),
we can conclude that z_, (t) is uniformly bounded and then the control input u(t) is also

uniformly bounded. Thus all the signals in the resulting closed loop system with the
controller (30) are uniformly bounded.

5. Simulation Results

The effectiveness of the proposed method is confirmed through numerical simulation for a
3rd order SISO system with a relative degree of 3, which is given by

-1 05 05 0 1 01 01 01
z=15 -25 -05z+|0ju+|01 01 1 01w 56
-25 05 1 1 01 01 01 1 (56)

y=2z,+[01 01 1 01]w,

where w is an unknown disturbance which has the following form:



Adaptive output regulation of unknown linear systems with unknown exosystems 81

sin(2t)
B 2cos(2t) 5
Y= 0.5sin(5t) 7)

2.5cos(5t)

Before designing a controller, we first introduce the following pre-filter:

b
s+a

(58)

in order to reduce the chattering phenomenon to be expected by switching the controller
given in (30). Therefore, the considered controlled system has a relative degree of 4.

Since the relative degree of the controlled system is 4, we consider a 3rd order input virtual
filter in (5). Further we consider a stable internal model filter (8) of the order of 4.

For the input virtual filter, in this simulation, we consider a first order PFC:
Ve =-agye+bu
in order to make an ASPR augmented filter.

The design parameters for the pre-filter (58), the input virtual filter (5) and the internal
model filter (8) are set as follows:

a=b=1000
By =15,B, =75,B, =125
Be, =20,B,, =150,p,, =500,p,, =625

and the PFC parameters are set by

a; =10,b, = 0.01.

Further design parameters in the controller given in (23), (24), (30) and (31) are designed by

Y =500,0, =0.01,8, =10
1=05,04 =0.05,04, =0, =0, =05, =0.1
Iy =Ty, =50001L,,y, =y, =Yg =100
c; =1000,¢) =g =&, =0.01,&5 = y; =100.

Figure 4 shows the simulation results with the proposed controller. In this simulation, the
disturbance w is changed at 50 [sec]:
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sin(2t) 2sin(4t)
2cos(2t) 4cos(4t)
= > W= .
0.5sin(5t) 0.5sin(20t)
2.5cos(5t) 2.5c0s(20t)

Figure 5 is the tracking error and Fig.6 shows the adaptively adjusted parameters in the
controller.
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g .05t A
g 1L
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| : 1 B
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time (sec) time (sec)
output input

Fig. 4. Simulation results with the proposed controller
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Fig. 5. Tracking error with the proposed controller



Adaptive output regulation of unknown linear systems with unknown exosystems

83

0.2

0.15
< E
= £ 01
] =
& =

0.05

i i i i ‘ i i
C'0 20 40 60 80 100 00 20 40 60 80 100
time (sec) time (sec)
0.2 :
0.15
_ ol =
= = :
= = :
2 3 i
0.05 -
0
) ; i ; ; ; ; ; i
0'050 20 40 60 80 100 00 20 40 60 80 100
time (sec) time (sec)
b B
3
0.01 ; i i 3 1sF1
0.005 1] mp— E— S - S— g
E = § i
= - ! H
= 0 P S R S— dr b -
L - ' '
s E -
-0.005 0 e
2001 i i i i ] i ; ; i
0 20 40 60 80 100 50 20 40 60 80 100
time (sec) time (sec)
0 0,

Fig. 6. Adaptively adjusted parameters
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A very good control result was obtained and we can see that a good control performance is
maintained even as the frequencies of the disturbances were changed at 50 [sec].

Figures 7 and 8 show the simulation results in which the adaptively adjusted parameters in
the controller were kept constant after 40 [sec]. After the disturbances were changed, the
control performance deteriorated.

1.5

<
in
;

outputs y and Y,
=

asb—— i

i
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=]

input: u

—_
o
=

-200
-300
-400
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0 20 40 60 80 100
time (sec)
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Fig. 7. Simulation results without adaptation after 40 [sec].
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Fig. 8. Tracking error without adaptation

6. Conclusions

In this paper, the adaptive regulation problem for unknown controlled systems with
unknown exosystems was considered. An adaptive output feedback controller with an
adaptive internal model was proposed for single input/single output linear minimum phase
systems. In the proposed method, a controller with an adaptive internal model was
designed through an expanded backstepping strategy of only one step with a parallel
feedforward compensator (PFC).
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Output Feedback Direct Adaptive Control
for a Two-Link Flexible Robot Subject to
Parameter Changes
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1. Introduction

Robots today have an ever growing niche. Many of today’s robots are required to perform
tasks which demand high level of accuracy in end effector positioning. The links of the robot
connecting the joints are large, rigid, and heavy. These manipulators are designed with
links, which are sufficiently stiff for structural deflection to be negligible during normal
operation. Also, heavy links utilize much of the joint motor’s power moving the link and
holding them against gravity. Moreover the payloads have to be kept small compared to the
mass of the robot itself, since large payloads induce sagging and vibration in the links,
eventually bringing about uncertainty in the end effector position. In an attempt to solve
these problems lightweight and flexible robots have been developed. These lightweight
mechanical structures are expected to improve performance of the robot manipulators with
typically low payload to arm weight ratio. The ultimate goal of such robotic designs is to
accurate tip position control in spite of the flexibility in a reasonable amount of time. Unlike
industrial robots, these robot links will be utilized for specific purposes like in a space
shuttle arm. These flexible robots have an increased payload capacity, lesser energy
consumption, cheaper construction, faster movements, and longer reach. However, link
flexibility causes significant technical problems. The weight reduction leads the manipulator
to become more flexible and more difficult to control accurately. The manipulator being a
distributed parameter system, it is highly non-linear in nature. Control algorithms will be
required to compensate for both the vibrations and static deflections that result from the
flexibility. This provides a challenge to design control techniques that:

a) gives precise control of desired parameters of the system in desired time,

b) cope up with sudden changes in the bounded system parameters,

c) gives control on unmodeled dynamics in the form of perturbations, and

d) robust performance.
Conventional control system design is generally a trial and error process which is often not
capable of controlling a process, which varies significantly during operation. Thus, the quest
for robust and precise control led researchers to derive various control theories. Adaptive
control is one of these research fields that is emerging as timely and important class of
controller design. Area much argued about adaptive control is its simplicity and ease of
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physical implementation on actual real-life systems. In this work, an attempt has been made
to show the simplicity, ease and effectiveness of implementation of direct model reference
adaptive control (DMRAC) on a multi input multi output (MIMO) flexible two-link system.
The plant comprises of a planar two-link flexible arm with rotary joints subject only to
bending deformations in the plane of motion. A payload is added at the tip of the outer link,
while hub inertias are included at actuated joints. The goal is to design a controller that can
control the distal end of the flexible links.

Probably the first work done pertaining to the control of flexible links was presented by

(Cannon & Schmitz, 1984). Considering a flexible link, which was only flexible in one
dimension (perpendicular to gravity), a Linear Quadratic Gaussian controller was designed
for the position control. Direct end point sensing was used and the goal was to execute a
robot motion as fast as possible without residual vibrations in the beam. Also, experiments
were carried out on end point control of a flexible one link robot. These experiments
demonstrated control strategies for position of one end to be sensed and precisely
positioned by applying torque at the other end. These experiments were performed to
uncover and solve problems related to the control of very flexible manipulators, where
sensors are collocated with the actuators.

(Geniele et al., 1995) worked on tip-position control of a single flexible link, which rotates on
a horizontal plane. The dynamic model was derived using assumed-modes method based
on the Euler-Bernoulli beam theory. The model is then linearized about an operating point.
The control strategy for this non-minimum phase linear time varying system consisted of
two parts. The first part had an inner stabilizing control loop that incorporates a
feedforward term to assign the system’s transmission zeros at desired locations in the
complex plane, and a feedback term to move the system’s poles to the desire positions in the
left half plane. In the second part, the other loop had a feedback servo loop that allowed
tracking of the desired trajectory. The controller was implemented on an experimental test
bed. The performance was then compared with that of a pole placement state feedback
controller.

(Park & Asada, 1992) worked on an integrated structure and control design of a two-link
non-rigid robot arm for the purpose of high speed positioning. A PD control system was
designed for the simple dynamic model minimizing the settling time. Optimal feedback
gains were obtained as functions of structural parameters involved in the dynamic model.
These parameters were then optimized using an optimization technique for an overall
optimal performance.

(Lee et al., 2001) worked on the adaptive robust control design for multi-link flexible robots.

Adaptive energy-based robust control was presented for both close loop stability and
automatic tuning of the gains for desired performance. A two-link finite element model was
simulated, in which each link was divided into four elements of same length. The controller
designed was independent of system parameters and hence possessed stability robustness
to parameter variations.
Variations in flexible links have also been researched. Control of a two-link flexible arm in
contact with a compliant surface was shown in (Scicliano & Villani, 2001). Here, for a given
tip position and surface stiffness, the joint and deflection variables are computed using
closed loop inverse kinematics algorithm. The computed variables are then used as the set
points for a simple joint PD control, thus achieving regulation of the tip position and contact
force via a joint-space controller.
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(Ider et al., 2002) proposed a new method for the end effector trajectory tracking control of
robots with flexible links. In order to cope with the non-minimum phase property of the
system, they proposed to place the closed-loop poles at desire locations using full state
feedback. A composite control law was designed to track the desired trajectory, while at the
same time the internal dynamics were stabilized. A two-link planar robot was simulated to
illustrate the performance of the proposed algorithm. Moreover the method is valid for all
types of manipulators with any degree of freedom.

(Green, A. & Sasiadek, J., 2004) presented control methods for endpoint tracking of a two-
link robot. Initially, a manipulator with rigid links is modeled using inverse dynamics, a
linear quadratic regulator and fuzzy logic schemes actuated by a Jacobian transpose control
law computed using dominant cantilever and pinned-pinned assumed mode frequencies.
The inverse dynamics model is pursued further to study a manipulator with flexible links
where nonlinear rigid-link dynamics are coupled with dominant assumed modes for
cantilever and pinned-pinned beams. A time delay in the feedback control loop represents
elastic wave travel time along the links to generate non-minimum phase response.

An energy-based nonlinear control for a two-link flexible manipulator wasstudied in (Xu et
al., 2005). It was claimed that their method can provide more physical insights in nonlinear
control as well as provide a direct candidate for the Lyapunov function. Both simulation and
experimental results were provided to demonstrate the effectiveness of the controllers

A robust control method of a two-link flexible manipulator with neural networks based
quasi-static distortion compensation was proposed in (Li et al., 2005). The dynamics
equation of the flexible manipulator was divided into a slow subsystem and a fast
subsystem based on the assumed mode method and singular perturbation theory. A
decomposition based robust controller is proposed with respect to the slow subsystem, and
H, control is applied to the fast subsystem. The proposed control method has been

implemented on a two-link flexible manipulator for precise end-tip tracking control.
In this work a direct adaptive controller is designed and the effectiveness of this adaptive
control algorithm is shown by considering the parametric variations in the form of additive
perturbations. This work emphasizes the robust stability and performance of adaptive
control, in the presence of parametric variations. This approach is an output feedback
method, which requires neither full state feedback nor adaptive observers. Other important
properties of this class of algorithms include:

a) Their applicability to non-minimum phase systems,

b) The fact that the plant (physical system) order may be much higher than the

order of the reference model, and

¢) The applicability of this approach to MIMO systems.
Its ease of implementation and inherent robustness properties make this adaptive control
approach attractive.

2. Mathematical Modeling of the System

In this section mathematical model of the system is derived using Lagrange equations with
the assumed-modes method. The links are assumed to obey Euler-Bernoulli beam model
with proper boundary conditions. A payload has been added to the tip of the second link,
while hub inertias are included at the actuator joints.
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2.1 Kinematic Modeling

A planar two-link flexible arm with rotary joints subject to only bending deformations in the
plane of motion is considered. The following coordinate frames, as seen in Fig. 1, are
established: the inertial frame (x y,), the rigid body moving frame associated to link i

(x,,v), and the flexible body moving frame associated with link i (¥ ,y) (Brook, 1984).

i’

Y,

ya(x2) f(z =X,

Y

Fig. 1. Planar Flexible Two-Link Arm

The rigid body motion is described by the joint angle, 6, while y.(x) denoted the
transversal deflection of link i at abscissa, (< x, <L, I being the link length. Let
Pi(x,) = (x,,y,(x,))" be the position of a point along the deflected link i with respect to frame
(X,,Y,) and p; be the absolute position of the same point on frame (.X,Y,). Also, »/, = pi(l)

indicates the position of the origin of frame (X,

i+l

Y,,,) with respect to frame (X,,Y;), and r;
gives absolute positioning of the origin of frame ( Xin) with respect to frame ( X,.Y, ). The

rotation matrix A; for rigid body motion and the rotation matrix E; for the flexible mode are,
respectively,
_|cosf, —sind, I T
A= E;=1 | 7 1)
sing, cosé, Vie 1

where y, =(6,,/6,)l,_, and for small deflections arctan(y; )0 y;, . Therefore, the previous

absolute position vectors can be expressed as,
i i
p; =1 +W, p, Ejmrpy =0+ W, 1y @

where, W;is the global transformation matrix from (X,,Y,) to (X,,Y;), which obeys the
recursive equation W, =W_,E,_ A, = I/VHA,. and WO =1
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2.2. Lagrangian Modeling
The equations of motion for a planar n-link flexible arm are derived by using the Lagrange
equations. The total kinetic energy is given by the sum of the following contributions:

Zm +> T, 4T, 3)
i-1

where the kinetic energy of the rigid body located at the hub i of mass m,; and the moment

of inertia |, is

o1
T, = Emhiri + EJhiaiz 4)

where ¢, is the (scalar) absolute angular velocity of frame ( X,,Y,) given by
1, i1
=2.0,+2 3, ©)
j=1 k=1
Moreover, the absolute linear velocity of an arm is

i

p=i+Wp +W'p, ©)

and #

i+1

The kinetic energy pertaining to link 7 of linear density p; is

=p;i(I,) . Since the links are assumed inextensible (%, =0) , then pi(x,)=(0, ¥,(x;))" .

1 pii r
li :EJ‘O P (x)p; (x,)dx, ?)

and the kinetic energy associated to a payload of mass m, and moment of inertia ], located

at the end of link n is

T =lm

V4 2 P n+l n+l

+— J(a+y) 8)

Now, in the absence of gravity (horizontal plane motion), the potential energy is given by

U=3U,-y "jwn({df”}@~ ©

1 i

Where U, is the elastic energy stored in link i, and (EI), being its flexural rigidity. No
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discretization of structural link flexibility has been made so far, so the Lagrangian will be a
functional.

2.3. Assumed Mode Shapes
Links are modeled as Euler Bernoulli beams of uniform density p; and constant flexural

rigidity (EI), with the deformation y,(x;,) satisfying the partial differential equation

Ot Ennn _

EI )
( )i ox! toooar

0,i=1,...,n. (10)

Boundary conditions are imposed at the base of and the end of each link to solve this
equation. The inertia of a light weight link is small compared to the hub inertia, and then
constrained mode shapes can be used. We assume each slewing link to be clamped at the
base

,00,6)=0,/(0,)=0,i=1,...,n (11)
For the remaining boundary conditions it is assumed that the link end is free of dynamic
constraints, due to the difficulty in accounting for time-varying or unknown masses and

inertias. However, we consider mass boundary conditions representing balance of moment
and shearing force, i.e.

(El){ay'(x”)} _ L KWJ }(MD), @ )
3=l % =l;

ax At o, dr’
3y, (%) oy, (x,,t) (12)
ox’ L

i

i

d? d?
i|xy , - _MLI ﬁ (y,' (xi,/ )x, =I; ) - (MD)A dl‘zl:[

i=1..,n

where, M L and J | are the actual mass and moment of inertia at the end of link i. (MD),

accounts for the contribution of masses of distal links, i.e. non-collocated at the end of link i.
A finite-dimensional model of link flexibility can be obtained by assumed modes technique.
Using this technique the link deflections can be expressed as

3000 = (%), 1) (13)

where J3,(t) are the time varying variables associated with the assumed spatial mode
shapes ?;(x,) of link i. Therefore each term in the general solution of (10) is the product of a

time harmonic function of the form

5,',(;) = exp(ja),./.t) (14)



Output Feedback Direct Adaptive Control for a Two-Link Flexible Robot Subject to 93
Parameter Changes

and of a space eigenfunction of the form
$,(x,)=C,; sin(B;x,) +C, ; cos(fB;x,) + C, ; sinh(B;x,) + C; , cosh(S,x;) (15)

In (14) w, is the jth natural angular frequency of the eigenvalue problem for link i, and in

(15) ﬂij = a)ijz'pf I(ED); -

Application of the aforementioned boundary conditions allows the determination of the
constant coefficients in (15). The clamped link conditions at the link base yield

C

3.4

=—C

Lij

C

4.

=-Cy, (16)

while, the mass conditions at the link end lead to homogeneous system of the form

[F (8, )]{” 17)

2.

The so-called frequency equation is obtained by setting to zero the determinant of the (2x2)
matrix F( ﬂl_/_) that depends on explicitly on the values of A e J and ( MD), . The first m,

roots of this equation give the positive values of B, to be plugged in (15). Using this the
coefficients C, [_jand C,, are determined up to a scale factor that is chosen via a suitable
normalization. Further the resulting eigenfunctions ?; satisfy a modified orthogonality
condition that includes the actual A/ I and ( MD), . In an open kinematic chain
arrangement, ), is the constant sum of all masses beyond link i, but J,, and (MD),

depend on the position of successive links. This will considerably increase the complexity of
model derivation and overload the computational burden of on-line execution. Thus, some
practical approximation leading to constant although nonzero boundary conditions at the
link end is done. Thus, a convenient position is set to ( MD), = 0 and compute J, ;; for a fixed

arm configuration. In this case, it can be shown that det(F) = 0 results in the following
transcendental equation (De Luca & Scicliano, 1989)

(1 +cos (,BU.Z, ) cosh(ﬂijl. )) - M(sin (ﬂijl‘.)cosh (ﬁy.l, ) - cos(ﬂ,jl,.)sinh (,By.li ))

i

L (sin (8,1, )cosh(3,1,)+cos(B,1, )sinh (3,1, )) (18)
P

M, J, B
+ Li élﬂlj(

i

l—cos(ﬂljl.)cosh(ﬂﬁli)) =0
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2.4. Closed-Form Equations of Motion
On the basis of the discretization introduced in the previous section, the Lagrangian L
becomes a function of set of N generalized coordinates gi(t) the dynamic model is obtained
satisfying the Lagrange-Euler equations

i a_L _a_L:fi i=1---N (19)
dt\ oq; ) oq; "

where, f; are the generalized forces performing work on gi(t). Under the assumption of
constant mode shapes, it can be shown that spatial dependence present in the kinetic energy
term (7) can be resolved by the introduction of a number of constant parameters,
characterizing the mechanical properties of the (uniform density) links (De Luca, et. al. 1988,
Cetinkunt, et. al., 1986)

li
m; = 0 pdx; = pil;

(20)
S XX :ll
i miopiii X 1)
J o= li 2d _ 1 12
i Jy PiX; ax; _Emi i (22)
i
Vi~ ), PPy (xi)dx[ (23)
li
Wi =), PP (xi)x[dx[ (24)
i
Zik = 0 Pib; (xi)(pik (xi)dxi (25)
i
kijk = _[0 (E[)i%‘ (xf)¢ik (xi)dxi (26)

where, m; is the mass of the link i, d is the distance of center of mass of link i from joint i
axis, J, is the inertia of link i about joint i axis, v, and w, are the deformation moments of
order zero and one of mode j of the link i. Also, kl,fk is the cross elasticity coefficient of

modes j and k of link i. The actual numerical values of the previous parameters are
calculated off-line. As a result of this procedure, the equations of motion for a planar n-link
arm can be written in a familiar closed form

Blg)j+h(g.g)+ Kg=Qu (27)
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where ;- (9 6,5,5, 6,0 )T is the N-vector of generalized coordinates ( y = "+Z,-’"f )

1 ¥n Lmy “nl Zn,m,

and u is the n-vector of joint actuator torques. B is the positive definite symmetric inertia
matrix, h is the vector of Corriolis and centrifugal forces, K is the stiffness matrix and Q is

the input weighting matrix that is of the form [ I, Onx(N—n):‘T due to the clamped link

assumptions. Joint viscous friction and link structural damping can be added as Dg, where

D is a diagonal matrix. It is noted that orthonormalization of mode shapes implies
convenient simplification in the diagonal blocks of the inertia matrix relative to the

deflections of each link, due to the particular values attained by Zy in (25). Also the
stiffness matrix becomes diagonal ( K ==K =0;K LKy > ()) being kijk =0 for j#k

in (27). The components of /i can be evaluated through the Christoffel symbols given by

n+lo"

2.5. Explicit Dynamic Model of Two-Link Flexible Arm
Two assumed mode shapes are considered for each link (m, =m, =2 ). Thus, the vector of

Lagrangian coordinates reduces to 4 :(.91 0,8, 8, 6, 522)T, ie. N = 6. It can be shown

(Brook, 1984, De Luca et. al. 1988) that the contributions of kinetic energy due to deflection
variables are

{ factor of é'lzl} =2z, (29)

L M,  L(MD), || ¢..
£ 25 5 — ] r Li 2 i i2e )
{fac or of 26, lz} [%,e (Pn,e]h (MD) J, :||:¢7i’2,e +2,, (30)

i

{factor of 5,22} =z, (31)

where, Pyo = 9;(x,) ‘x,zl, and ¢1;,e :wi}(xi)|x,:l,’ i,j=1,2. The above equations are
obtained expanding terms (7) and (8) by using (5) and (6). Accounting for separability (13)
then leads to expressions for the factors of the quadratic deflection rate terms, in which
parameters defined in (25) and the mass coefficients on the right hand side of (12) can be
identified. It is found for link-1:

M, =my+m,+m, (32)

JL12J02+‘]112+‘]1)+mP122 (33)

(MD), = ( myd, +ml, ) cosb, 7[ ( vy tm,p, )(521 + ( Vyy tm,0,,, ) 522J sinf, (34)
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Note that in the case of only two links, J,, is a constant. On the other hand for link-2:

My,=m,, J,=], (MD),=0 (35)

A convenient normalization of mode shapes is accomplished by setting:
Zy=m, 1,j=1,2 (36)

This also implies that the nonzero coefficients in the stiffness matrix K take on values 2, .
i

It is stressed that, if the exact values for the boundary conditions in (12) were used the
natural orthogonality of the computed mode shapes would imply that { fyctor of 25“512} is

zero for both links. For link-2 the use of (35) automatically ensures the ”correct”
orthogonality of mode shapes. On the other hand, however for link-1, the off-diagonal term
(MD), varies with arm configuration. This implies that the mode shapes- which are spatial

quantities-would become implicit functions of time, thus conflicting with the original
separability assumption. It is seen that for different positions of second link, (MD); results in
variations of (34), so the actual mode shapes of the first link become themselves functions of
time-varying variables describing the deflection of the second link. A common
approximation in computing the elements of the inertia matrix for flexible structures is to
evaluate kinetic energy in correspondence to the undeformed configuration. In our case, it is
equivalent to neglecting the second term (MD), in (34), which is an order of magnitude

smaller than the first term. Accordingly, (MD) \ is constant for a fixed arm configuration.
Taking 0,=xm/2 leads to (MD),= 0 and thus the eigen-frequencies can be computed
through (19). This is equivalent to having zeroed only that portion of the { fucror of 26,6, }

generated by constant diagonal terms, i.e.

, MLi 0 ¢12,e _
[P0, wm][ 0 JJLD{“ +2,,=0 37)

This will produce nonzero off-diagonal terms in the relative block of the inertia matrix. The
resulting model is cast in a computational advantageous form, where a set of constant
coefficients appear that depend on the mechanical properties of the arm. The inertia matrix
as well as other derivations can be found in (Miranda, 2004). Once having obtained the
expressions of the inertia matrix, the components of /1 can be evaluated using (28). Viscous
friction and passive structural damping are included in matrix D for improvement in arm
movement, and finally, the stiffness matrix K is of the form,

K =ding 0,0, whym, wdym, w3y, whymz | (38)
Then the equations of motion is given in its standard form as

B(g)i + nlg,4)+ Dj + Kg = Qu 39)
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After tremendous of algebra and neglecting friction, (39) can be written as,

Byp 01 + By 6 + By3 811 + B1g 812 + Bys 821 + B1s 622 +hy = upq

Bpq 07 + B 6y + Bo3 817 + Bog 612 + Bs 821 + Bog 622 +hy = up2

B3y 07 + B3 62 + B33 611 + B34 812 + B35 621 + B3 022 +h3 +K3 617 = 0
Byp 61 + By 62 + By3 011 + Byg 812 + Bys 031+ Bgg 620 +hg +Kg 612 = 0
Bys 01 + B2 07 + Bs3 611 + B5g 812 + Bss 621 + Bsg 622 +hy +K5 621 = 0

Be1 61 + Bg2 0 + Bg3 011 + Beg 912 + Bes 021 + Bgg 022 +hy + K 620 = 0

where, u,; and uy; are input torques to joints 1 and 2, respectively. Plant outputs are
considered to be link tip displacements y; and y,. As seen from above equations, the system
is highly nonlinear and of 12th order. For the flexible robot, the following physical
parameters were considered

p1=p,=02kg/m
l1=1p=05m,dy)=025m
m1=m2=mp=0.1kg,mh2=1kg
Jot = Jo2 = 0.0083 kgm?
J, =J,,=0.1kgm*, J,=0.0005 kgm®
(ED); = (EI), = 1 Nm?

The natural frequencies f; = w;/2r and the remaining parameters in the model coefficients
are computed as (Miranda, 2004):

S =048 Hz, f,, =1.80 Hz,
S =218 Hz, f,, =1591 Hz,

011, =0.186, 9, = 0215, g, , =0.657, g/, , = —0.560,
¢y, =0.883, 9,,, =—0.069, ;,, =2.641, ¢;, , = —10.853,
v, =0.007, v, =0.013, v,, = 0.033, v,, = 0.054,

w;, =0.002, w;, = 0.004, w,, =0.012, w), =0.016

(42)

In order to design the proposed adaptive controller, the plant needs to be linearized and the
transfer function matrix be obtained. After linearization, neglecting higher order terms, and
tremendous amount of algebra, it can be shown (Miranda, 2004) that the plant Gy(s) =
Yp(s)/up(s) with nominal parameters can be obtained as,

0.01641s" +7.061%10° s*  -2.2595"° —=1.362 %10 s*
s s +3.68%107 5" s +3.68%107 5" u,, (s
GpO (s)= ypl( ) 10 -3 .8 10 8 pl( ) (43)
Yoo ()] =7.3575" = 9.636 107" s 1317 5" +0.674s u,,(s)
s?+3.68%107 5" s?+3.68%107 5"
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where, Gpo(s) is the nominal plant transfer function matrix. Now, performing minimal
realization, Gy(s) can be reduced to

0.01641s> +7.061%10”° —2.259s* —1.362%10°

G ( ) s +3.68%107 57 s +3.68%107 7 ()
5)=
a ~7.357s> —=9.636 %10~ 13175 +0.674
st +3.68%107 7 s*+3.68%107 57
From (44), it is straight forward to obtain the actual plant in general form as
Clll S2 + Cél CIIZ SZ + C(;Z
y (s) st +B) s s*+B’s’
G, (s)="5== (45)

21 2 21 22 2 22
ul’ (S) Cl S + CO Cl S + CO
S By s +BEg

where, above coefficients of Gy(s) are functions of plant parameters and can vary with the
range as defined below:

{cgj<cgj<cg‘j i=1,2, j=12 )

B/ <B’ <B' 6 i=12, j=12

The values of the nominal plant parameters are defined in the following table. The range
considered for each parameter is +30%.

Parameter Nominal Range
o 0.01641 0.011487 to 0.02133
C,' 7.061%107° | 4.9427*107£09.1793*10°
B)'=BY=B'=B | 3.68*10° | 2.576*107 to 4.784*10°

cr 2.259 1.5813 to 2.9367

Cy’ 1.362*107 | 9.583*10™ to 1.7797*10°
C' 7.357 5.1499 t0 9.5641

c;' 9.636*107° | 6.7452*107" to 12.5268*10°
c 1317 921.9 to 1712.1

c2 0.674 0.4718 to 0.8762

Table 1. Plant parameters, nominal values, and variation range.
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For comparison reasons, uncompensated response of the nominal plant is given below

Linear Plant Test

25

| / \ /\/\_/VF
Ay

i+ |
N

teta-1 & teta-2 in (Deg)

05 L L L L
500 1000 1500 2000 2500 3000
time in (s)

Fig. 2. Uncompensated response of the nominal plant

3. Controller Design
Consider now that the plant given by (45) is represented by the following state-space

equations:
x,(t)=4,x,(t)+B,u,(t)
( ) ( ) 47)

»,()=C,x, (1)

where x,(t) is the (n x1) state vector, up(t) is the (mx1) control vector, y,(t) is the (g x 1) plant
output vector, and A, B, and C, are matrices with appropriate dimensions. The range of the

plant parameters given by (46) is now given by

a,<a (1 ])SE;j,i,jzl,...,n
(48)

b, <b,(i,j)<by,i,j=1,...,n

where ap(i, j) is the (i, j)t element of A, and by(i, j) is the (i, j)th element of B,. Consider also
the following reference model, for Wthh plant output is expected to follow the model

output without explicit knowledge of A, and Bj.

%,(6)= A, x, (6)+ B, (t)
v, (£)=C,x,,(¢) )

In light of this objective, consider now the following output feedback adaptive control law,

u,(t) =K, (e, () + K ()x, )+ K, (Ou,(t) (50)
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where ey(t) = ym(t)—yp(t) and Ke(f), Ki(t), and Kyu(t) are adaptive gains defined below. The
control law consists of a feedback term from output error and a feedforward terms from
model states and inputs. The adaptive gains K.(t), Ki(f), and Ky(t) are combination of
proportional and integral gains as given below,

K,@0O)=K,0)+K,(#) j=exu (51)

and they are updated according to the following adaptation law (Kaufman, et. al. 1998,
Ozcelik & Kaufman, 1999)

K, ()=e,@®)e, () +x,(O)+u,OIT, j=exuT, >0 (52)

K,(@)=e (e, () +x,@)+u,OI, j=exu, ,>0 (53)

where T; and T} are constant proportional and integral weighting matrices, respectively. It is
seen from (53) that the term Kjj(t) is a perfect integrator and may steadily increase whenever
perfect following (ey(t) = 0) is not possible. The gain may reach unnecessarily large values, or
may even diverge. Thus, a o-term is introduced in order to avoid the divergence of integral
gains (Ionnou & Kokotovic, 1983). With the o -term, Kj(t) is now from a first-order filtering
of ey(t)rT (t)T; and therefore cannot diverge, unless ey(f) diverges. However, in this context,
the o -term does more for the concept of ‘adaptive control’. The gains increase only if high
gains are needed and decrease if they are not needed any more. They are also allowed to
change at any rate without affecting stability, such that the designer can adjust this rate to fit
the specific needs of the particular plant. Thus, using o -term we rewrite the equation (53) as
follows,

K,;(0)=e,(D]e, () +x, () +u, O], —cK,;() j=ex,u (54)

For this adaptive control to work and for asymptotic tracking to be achieved, the plant is
required to be almost strictly positive real (ASPR) (Bar-Kana, 1994); that is, there exists a
gain matrix K, not needed for implementation, such that the closed-loop transfer function

G.()=[I+G,(5)K,.I"G,(s) (55)

is strictly positive real (SPR). And that it can be shown that (Kaufman, et. al., 1998) a MIMO
system represented by a transfer function Gp(s) is ASPR if it:
a) is minimum phase (zeros of the transfer function are on the left-half plane),
b) has relative degree of m or zero (i.e., the difference in the degree of denominator
and numerator, (n-m=m) or (n-m=0)), and
¢) has minimal realization with high frequency gain C,B;, > 0 (positive definite).

Obviously, the plant given by (45) does not satisfy the so-called ASPR conditions and that
can not be applied. However, it has been shown in (Kaufman, et. al.,, 1998) and (Ozcelik,
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2004) that there exist a feedforward compensator H(s) such that the augmented plant G,(s) =
Gp(s) + H(s) is ASPR and the proposed adaptive algorithm can be implemented confidently.

3.1. Design of a Feedforward Compensator (FFC) for the Flexible Robot

From the above restrictions it is obvious that the plant given by (45) is not ASPR and that an
FFC has to be designed. Now consider the actual plant G,(s) again,

Cl's +CJ CPs*+CP
Gn (S): S;+2B;13221 S:2+ZB;2522
Cis"+C; C;s"+C,
s* +BY's®>  s*+BPs?

Assuming that the nominal plant parameters are known, the parametric uncertainty of the
plant can be transformed into a frequency dependent additive perturbation of the plant by
representing of the actual plant Gp(s) as Gp(s) = Gyo(s) + Au(s), with Gpo(s) being a nominal
plant and A.(s) being a frequency dependent additive perturbation. Then, one can write

A (5)=G,(s)=G () (57)

From (57), the additive uncertainty transfer function can be obtained as
NP ECIERC
T [Aa(s) Ax(9)

where,

Cl'—0.016410s° +(3.68*10°C!' +C}' =7*10° —0.01641B!' * +(3.68*10°C}* =7 *10°B!' >
1 1 0 2 0 2
' +(3.68%107° +BI'k® +B!'3.68*107s"
(225+C)s° +(3.68%10°C +C2 +1.36*10° +2.25B1 k* +(3.68*10°C}* +1.36* 10 B >
* +(3.68*10° + B2k +b,3.68*10°s*
732+C2)s° +(3.68*10°C +C? +9.63%10° +7.35B2 k* +(3.68*10°C2 +9.63*10° B2 >
1 1 0 2 0 2
* +(3.68%10° + BZk° +b,3.68%10°s*
(CZ -1317)s° + (3.68*10°C2 + C2 - 0.674 — 1317B2 k* +(3.68 *10°CZ — 0.674B2 >
$* +(3.68%107° + B2 k° + B?3.68*10°s*

A (s)=

A (8)=

49

An(8)=

An (S) =

It is seen that the uncertainty is a function of plant parameters, which vary in a given range.
Thus, in the design of a feedforward compensator, the worst case uncertainty should be
taken into account. To this effect, the following optimization procedure is considered for
determining the worst case uncertainty at each frequency (suitable number of discrete
values). Define a vector whose elements are plant parameters, i.e.
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o=lc; ¢, - ¢l B B, - B (60

p-1
Then

maximize|/1.. ( ]w)| at each w
——
ij T
) QI]’*/' SC;_]- <Cp-j (61)
subjectto: § o
B/ .<B/! <B/,

where MA; is the ijth element of A(jw). In other words, this optimization is performed for each
element of A(jw). After having obtained the worst case (maximum) perturbation, we will
assume that the perturbation is not exactly known but its upper bound is known. In other
words, there exists a known rational function as an upper bound of the worst case
uncertainty. Now the upper bound is characterized by an element by element interpretation,
where the upper bound means that each entry of A(jw) is replaced by its corresponding
bound. In other words, given the worst case uncertainty for each A(jw), it is assumed that
there exists a known rational function wjj(s) € RH., such that

|wl.j (]wx > max|/1i]. (]wXVw (62)

Knowing that the plant parameters can vary within their lower and upper bounds, this
parametric uncertainty is formulated as an additive perturbation in the transfer function
matrix. It is important to note that the controller be designed with respect to worst case
uncertainty for each A;. This can be achieved by performing an optimization procedure
given by (61) for 200 frequencies. Here an element by element uncertainty bound model is
used for the characterization of upper bound of the uncertainty matrix. Then w;; , which
satisfies (62) for each \; is given in matrix form as,

7%10? 9#10*
2 2
W(s) | 8005”225 40.05 805> +45+0.05 o
(s) 425%10° 2%10° (63)

1505°5.755 +0.05 255> +3.75s +0.125

The magnitude responses for each max(|\;|) and the corresponding (|w;;|) are given in
Figures 3-6. Having obtained the nominal plant and formulated unmodeled dynamics, let’s
have the following assumptions on the plant,

Assumption 1:
a) The nominal plant parameters are known.
b) The off-diagonal elements of Gy(s) and Aa(s) are strictly proper.
c) Au(s) € RHmm and satisfies (62)
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Now, consider the augmented nominal plant with the parallel feedforward compensator
Gu(8)= G, (s)+ H(s) (69
and the following lemma

Lemma 1:
Let the feedforward compensator H(s) be of the form,

hy 0

H(s)=| . 2 (65)

with each element hji(s) of a feedforward compensator being relative degree zero, then the augmented
nominal plant Gao(s) = Gpo(s)+H(s) will have positive definite high frequency gain and relative
McMillan degree zero (Ozcelik & Kaufman, 1999).
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In other words, the new plant G,(s) including H(s) becomes ASPR. Now that the ASPR
conditions are satisfied for the nominal plant case, we next need to guarantee that the ASPR
conditions are also satisfied in the presence of plant perturbations. To this effect, consider
the following theorem

Theorem 1: If H(s) is designed according to the following conditions, then the augmented plant
Gu(s) = Gp(s)+H(s) with the plant perturbations will be ASPR.

a) H(s) is stable with each h;; (s) being relative degree zero

b) H™1 (s) stabilizes the nominal closed loop system

c) A(s)e RH, and HA(S)HOC <1

where A(s)is the uncertainty of the augmented plant and given in the following (Ozcelik &
Kaufman, 1999)

A(s)=(G,ls)+ HE) ' (s) (66)

In light of the Theorem 1, we can readily determine the FFC as follows:
a) The order of each element F;(s) of a feedforward compensator is chosen to be
equal to the order of the corresponding diagonal element of the nominal plant
Gpo(s).

hs* + hys® + hs® + hys + by 0

4 3 2
H(s)=| $ +4s +65" +4s5+1 67
(5) . hs* 4 hos® + hs® + hos + B, €
st 4457+ 657 +4s+1

Denominator of the compensator H(s) appears in the numerator of the closed-
loop transfer function and therefore, can be pre-determined such that its time
constant is fast enough that its dynamics is negligible.

b) Compensator parameters are determined from the following optimization
procedure:

minimize "5( ]w)"w
X (68)
subject to: Real [roots(Z(s))] <0

where Z(s) is the characteristic polynomial of the nominal closed-loop system matrix and X
is a vector composed of the parameters of each Hj(s).

numerator of b =3.7444e"*s" +4.6805¢ s’ +9.5966¢ s> +1.1650e s + 4.0310¢”*
numerator of h,, =9.2748¢7°s" +5.7746e s’ +2.3495¢ *s” +2.9786¢ °s +5.6472¢ ™
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With this FFC, all the conditions of Theorem 1 are satisfied. Thus, the augmented plant
satisfies the almost strictly positive real conditions over a wide range of plant parameter
variations. It is expected that the DMRAC augmented with this feedforward compensator
will be robust for the maximum deviations from the nominal plant. The block diagram of
the overall control system is depicted in Figure 7.

hyst+ hos® + has® 4 hys + hs
B i 43 4652 Fds+1 v
(s) =
» 0 I!g.a4 + ?!7.&3 + hg.sz + hgs + hio
s as? L as2 44541
feedforward compensator
Um, A . ) — Ymr B 4
> fm[f,}' = Am T'm “) + B‘mum {” >
Um2 \ v Ym2 + 7
» ym(f,}' = Opony '{T) ]
Toni reference model Tma
. - . e . - . .1 Ty
up(t) = Ko (t)ey(t) + Ko (t) oy, (1) + Ky, (t)um, () :
. . . . -, . - A
q Kj(t) = Kp;(t) + Kij(t) j=ex,u
i VALY ) \
P - . - -
Kpi(t) = ey(t)ey(t) +2m(t) + um ()] Ty Tp >0 P
T , , e
Up Ki(t) = ey(t)[eg(t) + zm(t) + wm ()i, T, >0 =2 -i
adaptive control law
hl.~.4 + ]22.\3 + .nghz + hys + hg +| <
» 5
His s 4s? 1652 f4s + 1 v A
s) = +
- 0 hes* + hrs® 4+ hes® + hos + hio hg
v T4 162 fds+ 1 '\‘P
N
feedforward compensator
Upl Upl
Upa Yp2
»

plant
Fig. 7. DMRAC with Two-Link Arm
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Fig. 8. Simulink Block Diagram of the overall control system with nonlinear plant.

4. Simulation Results

The nonlinear equations were used in building the plant in Simulink/MATLAB (Figure 8)
and with the above described DMRAC algorithm, the following cases were simulated.

4.1 Case 1

* All initial conditions were set to zero.
¢ For both links the reference models were set to G,,(s)=G,,,(s)=1/(30s+1)

¢ For both links tip displacements were set to=0.05m
* Upper bound of plant parameters was used.
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4.2. Case 2
* All initial conditions were set to zero.
* For both links the reference models were set to G, ,(s)=G,,,(s)=1/(15s +1)

* For both links tip displacements were set to=0.05m
* Lower bound of plant parameters was used.
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From the Figures 9-11 of Case 1 and the Figures 12-14 of Case 2, we can see that the tips of
both links in each case follow the reference input. In Case 2 we have used a faster reference

model to show the effectiveness of the DMRAC.

4.3. Case 3
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¢ For both links the reference models were set to G,,(s)=G,,,(s)=1/(30s+1)

¢ For both links tip displacements were set to=0.01m
* Nominal set of plant parameters were used.
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From Figure 15 we see that at t=0, the tip position of link 2, i, begins at zero, however due to
the initial condition for 6; tip position of first link, y; is displaced with respect to the desired
reference model at t=0. From Figure 16 it is seen that §; and 8, come to steady-state, while
errors approach to zero.
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Fig. 17. Case 3: Control inputs, up; and
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4.5. Case 4
*0,(0)=0°, 6,(0)=0"
* For both links the reference models were set to G,,,(s) =G,,,(s) =1/(50s +1)
* For both links tip displacements were set to=+ 0.01m
* Nominal plant parameters were used
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5. Conclusions

Direct Model Reference Adaptive Control is utilized to control two-link flexible robot,
whose parameters vary. The feedforward compensator was designed for the system and it
was showed that the augmented plant satisfies the ASPR conditions over the range of
parameter variations. As seen from the results of the tip position response, the system
closely follows the reference model. During the simulations it was observed that DMRAC
was capable of controlling the plant despite the changes in the plant parameters. The ease of
its implementation and its robustness were demonstrated.
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Potentially Inversely Non-Stable Continuous-
Time Plants by Using Multirate Sampling
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1. Introduction

Adaptive control theory has been widely applied for stabilizing linear time invariant plants
of unknown parameters (Goodwin & Sin, 1984). One of the more used methods for such a
purpose is based on the model reference adaptive control (MRAC) problem (Astrom &
Wittenmark, 1997). Such a method requires some assumptions relative to the plant to be
controlled in order to carry out the synthesis of a stable controller (Narendra &
Annaswamy, 1989). One of them is that the plant has to be inversely stable, what means that
its zeros have to be located within the stability domain. However, this information is not
always available to the designer when the system under control contains unknown
parameters. There are several alternatives to circumvent this drawback and carry out the
stable adaptive control design. Some of them consist on relaxing the control performance
from the model matching to that achievable from the closed-loop pole placement (Alonso-
Quesada & De la Sen, 2004 and Arvanitis, 1999). In this way, the stabilization of the closed-
loop system can be ensured although its transient behaviour cannot be fixed to a predefined
one.

On one hand, the work (Alonso-Quesada & De la Sen, 2004) includes an estimates
modification in the estimation algorithm to ensure the controllability of the estimated plant
model without assuming any knowledge about the parameters of the plant to be controlled.
This controllability property is crucial to avoid pole-zero cancellations between the
estimated plant and the controller, which are both time-varying. In this context, a projection
of the estimated plant parameters into a region in the parameter space where the closed-
loop system is free of pole-zero cancellations for all time can be alternatively used provided
that the true plant is controllable and the knowledge of a region where the true plant
parameters belong to (Goodwin & Mayne, 1987).

On the other hand, the research (Arvanitis, 1999) proposes an adaptive pole-placement
control for linear systems using generalized sampled-data hold functions. Following such a
technique, gain controllers essentially need to be designed. Concretely, a periodic piecewise
constant gain controller is added in the feedback chain. In the non-adaptive case, such
constant gain values are those required so that the discretized closed-loop model under a
fundamental sampling period and a zero-order hold (ZOH) be stabilized. For such a
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purpose, each sampling period is divided in a certain finite number of uniform subintervals
and the controller gain takes a different value within each of them in order to locate the
discretized poles at the stable desired locations. In other words, the controller consists of a
constant vector of gains. In this sense, the controller works with a sampling rate faster than
that used to discretize the plant to be controlled. In the adaptive case, an estimated model of
the discretized plant is on-line updated by means of an estimation algorithm. Such a model
is used to parameterize the controller gains vector which becomes time-varying and
converges asymptotically to a constant one.

Another alternative, which does not relax the MRAC objective, to overcome the
drawback of the unstable zeros in a continuous-time plant is the design of discrete-time
controllers which are synthesized from the discretization of the continuous-time plant by
means of a holder device combined with a multirate with fast input sampling rate (De la Sen
& Alonso-Quesada, 2007 and Liang & Ishitobi, 2004). The main motivation of this method is
that an inversely stable discretized model of the plant can be obtained with an appropriate
choice of the multirate gains. In this way, an adaptive controller can be designed to match a
discrete-time reference model since all the discretized plant zeros may be cancelled if suited.

In this context, a fractional-order hold (FROH) with a multirate input is used in this paper to
obtain an inversely stable discretized plant model from a possible non-inversely stable and unstable
time invariant continuous-time plant. Then, a control design for matching a discrete-time reference
model is developed for both non-adaptive and adaptive cases. Note that a FROH includes as
particular cases the ZOH and the FOH (first-order hold). In this way, the stabilization of the
continuous-time plant is guaranteed without any assumption about the stability of its zeros
and without requiring estimates modification in contrast with previous works on the
subject. In this sense, this paper is an extension of the work (De La Sen & Alonso-Quesada,
2007) where the same problem is addressed. The main contribution is related to the method used
to built the continuous-time plant input from the discrete-time controller output. In the present
paper, the FROH acts on the fundamental sampling period used to discretize the plant
(plant output sampling) while in the aforementioned paper the FROH acted on the sampling
period used to define the multirate device at the plant input. This later sampling period is
an integer fraction of the plant output one, i.e. an integer number of input samples takes
place within each output sampling period. Such an integer has to be suitably chosen for
disposing of the enough freedom degrees being necessary to place the discretized plant
zeros at desired locations, namely within the unity circle in order to guarantee the inverse
stability of the discretized plant model.

The assumptions about the plant to guarantee the closed-loop stability of the adaptive
control system are the following: (1) the stabilizability of the plant and (2) the knowledge of
the continuous-time plant order. The motivation for using a multirate sampling input
instead of the most conventional single rate one resides in the fact that the former, with the
appropriate multirate gains, provides an inversely stable discretized plant model without
requirements on either the stability of the continuous-time plant zeros or the size of the
sampling period. In this sense, a single rate input can only provide an inversely stable
discretized plant from an inversely stable continuous-time plant and, moreover, the
fundamental sampling period to discretized the plant has to be sufficiently small (Blachuta,
1999). Finally, the use of a FROH, instead of the most conventional ZOH, allows to
accommodate better some discrete adaptive techniques to the transient response of discrete-
time controlled continuous-time plants (Barcena et al., 2000 and Liang et al., 2003).
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The paper is organized as follows. Section 2 formulates a discrete state-space
description under fast input sampling to then obtain an input-output discrete transfer
function for the running slow sampling rate, namely, that acting on the output signal. The
selection of the scalar gains that generate the fast sampled input so that the discrete plant
zeros are stable is focused on depending on the continuous-time plant parametrization.
Section 3 discusses the synthesis of a model-matching based controller with a possible
potential free design of all the zeros of the reference model. The case of known plant
parameters and the adaptive case for not fully known plant parameters are both considered.
Two alternatives are proposed to update on-line the time-varying multirate gains in the
adaptive case. The first one updates the multirate gains for all sampling instants in order to
maintain the zeros of the estimated discretized plant fixed within the stability domain. On
the contrary, the other one updates the multirate gains only when the change of gains is
crucial to guarantee the stability of the estimated discretized plant zeros. In this way, the
multirate gains are not updated for all sampling instants and then they became piecewise
constant. As a result, the zeros of the estimated discretized plant become time-varying
within the stability domain. Section 4 deals with the stability analysis of the adaptive control
system. Simulated examples which highlight the proposed design philosophy are provided
in Section 5. A comparison of the results obtained with the two different methods for
updating the multirate gains is presented. Finally, conclusions end the paper in Section 6.

2. Discretized Plant Representation

Consider a linear time-invariant, single-input single-output and strictly proper continuous-
time plant described by the following state space equations:

x(t) = Ax(t)+Bu(t) ; y(t)=Cx(t) 1)

where u(t) and y(t) are, respectively, the input and output signals, x(t) € R" denotes the

state vector and A, B and C are constant matrices of suitable dimensions. A FROH and a
multirate sampling on the fast input sampling will be used in order to obtain an inversely
stable discretized plant model. The signal generated by such a device is given by,

u(t) = o {u(k) + BW

(k1) @
for te[kT+(j-1)T',kT+jT’), je{1, 2, ..., N} and FROH correcting gain pe[-1,0)u(0,1],
where T is the sampling period (slow sampling) which is divided in N equal subperiods of
length T':% (fast sampling) to generate the multirate plant input, u(k) denotes the

value of a discrete-time controller output signal at the instant kT, for all non-negative
integer k, and o ’s are real constants. Note that the FROH device operates on the sequence

{u(k)} defined at the slow sampling instants kT and then the input u(t) is generated over
each subperiod with the corresponding gain a;, for je {1, 2, ..., N} , via (2). By substituting
(2) into (1) and sampling the plant output y(t) over the sampling period T, the following
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state space representation is obtained which corresponds to the discrete-time plant model
that relates the sequences {u(k)} and {y(k)} :

x(k+1)=F x(k)+G, u(k)+G, u(k-1) ; y(k)=Cx(k) ©)]

where F=y" =¢(T)=e"" is the continuous-time state transition matrix computed for a

slow sampling period and,

< N
Gl = (Z O(,N/N/j(r + E]"'j e j! ; GZ — _B(ZaéwN/JF’ e /™! (4)
=1 T T\ &
with,
r ' nx1 ' T ' nx1
1":_[0 O(T'-s)Bdse®R ; F:.[O ¢(T'-s)BsdseR ®)

The transfer function of this discrete-time plant model is,

where,

I —yN C n+l ,
B(Z) =C Ad](ZIn - WN)CA(Z)g =Det Zhi Vv A(Z)g =Zbiz“*‘+1
-C 0 i=1
N )
A(z) =z Det(zl, —y™)=2z"" + Zaizmﬂ
i=1
with Adj(-) and Det(-) denoting, respectively, the adjoint matrix and the determinant of the

square matrix (.), I, denoting the n-th order identity matrix, and

g=[o, o, eRVC, @ [y A@D VAR A®) e w™

_ Br_Bp
A(z) _Z(F+Trj TF

®)

Note that the coefficients b,, for ie{1, 2, ..., n+1}, of the polynomial B(z) in (7)
depend on the values a, for je{1, 2, ..., N}, which define the multirate device. This fact

lets to allocate the zeros of the discretized plant model at desired locations if a suitable
number of multirate gains is provided. In this sense, the multirate gains a;, being the

components of the vector g, are calculated to guarantee that such zeros are maintained

within the stability domain, i.e., the unity circle. In particular, the coefficients b, can be
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expressed as:

b, = Zbl] i eov=Mg 9

where M = [biJ eR™™N and v=[b, b, ... bml]T . The coefficients b, ; depend on the

parameters of the continuous-time plant, the sampling period T and the correcting gain f of
the FROH considered in the discretization process.

Assumptions 1.

(i) The plant is stabilizable, i.e. its transfer function does not possess unstable pole-zero
cancellations,

(ii) the plant order n is known, and

(iii) the correcting gain B of the FROH device and the sampling period T are chosen such

that M is a full rank matrix. i

Remark 1. The multirate gains vector g required to place the zeros of the discretized plant
transfer function (6) at desired locations may be calculated from (9) provided Assumptions 1
and that N>n+1. In this sense, such locations are prefixed via a suitable choice of the
vector v composed by the coefficients of the desired polynomial for the transfer function
numerator. If N>n+1, different solutions can be obtained for g. Otherwise, i.e. if

N =n+1, there is a unique solution for the multirate gains vector from the linear algebraic
system (9) which places the discretized zeros at desired locations. f

The discretized model (6) can be described by the following difference equation:

y(k)= Za y(k—1)+l§b u(k —1) Za y(k —1) +nz+lib”(x u(k —1)
i=1 j=1 (10)

:—Za y(k -1) +22b” U (k—-1)=0" o(k-1)

i=1 j=1

where,

o=[67 of, o, .. o0, T ; ok-1)=[¢(k-1) ¢l(k-1) ¢I(k-2) ... ¢l(k-n-1)]
0,=[-a, —a, ... -a,] ; o(k-1=[yk-1) yk-2) ... yk-n)] (1)
eb,i:[bi,l b, .. bi,N:IT 7 0u(k-i) :[ﬁl (k=i) Ty(k-i) ... 1711\1(1(_1)]T

T (k—i) = ou(k —i)

)

for all ie{l, 2, ...,n+1} and all je{l, 2, ..., N}. In the rest of the paper, the case

N =n+1 will be considered for simplicity purposes.
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3. Control Design

The control objective in the case of known plant parameters is that the discretized plant
B,.(2)
(

m

model matches a stable discrete-time reference model H _(z)= whose zeros can be

freely chosen, where z is the Z-transform argument. Such an objective is achievable if the
discretization process uses the multirate sampling input with the appropriate multirate
gains, what guarantees the inverse stability of the discretized plant. Then, all the discretized
plant zeros may be cancelled by controller poles. In this way, the continuous-time plant
output tracks the reference model output at the sampling instants. The tracking-error
between such signals is zero at all sampling instants in the case of known plant parameters
while it is maintained bounded for all time while it converges asymptotically to zero as time
tends to infinity in the adaptive case considered when the plant parameters are fully or
partially unknown. A self-tuning regulator scheme is used to meet the control objective in
both non-adaptive and adaptive cases.

3.1 Known Plant
The proposed control law is obtained from the difference equation:

R(q) u(k) =T(q) (k) =S(q) y(k) (12)

for all non-negative integer k, where {c(k)} is the input reference sequence and q is the
running sample rate advance operator being formally equivalent to the Z-argument used in
discrete transfer functions. The reconstruction of the continuous-time plant input u(t) is
made by using (2), with the control sequence {u(k)} obtained from (12), with the

appropriate multirate gains a;, for je{l, 2, ..., N}, to guarantee the stability of the

discretized plant zeros.
The discrete-time transfer function of the closed-loop system obtained from the
application of the control law (12) to the discretized plant (6) is given by:

Yz B@TR) T (13)
C(z) A(2)R(z)+B(2)S(z) A(2)+5(2)

where the second equality is fulfilled if the control polynomial R(z)=B(z). In this way, the
polynomial B(z), which is stable, is cancelled. Then, the polynomials T(z), R(z) and S(z)

of the controller (12) so that Y(z) _ B, (2) are obtained from:
C(z) An(2)
T(2)=B.(2)A.(2) ; R(2)=B(2) ; S(2)=A.(2)A,(2)-A(2) (14)

where A (z) is a stable monic polynomial of zero-pole cancellations of the closed-loop
system. The following degree constraints are satisfied in the synthesis of the controller:
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Deg[A,,(2)]+Deg[A,(2)] =Deg[A(z)| =n+1
Deg[S(z)] =Deg[A(z)]-1=n = S(z)= gsm 2 (15)

Deg[T(2)] = Deg[B,(2)] + Deg[A, (2)] <n

3.2 Unknown Plant

If the continuous-time plant parameters are unknown then the vector 6 in (11) composed of
the discretized plant model parameters is also unknown. However, all the above control
design in the previous subsection remains valid if such a parameter vector is estimated by
an estimation algorithm. In this way, the controller parameterization can be obtained from

R(z,k) = B(z,k) , with B(z,k) denoting the estimated of B(z) at the current slow sampling
instant kT, and equations similar to (14) by replacing the discretized plant polynomial A(z)
by its corresponding estimated one A(Z,k) (Alonso-Quesada & De la Sen, 2004). Note that
T(z) in (14) has to be calculated once for all since B, (z) and A (z) are time-invariant while
S(z) is updated at each running sampling time since the polynomial A(z,k) is time-
varying. The coefficients of the unknown polynomial B(z) depend, via (9), on the multirate
input gains «,, for je{1, 2, ..., N}, being applicable to calculate the input within the inter-
sample slow period. However, the estimation algorithm provides an adaptation of each

parameter b, ., namely 1tA)i,j(k) ,for i,je{1, 2, ..., N} and all non negative integer k. Then,

ij’
the o, -gains have to be also updated in order to ensure the stability of the zeros of the
estimated discretized plant, i.e. the roots of B(zk) be stable. Then, the gains a; become

time-varying, namely ¢&;(k) . The estimation algorithm for updating the parameters vector

é(k), which denotes the estimated of 6, and two different design alternatives for the

adaptation of the multirate gains are presented below. Also, the main boundedness and
convergence properties derived from the use of such algorithms are established.

3.2.1. Estimation algorithm
An “a priori” estimated parameters vector is obtained at each slow sampling instant by using
a recursive least-squares algorithm (Goodwin & Sin, 1984) defined by:

P(k-1) p(k -1) ¢"(k ~1) P(k - 1)

1+(pT(k—1) P(k-1) o(k-1)
P(k-1) p(k-1) eo(k)

1+¢"(k-1) P(k—1) p(k —1)

P(k)=P(k-1)—
(16)
6°(k)=6°(k —1)+

for all integer k>0 where e’(k)= (9 —0°(k - 1))T ok —1)=0""(k—1)p(k —1) denotes the ‘a

priori’ estimation error and P(k) is the covariance matrix initialized as P(0)=P"(0)>0.
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Such an algorithm provides an estimation éo(k) of the parameters vector by using the
regressor ¢(k —1), defined in (11), built with the output and input measurements with the
multirate gains ¢&;(k-1) obtained at the previous slow sampling instant, i.e.
U(k-i)=a;(k-1) u(k~i) forall ie{l, 2, ..., n+1}. Then, an ‘a posteriori’ estimates vector

is obtained in the following way:

Modification algorithm.
This algorithm consists of three steps:

Step 1: Built the matrix M°(k) :[B?,j(k)} e RN, for i, je{l, 2, ..., N}, from the ‘a priori’
estimates ég,i(k) ,included in 6°(k), of the corresponding 0,,; defined in (11).
Step 2: M(k) = M°(k)
If Det| NI(K) |23, then (k)= (k)
else while Det[l\A/I(k)J <3J,

M(k) = M(k) + 8,

end;

fori=1to N
eb,i(k) = Mi(k)

end

end.

Step3: 6(k)=[07 (k) B7,(6) 6,00 .. L],

for some real positive constants § <<1 and §, <<1, and where Mi(k) denotes the i-th row

of M(K).

Remark 2. Note that the estimate ég(k) corresponding to the parameters of 6, is not
affected by the modification algorithm. Also, note that the while instruction part of the
second step is doing a finite number of times since there exists a finite integer number /¢

such that Det| M(k) | = Det| N’(k)+ (8l | = (¢8)" + (8, 6} ,(k), 6,(K), ..., 0] ((k))28,.  ***

3.2.2. Updating of the time-varying multirate gains

Once the estimated parameters vector is obtained at each slow sampling instant the
multirate input gains have to be updated. Two alternative algorithms are considered to
carry out such an operation.

Algorithm 1.
A vector of multirate gains is updated at all slow sampling instants in order to maintain the
zeros of the estimated discretized plant fixed at desired locations within the stability domain

|z| <1. Such desired zeros are the roots of a predefined polynomial B'(z). For such a
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purpose, the required vector g(k) is obtained from the resolution of the following matrix

equation:

M(K) §(k)=v (17)

at each slow sampling instant, where v=[b; b, ... by ]T is composed by the coefficients
of B'(z), M(k) :[Bi/j(k)} e RN, with Bi,j(k) denoting each of the ‘a posteriori’ estimated
parameters corresponding to the components of the vectors 6,; defined in (11), and

gk)=[a, (k) d,(k) ... dN(k)]T . In this way, g(k) is composed by the multirate gains
which make the numerator of the estimated discretized plant model be equal to the desired
polynomial B'(z). Note that the matrix equation (17) can be solved at all slow sampling
instants since the parameters modification added to the estimation algorithm ensures the
non-singularity of the matrix M(k) .

Algorithm 2.

It consists of solving the equation (17) only when it is necessary to modify the previous
values of the multirate gains in order to guarantee the stability of the zeros of the estimated
discretized plant model. i.e., the multirate gains remain equal to those of the preceding slow
sampling instant if the zeros of the estimated discretized plant obtained with the current
estimated parameters vector, é(k) , and the previous multirate gains, dj(k —1), are within
the discrete-time stability domain. Otherwise, the multirate gains are updated by the
resolution of the equation (17), which can be solved whenever it is necessary since the
matrix M(k) is invertible at all slow sampling instant due to the modification included in
the estimation algorithm. In this way, the multirate gains are piecewise constant, the
estimated discretized plant zeros are time-varying and the computational burden associated
with the updating of the multirate gains is reduced with respect to that of Algorithm 1.

3.2.3. Properties of the estimated models

The parameter estimation algorithm, together with any of the considered adaptation
algorithms for the multirate gains, possesses the properties given in the following lemma,
whose proof is presented in Appendix A.

Lemma 1. Main properties of the estimation and multirate gains adaptation algorithms
(i) P(k) is uniformly bounded for all non-negative integer k, and it asymptotically

converges to a finite, at least semidefinite positive, limit as k — o .
(ii) 6°(k) and (k) are uniformly bounded and they asymptotically converge to a finite

limitas k > o .
(iii) The vector g(k) of multirate gains is bounded and converges to a finite limitas k - .

(e'(%))
1+¢'(k—1) P(k—1) p(k - 1)

2

(iv)

is uniformly bounded and it asymptotically converges to
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zeroas k > o0,
(v) €°(k) asymptotically converges to zero as k — o .

(vi) Assuming that the external input c(k) is sufficiently rich such that ¢(k —1) in (11) is

persistently exciting, 8°(k) tends to the true parameters vector 6 as k — o . Then, 6(k)

tends to 0°(k) and e(k) = (6 —0(k - 1))T ¢(k —1) tends to zeroas k »> o . o

Remark 3. The convergence of the estimated parameters to their true values in 6 requires
that ¢(k —1) is persistently exciting. In this context, ¢(k —1) is persistently exciting if there
ko+0

exists an integer ¢ such that p,I > z ok -1)e"(k-1)>p,I,, where p,>0, p,>0 and

k=ko
m=n+N?=n’+3n+1 is the number of components of the regressor ¢(k—1). Such a
condition may be ensured by chosing an external input sufficiently rich of order m, i.e. it
consists of at least % frequencies in the frequency domain (Ioannou & Sun, 1996). ol

4. Stability Analysis

The plant discretized model can be written as follows,
y(k)=y(k)+e(k)= éT(k -Dok-1)+ek)= —iéi(k -1)y(k -1) ri b,(k-1u(k —i)+e(k) (18)
i=1 i=1

and the adaptive control law as,

u(k) = {Z( & (k= 1)a (k1) 3, , (k— 1)) y(k ~) ~3 (8, (k = Dby (k 1) + by, (k =) u(k i)
b, (k) |5 = 19)
~ &(k-1)b,,, (k-T)uk-n-1)+ ibm‘c(k —i+ 1)} —%e(k) +3(k)

where (12) has been used with R(q) and S(q) substituted, respectively, by time-varying
polynomials R(z,k)=B(zk) and S(z,k), which is the solution of the equation (14) for the

adaptive case, and,

3(k)= ){i[(él(k)_él(k_l))éi(k 1)- (1+1(k) Sia(k-1) ]Y (k-1)

=800 8, (=), 1) (B, 09~ By (k1) Jugk ) (20)

~(8(K) =8, (k=1))b, (k= 1)u(k—n-1)}

By combining (18) and (19), the discrete-time closed-loop system can be written as:
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x(k) = A(k - 1) x(k — 1)+ ¥,e(k) + ¥,9(K) (1)

where 9(k)= ! (ib ck-i+1)-5,(k) e(k)J +8(k) and,

m;

x(k 1=y (ke 1)y(k 2) - y(k nyu(ke Du(k-2)-- u(k-n-1)

iT
v, =[10 . O]T em\zml]xl W, =|:00 . 0_1 0-- 0:| G‘RZMM
n+l

[<ak-1)  -ak-1) - -4, (k-1 -dk-1) bk-1) bk-1) - bk-1) b (k-1](22)
1 0 0 0 0 0 0 0
0 1 : 0 0 0 0 0
: : . 0 : : : - : :
0 0 e 0 0 0 0 0
Ak-D= f-1)  fk-D)  EkD)  fheD)  RGeD RGeD  RGeD Bkl
bk bk b,(k) b Bl B b Bk
0 0 0 0 1 0 0 0
0 0 0 0 0 1 0 0
L0 0 0 0 0 0 1 0o |

with f(k-1)=8,(k-1)a,(k-1)-8,,(k-1), ﬁi(k—l):—(éi(k—l)fa (k- 1)+bm(k—1)), for

ie{l,2, .., n},and ﬁm(k—1):—@1(1<—1)AM(1<—1)
N

Note that a,(k-1) and b (k-1 :Z a;(k-1) are uniformly bounded from

j=1
Lemma 1 (properties ii and iii). Also, Bl(k) #0 since the adaptation of the multirate gains
makes such a parameter fixed to a prefixed one which is suitably chosen and §;(k—1) is
uniformly bounded from the resolution of a equation being similar to that of (14) replacing
polynomials A(z) and S(z) by time-varying polynomials A(Z,k -1) and é(z,k -1),
respectively.

The following theorem, whose proof is presented in Appendix B, establishes the main
stability result of the adaptive control system.

Theorem 1. Main stability result.
(i) The adaptive control law stabilizes the discrete-time plant model (6) in the sense that

{u(k)} and {y(k)} are bounded for all finite initial states and any uniformly bounded
reference input sequence {c(k)} subject to Assumptions 1,
(i) {y(k)} converges to {y, (k)} as k tends to infinity, and

(iii) the continuous plant input and output signals, u(t) and y(t) , are bounded for all t. ***
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5. Simulations Results

Some simulation results which illustrate the effectiveness of the proposed method are
shown in the current section. A continuous-time unstable plant of transfer function
-2 . . Lo .
G(s) = m with an unstable zero, and whose internal representation is defined by
s—1)(s+
-3 0
0 1

multirate scheme with fast input sampling through a FROH device is used to place the zeros
of the discretized plant within the stability region and a discrete-time controller is
synthesized so that the discrete-time closed-loop system matches a reference model. The
results for the case of known plant parameters are presented in a first example and then two
more examples with the described adaptive control strategies are considered. The difference
among such adaptive control strategies relies on the way of updating the multirate gains for
ensuring the stability of the estimated discretized plant zeros.

the matrices Az{ }, B:[l 1]T and C:[1.25 —0.25], is considered. A suitable

5.1. Known Plant Parameters
The discretization of the continuous-time plant with a multirate, N =3, and a FROH device
with p=0.7 for a slow sampling time T =0.3 is performed leading to the discrete transfer

2
function H(z)= D& _ Pi(8)Z +02(8)2bs(8) (o 1, ()= 0.03070,, +0.06930t, +0.130:,,
A(z)  2(2* —1.7564z +0.5488)

b,(g) =—(0.0788a., +0.1488a, + 0.26310.,) and b,(g)=0.0083a., +0.0343a, +0.0797c, are the
coefficients of the transfer function numerator of the discretized model. Such coefficients
depend on the multirate gains a,, for ie{1, 2, 3}, included as components in the vector g .
The zeros of such a discretized plant can be fixed within the stability domain via a suitable
choice of the multirate gains. In this example such gains are o, =-621.8706, o, =848.4241
and o, =-297.4867 so that B(z)=B'(z)=2z"+2z+025 and then both zeros are placed at
z,=-0.5. The control objective is the matching of the reference model defined by the
_ 2> +z-0.272
© (z+02)

discretized plant zeros, which are stable, and add those of the reference model to the
discrete-time closed-loop system. The values of the control parameters to meet such an
objective are s, =2.3564, s,=-0.4288 and s,=0.008. A unitary step is considered as

transfer function G, (z) . For such a purpose, the controller has to cancel the

external input signal. Figure 1 displays the time evolution of the closed-loop system output,
its values at the slow sampling instants and the sequence of the discrete-time reference
model output. Figure 2 shows the plant input signal. Note that perfect model matching is
achieved, at the slow sampling instants, without any constraints in the choice of the zeros of
the reference model G, (z), in spite of the continuous-time plant possesses an unstable zero.

Furthermore, the continuous-time output and input signals are maintained bounded for all
time.
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5.2. Unknown Plant Parameters
An adaptive version of the discrete-time controller designed in the previous example is
considered with the parameters estimation algorithm being initialized with

0°(0)=102x[263.46 8232 4.61 1039 1951 -11.82 -2233 -39.46 125 515 11.95]'

and P(0)=1000-1,, . Furthermore, the values §=3,=10"° are chosen for the modification

algorithm included in such an estimation process. Two different methods are considered to
update the multirate gains. The first one consists of updating such gains at all the slow
sampling instants so that the discretized zeros are maintained constant within the stability
domain (Algorithm 1). The second one consists of changing the value of the multirate gains
only when at least one of the discretized zeros, which are time-varying, is going out of the
stability domain. Otherwise, the values for the multirate gains are maintained equal to those
of the previous slow sampling instant (Algorithm 2).

5.2.1. Algorithm 1: Discretized plant zeros are maintained constant

Figure 3 displays the time evolution of the closed-loop adaptive control system output, its
values at the slow sampling instants and the sequence of the discrete-time reference model
output under a unitary step as external input signal. Note that the discrete-time model
matching is reached after a transient time interval. Figures 4 and 5 show, respectively, the
plant output signal and the input signal generated from the multirate with the FROH

applied to the control sequence {u(k)} . It can be observed that both signals are bounded for

all time. Finally, Figures 6 and 7 display, respectively, the time evolution of the multirate
gains and the adaptive controller parameters. Note that the multirate gains and the adaptive
control parameters are time-varying until they converge to constant values.
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Fig. 3. Plant and reference model output signals
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5.2.2. Algorithm 2: Discretized plant zeros are time-varying

The multirate gains are maintained constant to their values at the previous slow sampling
instant until at least one of the discretized plant zeros is going out of the stability domain. In
this sense, note that the discretized zeros vary when the values of the multirate gains are
maintained constant and eventually they can go out of the stability domain. When this
happens such gains are again calculated to place both discretized zeros at z, =-0.5. The

discrete-time model matching is reached after a transient time interval and the continuous-
time plant output and input signals are bounded for all time as it can be observed from
Figures 8, 9 and 10 where the response to a unitary step is shown. The maximum values
reached by both continuous-time output and input signals are larger than those obtained
with the previous method (Algorithm 1) for updating the multirate gains. Figures 11 and 12
display, respectively, the evolution of the multirate gains and the controller parameters. The
adaptive control parameters are time-varying until they converge to constant values while
the multirate gains are piecewise constant and also they converge to constant values. Note
that this second method ensures a small number of changes in the values of the multirate
gains compared with the first method since such gains only vary when it is necessary to
maintain the zeros within the stability domain. This fact gives place to a less computational
effort to generate the control law than that required with the first method. However, the
behaviour of the continuous-time plant output and input signals is worse with the use of
this second alternative in this particular example. Finally, the evolution of the modules of
the discretized plant zeros and the coefficients of the time-varying numerator of such an
estimated model are, respectively, shown in Figures 13 and 14.
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Fig. 8. Plant and reference model output signals
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6. Conclusion

This paper deals with the stabilization of an unstable and possibly non-inversely stable
continuous-time plant. The mechanism used to fulfill the stabilization objective consists of
two steps. The first one is the discretization of the continuous-time plant by using a FROH
device combined with a multirate input in order to obtain an inversely stable discretized
model of the plant. Then, a discrete-time controller is designed to match a discrete-time
reference model by such a discretized plant. There is not any restriction in the choice of the
reference model since the zeros of the discretized plant model are guaranteed to be stable by
the fast sampled input generated by the multirate sampling device.

An adaptive version of such a controller constitutes the main contribution of the
present manuscript. The model matching between the discretized plant and the discrete-
time reference model is asymptotically reached in the adaptive case of unknown plant. Also,
the boundedness of the continuous-time plant input and output signals are ensured, as it is
illustrated by means of some simulation examples. In this context, the behaviour of the
designed adaptive control system in the inter-samples period may be improved. In this
sense, an improvement in such a behaviour has been already reached with a multi-
estimation scheme where several discretization/estimation processes, each one with its
proper FROH and multirate device, are working in parallel providing different discretized
plant estimated models (Alonso-Quesada & De la Sen, 2007). Such a scheme is completed
with a supervisory system which activates one of the discretization/estimation processes.
Such a process optimizes a performance index related with the inter-sample behaviour. In
this sense, each of the discretization/estimation processes gives a measure of its quality by
means of such an index which may measure the size of the tracking-error and/or the size of
the plant input for the inter-sample period. The supervisor switches on-line from the current
process to a new one when the last is better than the former, i.e. the performance index of
the new process is smaller than that of the current one. Moreover, the supervisor has to
guarantee a minimum residence time between two consecutive switches in order to ensure
the stability of the adaptive control system.
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7. Appendix A. Proof of Lemma 1

(i) P(k) is a monotonic non-increasing matrix sequence since P(k)-P(k-1)<0 for all
integer k>0 from (16). Moreover, if P(k;)=0 for any integer k, >0 then
Pk, +1)-P(k,;)=0 from (16) and then P(k)=0 for all integer k=>k,. Thus,
0<P(k)<P(0) and P(k) asymptotically converges to a finite limit as k — o .

(i) By considering the non-negative sequence V(k)=68" (k)P (k)8°(k) and applying the

=

matrix inversion lemma (Goodwin & Sin, 1984) to (16) it follows that,

(")’
1+¢"(k-1)P(k - Dok -1) ~

V(k)-V(k-1)=— 23)

where (16) and the definition of the estimation error have been used. Then, V(k) < V(0)
~ X 12(0)§ 1=
and Heo(k)HSMHGO(O)H<w where 1, {P(0)} and A, {P(0)} denote the
7\‘min {P(O)}
maximum and the minimum eigenvalues of P(0), respectively. It implies that 6°(k),
and then also 0°(k), is uniformly bounded. Then, 6(k) is also bounded since the

modification algorithm guarantees the boundedness of M(k) provided that éo(k) is
bounded. On other hand, V(k) asymptotically converges to a finite limit as k — c from
its definition and the fact that such a sequence is non-negative and monotonic non-

increasing. Then, 6°(k), and also 6°(k), converges to a finite limit as k —> o since P(k)

also converges as it has been proved in (i). Then, M(k) and é(k) also converge to finite

limits as k — oo .
(iii) The boundedness and convergence of the estimation model parameters vector together

with the non-singularity of the matrix M(k), guaranteed by the modification algorithm,
implies the boundedness and convergence of the vector g(k) obtained by resolution of

equation (17).

(iv) It follows that

k (') =V(0)-V(k)<V(0)<o from (23), then

H1+e'(i-1)P(-1)e(i-1)
GO))

T+ " (k-1)P(k - 1)k -1)

(v) It follows that glg{eo(k)} =0 irrespective of the boundedness of @(k—1) from the fact

th i (QO(k))
at lim
o0 | 14+¢" (k—1)P(k - 1)p(k 1)

is uniformly bounded and it converges to zero as k — « .

2

=0. On one hand, if ¢(k—-1) is bounded then
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i ()
m
e | T+  (k-=1)P(k - Dok -1)

}— 0 implies directly that }(im{eo(k)} =0. On the other

(k
hand, if ¢(k—-1) is unbounded then lim = (e ( )) =0 implies that
ool T+ (k—1)P(k-1)ek - 1)
~0 2
: HG (k _1)H . 0 FoT (g0 2
lim m =0 since e'(k)=6" (k—-1)p(k —1) and then lklm{HG (k—l)H }:O from

the fact that P(k) is uniformly bounded. Thus, Pﬂ}{eo(k)} =0.

(vi) Provided that the external input sequence {c(k)} is sufficiently rich such that ¢(k —1) is
persistently exciting, éo(k) tends to the true parameters vector 8 as k -« (Goodwin &
Sin, 1984). Then, M(k) tends to Mo(k) from the modification algorithm and,

consequently, é(k) tends to 6° (k) and e(k) tends to zeroas k —» . el

8. Appendix B. Proof of Theorem 1

(i) A(k) is bounded since the estimation model parameters a,(k) and Bj(k), and the
controller parameters éi(k) ,for ie{l, 2, ..., n} and je{1, 2, ..., n+1}, are bounded
thanks to the estimated parameters vector é(k) and the multirate gains vector g(k) are
bounded for all integer k >0 . The eigenvalues of A(k) are in |z|<1 since they are the

roots of A _(z) and A (z), due to the designed control law, and the roots of B(z,k)

which are within the unit circle due to the suitable adaptation of the multirate gains.
Besides,

k
2 IAG) = AR =D < 7+ 1, (k= Ky) 24
K'=k +1
for all integers k and k, such that k >k, >0, and some sufficiently small positive real
constants v, and y, (Bilbao-Guillerna et al., 2005). Note that (24) is fulfilled with a slow
enough estimation rate via a suitable choice of P(0) in (16) so that y, is sufficiently

small. Thus, the time-varying homogeneous system x(k)=A(k-1)x(k-1) is
k-1

exponentially stable and its transition matrix ¢(k,k')=]JA(j) satisfies [o(k,k")|<p 05
K

for all k>k' where o, €(0,1) and p, is a non-dependent constant (Alonso-Quesada &
De la Sen, 2004). It follows from (21) that:
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x(k) = o(k ko) x(k, ) + i ok, K) (We(k) + ¥, 9(k)) (25)

k'=k,

for all integer k >k, >0 . Then,

)= paos™ ko)l + 2 210 (2 + ps[e()] + 4 3(K)) (26)

"~k

for some positive real constants p,, p, and p,, provided that the input reference

sequence {c(k)} is bounded. It follows that }(im\éi(k)—éi(k—l)\zo and

lim
koo

Bj(k)—Bj(k—n\:o for all ief{l,2,..,n} and je{l, 2, ..,n+1} from the
convergence property of the estimation algorithm. Then, iim‘éi(k)—éi(k—l)‘ =0 as it
follows from the adaptive control resolution. Consequently, }(im‘S(k)‘:O. Besides,
}(im‘e(k)‘ =0 from the estimation algorithm. Then, x(k) is bounded from (26), which

implies that sequences {u(k)} and {y(k)} are also bounded.

(ii) On one hand, the adaptive control law ensures that the estimated sequence {j(k)}
matches the reference model one {y, (k)} for all integer k>0 . On the other hand, the
estimation algorithm guarantees the asymptotic convergence of the estimation error
e(k) to zero. Then, the output sequence {y(k)} tends to {y, (k)] asymptotically as
k—>ow.

(iii) The adaptive control algorithm ensures that there is no finite escapes. Then, the
boundedness of the sequences {u(k)} and {y(k)} implies that the plant input and

output continuous-time signals u(t) and y(t) are bounded for all t.
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Hybrid Schemes for Adaptive Control Strategies

Ricardo Ribeiro & Kurios Queiroz
Federal University of Rio Grande do Norte
Brazil

1. Introduction

The purpose of this chapter is to redesign the standard adaptive control schemes by using
hybrid structure composed by Model Reference Adaptive Control (MRAC) or Adaptive Pole
Placement Control (APPC) strategies, associated to Variable Structure (VS) schemes for
achieving non-standard robust adaptive control strategies. The both control strategies is
now on named VS-MRAC and VS-APPC. We start with the theoretical base of standard
control strategies APPC and MRAC, discussing their structures, as how their parameters are
identified by adaptive observers and their robustness properties for guaranteeing their
stability. After that, we introduce the sliding mode control (variable structure) in each
control scheme for simplifying their design procedure. These design procedure are based on
stability analysis of each hybrid robust control scheme. With the definition of both hybrid
control strategies, it is analyzed their behavior when controlling system plants with
unmodeled disturbances and parameter variation. It is established how the adaptive laws
compensates these unmodeled dynamics. Furthermore, by using simple systems examples it
is realized a comparison study between the hybrid structures VS-APPC and VSMRAC and
the standard schemes APPC and MRAC. As the hybrid structures use switching laws due to
the sliding mode scheme, the effect of chattering is analyzed on the implementation and
consequently effects on the digital control hardware where sampling times are limiting
factor. For reducing these drawbacks it is also discussed possibilities which kind of
modifications can employ. Finally, some practical considerations are discussed on an
implementation on motor drive systems.

2. Variable Structure Model Reference Adaptive Controller (VS-MRAC)

The VS-MRAC was originally proposed in (Hsu et al.,, 1989) and extensively discussed in
(Hsu et al., 1994). The main features of this control scheme are the robustness of parameters
uncertainties and unmodeled disturbances, as well as good transitory response.

Consider the following first order plant
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where bp and a p are unknown or known with limited uncertainties. Admitting a reference

model given by

M= = @

inwhich £, > 0 and a, > 0, the following output error variable can be defined as

€ =Y Up- (3)

The control objective is to force y(t) to asymptotically track the reference output signal,

y,,(t), by regulating ¢, to be zero, while keeping all the closed-loop signals uniformly

bounded. The control law used for accomplished this is
u =0y + 0,r, 4

which is the same as used in traditional model reference adaptive control. However, instead
of the integral adaptive laws for the controller parameters, switching laws are proposed in
order to improve the system transient performance and its robustness.

If bp and a,, are known, the ideal controller parameters (6’1* and 92* ) can be founded using

the following condition

==, ©

which means that our control objective is achieved, i.e., the closed-loop system behaves like
the open-loop reference model. Consequently, the control law equation can be rewritten as

u:Gl*erHQ*r. (6)
Analyzing (1) and (2) in the time domain, we get

j=—ay+ku, @)

ym = —a,Y, kmr : ®)
Adding and subtracting terms related to the ideal control parameters in (4),

u:91y+92r—91*y—02*r+9fy+92*r, 9)
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and then grouping some terms
w= (0 =)y + 6 — ) + 6y +b,r, (10)
we have
w=0y+0,r+0y+0,r, (11)

in which terms 9~1 and 9~2 are deviations of ideal controller parameters ¢, and 0,.

Substituting the resulting equation (11) in (7),
y=—ay+ bp(ély + 0,0 4+ 0,y + 0,7), 12)
we can rewrite this equation as
g =—ay+00y+b0,r+0b 0y +0,r), (13)
which results in
g =—(a, —b,0,)y+0b,0,r+ bp(ély + 0,r). (14)
From (6), the model input r can be defined as
r=— (15)
Therefore, using (11) and (15) in (8), we get
= b+ Gy + G
Y = Y + mT + 9_*( 1Y + QT) : (16)

2

Finally, comparing (14) and (16) due to the condition (5), we have the desired controller
parameters

[ — 17)
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b
0, = -m. (18)
bp

The above desired controller parameters assure that plant output converges to its reference
model, because bp and a, are known. This design criteria is named as The Matching

Conditions.

However, our interests are concerned with unknown plant parameters or with known plant
parameters with uncertainties, which require the use of adaptive laws for adjusting
controller parameters. Derivating the output error equation given in (3),

¢y =Y =Yy (19)

and using the condition (5), with equations (8), (16) and (19), we get

b ~ ~
éO = _a’my + bwlrr + ?Z(Hly + 92’/’) - (_a'mym + b ’I”), (20)

m
2

which can be rearranged as

. by o
€ = —a,,(y = y,,) + 0_*(91y + 6,7) . (21)
2
Thus,
: bm 0 0
éy = —a,.e, + 0—*’(9134 + 6,7). (22)
2

Now, consider the Lyapunov function candidate given by
L 5
Vie,) = L >0, (23)

and its respective first time derivative

Viey) = eyéy - (24)

By substituting (22) in (24), we obtain the following equation
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. b . -
Viey) = |—a,€ + ?(919 +6,7) e (25)
p

that can be rewritten as

Viey) = —a,e; + (91 -6 )eoy + (82 — b, )eor}. (26)
2
Using the switching laws,
0, = —Osgn(eyy), (27)
0, = —0,sqn(e,r), (28)
we obtain,
7 2 bm n * *
Viey) = —a,¢ — 97[(91 ey | +9160y) + (92 leor | +92€OT>]~ (29)

2

If the conditions 6, >| 6, | and @, >| 6, | are satisfied, the terms with indefinite signals

in (29) are dominated, and then
Vie,) < —a,el <0 (30)

which guarantees that ¢, = 0 is a globally asymptotically stable (GAS) equilibrium point,

because (30) is a negative definite function.

3. Variable Structure Adaptive Pole Placement Control (VS-APPC)

As the VS-MRAC, the VS-APPC is the hybrid control structure obtained from the
association of Pole Placement Control (PPC) together with Variable Structure (VS).
Therefore, the theoretical development of this section starts from PPC control scheme and
then we introduce the VS concepts for achieving the proposed VS-APPC.

Considering the single input/single output (SISO) LTI plant

y = G(s)u, (31)

in which
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Z(s bnfs”’l—l—...—l—bs—i—b
o) = 28 _ L ——, (32)
R(s)  s"+a, "'+ ..+ as+a

there are, as plant parameters, 2n elements, which are the coefficients of the numerator and

denominator of transfer function G(s) . We can define the vector 0" as

a ay| - (33)

From this, the following constraints must be observed:
S1. R(s) is a monic polynomial whose degree n is known.

S2. Z(s), R(s) are coprime and degree(Z) < n .
Assumptions (S1) and (S2) allow Z(s), R(s) to be non-Hurwitz in contrast to the MRC
(Model Reference Control) case, where Z(s) is required to be Hurwitz.

We can also extend the PPC scheme for including the tracking objective, where output y is

required to follow a certain class of reference signals 7, by using the internal model
principle (Ioannou & Sun, 1996). The uniformly bounded reference signal is assumed to
satisfy

Q,(s)r =0, (34)

where @ (s), the internal model of 7, is a known monic polynomial of degree ¢ with non-
repeated roots on the jo-axis and satisfies
83. Q,,(s),Z(s) are coprime.

Considering the control law given by
Qm(s)L(s)u = —P(s)y + M(s)r, (35)

where P(s), M(s), L(s) are polynomials (with L(s) monic) of degreeq +n —1,
q+n—1emn —1, respectively, and @, (s) satisfies (34) and assumption (S3).
Applying (35) to the plant (31), we obtain the closed-loop plant equation

. Z(s)M)
Qm(s)L(s)R(s) + P(s)Z(s)

Y T, (36)

whose characteristic equation is
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Qm(s)L(s)R(s) + P(s)Z(s) = 0, (37)

and has order 2n + ¢ — 1. The objective now is chosen P(s), L(s) such that
Q) LUs)R(s) + P(s) = A'(5) @9

is satisfied for a given monic Hurwitz polynomial A (s) of degree 2n 4+ q — 1. Because of
assumptions S2 e S3 which guarantee that @ (s), R(s), Z(s) are coprime, there is a

solution so that L(s) and P(s) satisfy (38) and this solution is unique (loannou & Sun,

1996).
Using (38), the closed-loop is described by

u === (40)

Z(s)M(s) , R(s)M(s)
A'(s) A(s)

y and u remain bounded whenever t —> 00 for any polynomial M(s) of degree

Because 7 is uniformly bounded and are proper with stable poles,

n +q—1 (Ioannou & Sun, 1996). Therefore, the pole placement objective is achieved by
the control law (35) without having any additional restrictions in M(s) and @, (s). When

r = 0, (39) and (40) imply that y and u converge to zero exponentially fast. On the other
hand, when 7 = 0, the tracking error e = y — r is given by

e= r= [M(s) — P(s)Jr — MQm(S)T. (41)

*

A(s) A'(s) A (s)

In order to obtain zero tracking error, the equation above suggests the choice of
M(s) = P(s) to cancel its first term, while the second term can be canceled by using (34).

Therefore, the pole placement and tracking objective are achieved by using the control law

Qu(s)L(s)u = —P(s)(y =), 42)
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which is implemented as shown in Fig. 1 using n 4+ ¢ — 1 integrators for the controller
realization. An alternative realization of (42) is obtained by rewriting it as

w= B2 By, ®3)

where A is any monic Hurwitz polynomial of degree n + ¢ — 1.

ro+ P(s) u y
——( > > G(s)

T d Qu(s)LUs)

Fig. 1. Block diagram of pole placement control.

\J

The PPC design supposes that the plant parameters are known, what not always is true or
possible. Therefore, integral adaptive laws can be proposed for estimating these parameters
and then used with PPC schemes. This new strategy is called Adaptive Pole Placement
Controller (APPC), where the certainty equivalence principle guarantees that the output plant
tracks the reference signal 7, if the estimates converge to the desired values. In this section,
instead of these traditional adaptive laws, switching laws will be used for the the first order
plant case, according to (Silva et al., 2004).

Consider the plant,

b
= u, 44
V=, (44)
and its respective time domain equation,
g = —ay + bu, (45)

where the parameters a and b are unknown or known with uncertainties. Let be a, a

positive constant, we may write (45) by adding and subtracting the term a,,y ,

y=—a,y+(a, —a)y+bu. (46)

A model for the plant may be written as

gj =—a,y+ (a, —a)y + bu , 47)
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where G and b are estimates for a and b , respectively (loannou & Sun, 1996).

We define the estimation error €, as

=YY (48)
and with (46) and (47), we get
€ = —a,e, +ay — bu, (49)
where
a: = i -a, (50)
b=b-b. (51)

Choosing the following Lyapunov function candidate,

Vie,) = %602 >0, (52)
we have
V(eo) = €y¢) (53)
which can be rewritten using (49),
V(eu) = —a, e, + deyy — beyu. (54)

Expanding the above equation with (50) and (51),
Vie,) = —a, e’ +(d—a)eyy — (b — bleyu , (55)

and then using the switching laws,

a = —asgn(eyy), (56)
b= b sgn(eu), (57)

we get,
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Vie,) = —a,e’ — (a_|60y| + aeyy) — (b_|60u| — beyu). (58)

'm0
Finally, if the conditions a > |a| and b > |b| are satisfied,

V(eo) < —a,e’ <0, (59)

which guarantees that ¢, = 0 is a globally asymptotic stable (GAS) equilibrium point.
Moreover, if we follow a similar procedure described in (Hsu & Costa, 1989), we can prove

that ¢, = 0 reaches the sliding surface in a finite time ¢, (¢, = 0, Vi >t )

4. Application on a Current Control Loop of an Induction Machine

To evaluate the performance of both proposed hybrid adaptive schemes, we use an
induction machine voltage x current model as an experimental plant. The voltage equations
of the induction machine on arbitrary reference frame can be presented by the following
equations:

g ls _ Uls -4 dlg . ls — Jls f
v-sld = [7«S 4+ = . . ]Zs]d + ol dtd — wgalszsgq — [ : ; : ]{wr(zﬁfq + T—d , (60)
Il —ol |. dif ) I, — ol o
vl :[rs + £ - S]zgq + ol dtq + w,ol +[‘ l ] w, @ — Tq , (61)

where Ugd , 07, ifd and zfq are dq axis stator voltages and currents in a generic reference

5q

frame, respectively; 7., ZS and lm are the stator resistance, stator inductance and mutual

inductance, respectively; w, and w, are the angular frequencies of the dg generic reference

frame and rotor reference frame, respectively; o = 1 — 1731 /1l and 7, =1 /r arethe
leakage factor and rotor time constant, respectively.

The above model can be simplified by choosing the stator reference frame (wg =0).
Therefore, equations (60) and (61) can be rewritten as

S
di,

dat

U.fd = rsri;d + Uls + e:d 4 (62)
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= + ol —di:" + 63
vo=r i ol — e,
o dt 1 ©3)

8q Srsq

where s is the superscript related to the stator reference frame, r,, = r, + (I, —ol) /T ,

e: , and ejq are fcems of the dg machine phases given by

, , s\, — al,
ey = —|w.gp, + 4 4 —l) ), (64)
7-7‘ lm
and
c (1 — ol
s, = |,y — 2|l =), )
* T?" lm

The current x voltage transfer function of the induction machine can be obtained from (62)
and (63) as

154(s) _ 1a(s) _ 1 / Ty 66)

Vi) Vi(s) s+ 1

where 7, = ol, / 1,., Vi (s) = V5(s) — ES,(s) and VSZ' (s) =V, (s) — E; (s) . The feems

5q
E?,(s)and qu(s) are considered unmodeled disturbances to be compensated by the

control scheme.
Analyzing the current x voltage transfer functions of a standard machine, we can observe

that the time constant 7, has parameters which vary with the dynamic behavior of

machine. Moreover, this plant has also unmodeled disturbances. This justifies the use of this
control plant for evaluating the performance of proposed control schemes.

5. Control System

Fig. 2 presents the block diagram of a standard vector control strategy, in which the
proposed control schemes are employed for induction motor drive. Block RFO realizes the
vector rotor field oriented control strategy. It generates the stator reference currents }; and

Z'S*

5 + angular stator frequency w, of stator reference currents from desired reference torque

T, and reference rotor flux ¢, respectively. Blocks VS-ACS implement the proposed
robust adaptive current control schemes that could be the VS-MRAC strategy or the VS-
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APPC strategy. Both current controllers are implemented on the stator reference frame.
Block dg® /123 transforms the variables from dg° stationary reference frame into 123

stator reference frame.
Generically, the current-voltage transfer function given by equation (66) can be rewritten as

Lu® _ 1) _ &, ©67)

sd
s) Vi(s) s+a

I/Viqu (5) =

inwhich b, =1/ ol and a, =1/ 7 . In this model, the fcems e}, and ¢;, are considered
unmodeled disturbances to be compensated by current controllers. The parameters a, and

b, are known with uncertainties that can be introduced by machine saturation, temperature
changes or loading variation.

o, , lis‘d ,
O i.sd S 2 VAY:
d)r_’ _@ Vs ACS PWM :;)Sl
RFO : L M
: sk v
* + v, | VST s
I VS-ACS |~
PR s el ;
L, 7 S s
' i A 123/dg

Fig. 2. Block diagram of the proposed IM motor drive system.

5.1 VS-MRAC Scheme
Consider that the linear first order plant of induction machine current-voltage transfer

function W?, given by (67) and a reference model characterized by transfer function

isdq

=

b
(3) = k'm - (8 = - ’ (68)
D, (s) s+a,

~—

S
M isdq

which attends for the stability constraints that is the constant b, in (67) and b, should have

positive sign, as mentioned before. The output error can be defined as

— Z‘S

]
sdqg L

'mdq ’

egsdq (69)
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where 77, dq ( iy, and qu ) are the outputs of the reference model. The tracking of the model

control signal (4;, = i, , or ’L =i ;) is reached if the input of the control plant is defined

as
S — * 8 * 8%k
Usdq - oldqlsdq + 62dq sdq (70)

where 6}, (6] ) and 0,,(0,,) are the ideal controller parameters, that can be only

determined if W

o q( s) is known. According to section 2, they can be determined as

o, =60 =—-"—-=%, 71
1d lq bs ( )
and
Oy, =6, = b 2
207 ¢ T (72)
S
Once W, (s) is not known, the controllers parameters 6, () and 6,,, (t) are updated by

using switching laws as
Oidq = _eidq Sgn(685dq yfsdq ) (73)

is the reference currents i’

where i = [1,2] and y° édq

-S
sdg or the output currents gy + and

‘97 dq ‘ are upper bounds which are assumed to be known, and the signal-function

sgn is defined as

( 1 if >0 -
sgn(z) = .

) =11y s<o )
Introducing nominal values of controller parameters 0, dq(nom) (ideally 0“1 g(nom) = o g )- Itis

convenient to modify the control plant input given by (70) for the following
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Uldq
,L'S Z‘s
T | “sdq T sdq
sdq =90 v + 9710771 sk |7 (75)
2dq Zqu
-5 %
7’sdq

. T T
with 07 = evldq Hsldq 61)2dq 952dq] enom = [esldq(nom) 052dq(nom) and

. _ s
Uldq - Avldq + Usdq

. . (76)
v?dq = Av?dq + stq
in which
_ _n s s
osldq - _esldqsgn(e()gdqlsdq) + esldq(nom) (77)
— _7n s ssx ’
952(1(1 - _(952dqsgn<603dqlsdq) + 952dq(nom)
and
avldq = 0171dqsgn(605dqvldq) (78)
01/2(1(1 = ev2¢1qsgn(605dqv2dq)
where Qsldq 932dq , Hﬂldq and 91)2dq are the controller parameters, Qsldq (nom) @nd 992d(1 (nom)

are the nominal parameters of the controller, and v, . and v,, , are the system plant input

and output filtered signals, respectively. The constants Ggldq or 0G2 4y 18 chosen by

considering that

esldq > ajldq - osldq(nmn) 79)
952dq > ‘Q:qu - 052dq(n0m)

The input and output filters given by equation (76) are designed as proposed in (Narendra
& Annaswamy, 1989). The filter parameter A is chosen such that N, (s) is a factor of

det(sI — A). Conventionally, these filters are used when the system plant is the second

order or higher. However, it is used in the proposed controller to get two more parameters

for minimizing the tracking error €0sdg -
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Fig. 3. Block diagram of proposed VS-MRAC current controller.

The block diagram of the VS-MRAC control algorithm is presented in Fig. 3. The proposed
control scheme is composed by VS for calculating the controller parameters and a MRAC for
determining the system desired performance. The VS is implemented by the block Controller

Calculation, in which Equations (77) and (78) together are employed for determining 6§, g
0, g’ 0, 4y and 0 54 ;- These parameters are used by Controller blocks for generating the
control signals v::dq. To reduce the chattering at the output of controllers, input filters,
represented by blocks V;,(s) and V; (s) are employed. They use filter model represented
by Egs. (76). These filtered voltages feed the IM which generates phase currents i, , which
are also filtered by filter blocks V, ,(s) and V, (s) and then, compared with the reference

model output @’

s S
mdg for generating the output error €0sdg - 1he reference models are

implemented by two blocks which implements transfer functions (68). The output of these

blocks is interconnected by coupling terms —woffnq and w,I® ., respectively. This
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) and output (I%*

approach used to avoid the phase delay between the input (°} mdg

sdg ) of the

reference model.

5.1.1 Design of the Controller
To design the proposed VS-MRAC controller, initially is necessary to choose a suitable

reference model M?

isdg (s). Based on the parameters of the induction machine used in

present study, given in Table 1, the reference model employed is

550

—_—, 80
s + 550 ¢0)

Miidq (S) =

From this reference model, the nominal values can be determined by using equations (71)

and (72) which results in 6, =0 = 3.7 and 0, =0, =55.

nom) 1sg(nom) nom) 2sq(nom)

Considering the restrictions given by (79), the parameters gsldq and 552 d4q» Chosen for

achieving a control signal with minimum amplitude are 551 4 = 0.37 and 552 g = 001t

is important to highlight that choice criteria determines how fast the system converges to
their references. Moreover, it also determines the level of the chattering verified at the
control system after its convergence. As mentioned before the use of input and output filters
are not required for control plant of fist order. They are used here for smoothing the control
signal. Their parameters was determined experimentally, which results in

A=1,0,,=0,, =20 and 0,, = 97,2(1

different adjust can be employed on these filters setup which addresses to different overall
system performance.

= (0.1. This solution is not unique and

5.2 VS-APPC Scheme

The first approach of VS-APPC in (Silva et al., 2004) does not deal with unmodeled
disturbances occurred at the system control loop like machine fems. To overcome this, a
modified VS-APPC is proposed here.

Let us consider the first order IM current-voltage transfer function given by equation (67).

The main objective is to estimate parameters a, and b, to generate the inputs v, and v, g

so that the machine phase currents i}, and qu following their respective reference currents
.Sk

icy and 4, and, the closed loop poles are assigned to those of a Hurwitz polynomials

AX(s) given by

A(s) = + 38 + ofs + af , (81)
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where coefficients a;, o) and a, determine the closed-loop performance requirements.

To estimate the parameters a, and b, , the respective switching laws are used

ds = 7a_(ssgn(685dqi(:dq) ’ (82)

bs = Essgn(egsdqvf’dq) 4 (83)

with the restrictions a_s > |a, and b: > |bg| satisfied, as mentioned before. The pole

placements and the tracking objectives of proposed VS-APPC are achieved, if the following
control law is employed

Q,, (8) L)V (s) = —P(s) (L3, — Lg,) (84)

which addresses to the implementation of the controller transfer function

C.(s) = C’sq(s) =—7 (85)

The polynomial @, (s) is choose to satisfy @, (s)I3;(s) = @, (s)I;;(s) = 0. For the IM

current-voltage control plant (see equation (67)) and considering that the VS-APPC control
algorithms are implemented on the stator reference frame, which results in sinusoidal

reference currents, a suitable choice for the controller polynomials are @, (s) = s + w:Q

(internal model of sinusoidal reference signals i), and i:q ), L(s)=1 and

P(s) = ;5282 + pys + P, where W’ is the angular frequency of reference currents. This

choice results in a current controller with the following transfer functions

_ Bys” + By + By

(86)
52 4 (4}:2

Cyls) = C(s)

where angular frequency w: is generated by vector RFO control scheme and coefficients ﬁQ ,
p, and p, are determined by solving the Diophantine equation for desired Hurwitz

polynomial A’ (see equation (81)) as follows

2% 87)
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. a*—w*2
b = 1o (88)
bs
* *2 A
a, — W “a
by = (59)

To avoid zero division on the equation (87)-(89), the switching law (83) is modified by

I;s = gssgn(egsdqvgdq) + bs( (90)

nom)

in which b is the nominal values of b, and the stability restriction

s(nom)

becomeslz, >1b —b

s s(nom) | *
The control signals v, and v; , generated at the output of the proposed controller VS-APPC

can be derived from equation (86) which results in the following state-space model

‘,tfsdq = xgsdq + ﬁlgqu (91)
. 2 g ~ 9 A .
‘ngdq = _wo‘rissdq + (pO — WDy )6;1(1 (92)
Uf'dq = Ifsdq + ]A)Q(gjdq (93)

S
where ¢ g

quantities issued by data acquisition plug-in board as described next. Therefore, to generate
the output signal of the controllers it is necessary to solve the equations (91)-(93).

t) = z'j;q - 4, is the current error that is calculated from the measured
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Fig. 4. Block diagram of proposed VS-APPC current controller.

The block diagram of the VS-APPC control algorithm for the machine current control loop is
presented in Fig. 4. The proposed adaptive control scheme is composed a SMC parameter
estimator and a machine current control loop subsystems. The SMC composed by blocks
system controller and plant model identifies the dynamic of the IM current-voltage model.

The output of this system generates the estimative of machine phase currents ZA:d and Zi:q .
The control loop subsystem composed by system controller and IM regulates the machine
phase currents i;; and 4;, and compensate the disturbances ¢;; and ¢ . The comparison

between the estimative currents (7 and g, ) and the machine phase currents (i;; andq, )

determines the estimation errors ¢ , and egsq . These errors together with machine voltages

v3, and v;q, and VS-APPC algorithm set pointsa, , IZ and b:(

s(nom) are used for calculating
parameter estimative @, and I;S, from the use of equations (82) and (90). These estimates
update the plant model of the IM and are used by the controller calculation for together

with, the coefficients of the desired polynomial A’ and angular frequency w’, determine

the parameters of the system controller p,, p, and ﬁo . The introduction of the IMP into

the controller modeling avoids the use of stator to synchronous reference frame
transformations. With this approach, the robustness for unmodeled disturbances is
achieved.

5.2.1 Design of the Controller
To design the proposed VS-APPC controller is necessary to choose a suitable polynomial

and to determine the controllers coefficients p,, p,, and p,. A good choice criteria for
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accomplishing the bound system conditions, is to define a polynomial which roots are
closed to the control plant time constants. The characteristics of IM used in this work are
listed in the Table 1. The current-voltage transfer functions for dq phases are given by

I¥ (s
5dq< ) _ 10 (94)
Vg (s) s+0987
A possible choice for suitable polynomial A’ (s) can be
A (s) = (s + 587)° (95)

According to Equations (82), (90) and (87)-(89), and based on the desired polynomial (95),
the estimative of the parameters of VS-APPC current controllers can be obtained as

1761 -4,
Dy = ——=—— (96)
bb’
1033707 — w?
p=—"F "% 97)
bs
202262003 — w?d,
Py = 5 (98)

s

To define the coefficients of the switching laws it is necessary to take into account together

the stability restrictions a, > |as| andb_s > b, — b

S (nom) | Based on the simulation and the

theoretical studies, it can be observed that the magnitude of the respective switching laws

(a, and 175) determine how fast the VS-APPC controllers converge to their respective

references. However, the choice of greater values, results in controllers outputs (v, and v, q)

with high amplitudes, which can address to the operation of system with nonlinear
behavior. Thus, a good design criteria is to choose the parameters closed to average values

of control plant coefficients a, and b, . Using this design criteria for the IM employed in this

work, the following values are obtained b =9, IZ = 2 anda, = 600. This solution is

s(nom)
not unique and different design adjusts can be tested for different induction machines. The
performance of these controllers is evaluated by simulation and experimental results as
presented next.

r = 3100 r = 27.20 I = 0.8042H | I = 0.7992H

lm
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Table 1. IM nominal parameters

6. Experimental Results

The performance of the proposed VS-MRAC and VS-APPC adaptive controllers was
evaluated by experimental results. To realize these tests, an experimental platform
composed by a microcomputer equipped with a specific data acquisition card, a control
board, IM and a three-phase power converter was used. The data of the IM used in this
platform, are listed in Table 1. The command signals of three-phase power converter are
generated by a microcomputer with a sampling time of 100 us . The data acquisition card

employs Hall effect sensors and A/D converters, connected to low-pass filters with cutoff
frequency of f = 2.5kHz . Figures 5(a) and 5(b) show the experimental results of VS-
MRAC control scheme. In these figures are present the graphs of the reference model phase

s s . . 5 5 .
currents %,,, and 4, superimposed to the machine phase currents i, and i . In this

q

experiment, the reference model currents are settled initially in I i = 0.84 and

f, = 30Hz . At the instant ¢ = 0.15s, each reference model phase currents is changed by
IS

mdq
model reference currents with a good transient response and a current ripple

= 0.2A . In these results it can be observed that the machine phase currents follow the

of Aiz;, =~ 0.05A. Figures 6-7 present the experimental results of VS-APPC control
scheme. In the Fig. 6(a) are shown the graph of reference phase current 4}; superimposed
by its estimation phase current Z; >, - In this test, similar to the experiment realized to the VS-

MRAC, the magnitude of the reference current is settled in I°7 = 0.84 and at instant

sdq
t = 0.15s, it is changed by I;jq = 0.24. These results show that the estimation scheme
employed in the VS-APPC estimates the machine phase current with small current ripple.

Figure 6(b) shows the graphs of the reference phase current i, superimposed by its

corresponded machine phase current i}, . In this result, it can be verified that the machine

phase current converges to its reference current imposed by RFO vector control strategy.
Similar to the results presented before, Fig. 7(a) presents the experimental results of

-5k . . . . o .
reference phase current 4.~ superimposed by its estimation phase current i, and Fig. 7(b)
shows the reference phase current Zj; superimposed by its corresponded machine phase

current qu . These results show that the VS-APPC also demonstrates a good performance. In

comparison to the VS-MRAC, the machine phase currents of the VS-APPC present small
current ripple.
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Fig. 5. Experimental results of VS-MRAC phase currents i, , (a) and i, , (b) superimposed

to IM phase currents i, (a) and i, (b), respectively.
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Fig. 6. Experimental results of VS-APPC reference phase current 4., superimposed to

estimation IM phase current z;’d (a) and IM phase current i, (b).
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Fig. 7. Experimental results of VS-APPC reference phase current z;q* superimposed to
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estimation IM phase current 21) il (a) and IM phase current i; , (b).
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Adaptive Control for Systems with Randomly
Missing Measurements in a Network
Environment

Yang Shi' and Huazhen Fang!
Department of Mechanical Engineering, University of Saskatchewan
Canada

1. Introduction

Networked control systems (NCSs) are a type of distributed control systems, where the
information of control system components (reference input, plant output, control input, etc.)
is exchanged via communication networks. Due to the introduction of networks, NCSs have
many attractive advantages, such as reduced system wiring, low weight and space, ease of
system diagnosis and maintenance, and increased system agility, which motivated the
research in NCSs. The study of NCSs has been an active research area in the past several
years, see some recent survey articles (Chow & Tipsuwan, 2001; Hespanha & Naghshtabrizi,
2007; Yang, 2006) and the references therein. On the other hand, the introduction of
networks also presents some challenges such as the limited feedback information caused by
packet transmission delays and packet loss; both of them are due to the sharing and
competition of the transmission medium, and bring difficulties for analysis and design for
NCSs. The information transmission delay arises from by the limited capacity of the
communication network used in a control system, whereas the packet loss is caused by the
unavoidable data losses or transmission errors. Both the information transmission delay and
packet loss may result in randomly missing output measurements at the controller node, as
shown in Fig. 1. So far different approaches have been used to characterize the limited
feedback information. For example, the information transmission delay and packet losses
have been modeled as Markov chains (Zhang et al., 2006). The binary Bernoulli distribution
is used to model the packet losses in (Sinopoli et al., 2004; Wang et al., 2005 a & 2005 b).

The main challenge of NCS design is the limited feedback information (information
transmission delays and packet losses), which can degrade the performance of systems or
even cause instability. Various methodologies have been proposed for modeling, stability
analysis, and controller design for NCSs in the presence of limited feedback information. A
novel feedback stabilization solution of multiple coupled control systems with limited
communication is proposed by bringing together communication and control theoretical
issues in (Hristu & Morgansen, 1999). Further the control and communication codesign
methodology is applied in (Hristu-Varsakelis, 2006; Zhang & Hristu-Varsakelis, 2006) - a
method of stabilizing linear NCSs with medium access constraints and transmission delays
by designing a delay-compensated feedback controller and an accompanying medium
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access policy is presented. In (Zhang et al., 2001), the relationship of sampling time and
maximum allowable transfer interval to keep the systems stable is analyzed by using a
stability region plot; the stability analysis of NCSs is addressed by using a hybrid system
stability analysis technique. In (Walsh et al., 2002), a new NCS protocol, try-once-discard
(TOD), which employs dynamic scheduling method, is proposed and the analytic proof of
global exponential stability is provided based on Lyapunov’s second method. In (Azimi-
Sadjadi, 2003), the conditions under which NCSs subject to dropped packets are mean
square stable are provided. Output feedback controller that can stabilize the plant in the
presence of delay, sampling, and dropout effects in the measurement and actuation
channels is developed in (Naghshtabrizi & Hespanha, 2005). In (Yu et al., 2004), the authors
model the NCSs with packet dropout and delays as ordinary linear systems with input
delays and further design state feedback controllers using Lyapunov-Razumikhin function
method for the continuous-time case, and Lyapunov-Krasovskii based method for the
discrete-time case, respectively. In (Yue et al., 2004), the time delays and packet dropout are
simultaneously considered for state feedback controller design based on a delay-dependent
approach; the maximum allowable value of the network-induced delays can be determined
by solving a set of linear matrix inequalities (LMIs). Most recently, Gao, et al., for the first
time, incorporate simultaneously three types of communication limitation, e.g,
measurement quantization, signal transmission delay, and data packet dropout into the
NCS design for robust H, state estimation (Gao & Chen, 2007), and passivity based

controller design (Gao et al., 2007), respectively. Further, a new delay system approach that
consists of multiple successive delay components in the state, is proposed and applied to
network-based control in (Gao et al., 2008).

However, the results obtained for NCSs are still limited: Most of the aforementioned results
assume that the plant is given and model parameters are available, while few papers
address the analysis and synthesis problems for NCSs whose plant parameters are
unknown. In fact, while controlling a real plant, the designer rarely knows its parameters
accurately (Narendra & Annaswamy, 1989). To the best of our knowledge, adaptive control
for systems with unknown parameters and randomly missing outputs in a network
environment has not been fully investigated, which is the focus of this paper.

1
Designed input signa'] ! Plant output signal
> Actuator — Plant || Sensor P
1
1

Delay or
Packet Ldss

Parameter , .
.. . Output measurements with
=1 LEstimation Py —————
randomly missing data
Module ¥ £

Fig. 1. An NCS with randomly missing outputs.

It is worth noting that systems with regular missing outputs - a special case of those with
randomly missing outputs - can also be viewed as multirate systems which have uniform
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but various input/output sampling rates (Chen & Francis, 1995). Such systems may have
regular-output-missing feature. In (Ding & Chen, 2004a), Ding, et al. use an auxiliary model
and a modified recursive least squares (RLS) algorithm to realize simultaneous parameter
and output estimation of dual-rate systems. Further, a least squares based self-tuning
control scheme is studied for dual-rate linear systems (Ding & Chen, 2004b) and nonlinear
systems (Ding et al, 2006), respectively. However, network-induced limited feedback
information unavoidably results in randomly missing output measurements. To generalize
and extend the adaptive control approach for multirate systems (Ding & Chen, 2004b; Ding
et al., 2006) to NCSs with randomly missing output measurements and unknown model
parameters is another motivation of this work.

In this paper, we first model the availability of output as a Bernoulli process. Then we
design an output estimator to online estimate the missing output measurements, and further
propose a novel Kalman filter based method for parameter estimation with randomly
output missing. Based on the estimated output or the available output, and the estimated
model parameters, an adaptive control is proposed to make the output track the desired
signal. Convergence of the proposed output estimation and adaptive control algorithms is
analyzed.

The rest of this paper is organized as follows. The problem of adaptive control for NCSs
with unknown model parameters and randomly missing outputs is formulated in Section 2.
In Section 3, the proposed algorithms for output estimation, model parameter estimation,
and adaptive control are presented. In Section 4, the convergence properties of the proposed
algorithms are analyzed. Section 5 gives several illustrative examples to demonstrate the
effectiveness of the proposed algorithms. Finally, concluding remarks are given in Section 6.
Notations: The notations used throughout the paper are fairly standard.”E’ denotes the
expectation. The superscript * T ” stands for matrix transposition; 4, (X) represents the

‘max/ min
Maximum/minimum eigenvalue of X ; | X |=det(X) is the determinant of a square matrix
X;||lx Hz = tr (XX 7) stands forthe trace of XX". If 35, eR" and k, e Z", | f(k)|< 5,8(k)

for k>k,, then f(k)=0(g(k));if f(k)/g(k)—0 for k—> oo, then f(k)=o0(g(k)).

2. Problem Formulation

The problem of interest in this work is to design an adaptive control scheme for networked
systems with unknown model parameters and randomly missing outputs. In Fig. 2, the
output measurements y, could be unavailable at the controller node at some time instants

because of the network-induced limited feedback information, e.g., transmission delay
and/or packet loss. The data transmission protocols like TCP guarantee the delivery of data
packets in this way: When one or more packets are lost the transmitter retransmits the lost
packets. However, since a retransmitted packet usually has a long delay that is not desirable
for control systems, the retransmitted packets are outdated by the time they arrive at the
controller (Azimi-Sadjadi, 2003; Hristu-Varsakelis & Levine, 2005). Therefore, in this paper,
it is assumed that the output measurements that are delayed in transmission are regarded as
missed ones.

The availability of y, can be viewed as a random variable y, . y, is assumed to have Bernoulli

distribution:
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E(77.)=E»Ey, fork+s, (1)
e ity =1,
Prob(y,) =
rob(y,) {1_ﬂk1 elseif 7, =0,

where 0< g, <1.
Consider a single-input-single-output (SISO) process (Fig. 2):

Ax, =Bu, Yy, =x+0, )

where u, is the system input, y, the output and v, the disturbing white noise with variance

r,. A, and B, are two backshift polynomials defined as

A =l+az ' +a) ++a,z"™,

_ -1 -2 —ny,
B, =b,+bz" +b,z" +---+b, 27",

The polynomial orders n, and n, are assumed to be given. Eqn. (2) can be written

equivalently as the following linear regression model:

T
Y =00+ 0y, 3)
where
T
Dok = [_xk—l T Xy T Xy Wil g uk—n,,:| ’
T
9:[111 ay-a, byb - bnh] .

Vector ¢,, represents system’s excitation and response information necessary for parameter

estimation, while vector @ contains model parameters to be estimated.

4‘4 =

Fig. 2. Output-error (OE) model structure.

For a system with the output-error (OE) model placed in a networked environment subject
to randomly missing outputs, the objectives of this paper are:
1. Design an output estimator to online estimate the missing output measurements.
2. Develop a recursive Kalman filter based identification algorithm to estimate unknown
model parameters.
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3. Propose an adaptive tracking controller to make the system output track a given
desired signal.
4. Analyze the convergence properties of the proposed algorithms.

3. Parameter Estimation, Output Estimation, and Adaptive Control Design

There are two main challenges of the adaptive control design for a networked system as
depicted in Fig. 1: (1) randomly missing output measurements; (2) unknown system model
parameters. Therefore, in this section, we first propose algorithms for missing output
estimation and unknown model parameter estimation, and then design the adaptive control
scheme.

3.1 Parameter estimation and missing output estimation

Consider the model in (3). It is shown by (Cao & Schwartz, 2003) and (Guo, 1990) that the
corresponding Kalman filter can be conveniently used for parameter estimation. In
combination with an auxiliary model, the Kalman filter based parameter estimation
algorithm for an OE model is given by

ék = ékfl +K, (v, - ‘PnT,kék—l ), ()

I /Y S ©)
0P
_ Pa,kflwn,kw;[:kpn,k—l ©)

T 7
T+ @il 1 Por

- _ e T ®)
P =| Xa k-1 = Xak-2 Xogon, W Upq =" Upey, | o

where ék represents the estimated parameter vector at time instant k.

It is worth to note that the above algorithm as shown in (4)-(8) cannot be directly applied to
the parameter estimation of systems with randomly missing outputs in a network
environment, as y, in (4) may not be available. This motivates us to develop a new

algorithm that can simultaneously online estimate the unavailable missing output and
estimate system parameters under the network environment. The proposed algorithm
consists of two steps.

Step 1: Output estimation

Albertos, et al. propose a simple algorithm that uses the input-output model, replacing the
unknown past values by estimates when necessary (Albertos et al., 2006). Inspired by this
work, we design the following output estimator:
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z, =1+ =), )

with
Y= %T s

In (9), y, is a Bernoulli random variable used to characterize the availability of y, at time

instant k at the controller node, as defined in (1). With the time-stamp technique, the
controller node can detect the availability of the output measurements, and thus, the values
of y, (either 1 or 0) are known. The knowledge of their corresponding probability s, is not

used in the designed estimator. The structure of the designed output estimator is intuitive
and simple yet very effective, which will be seen soon from the simulation examples.

Step 2: Model parameter estimation

Replacing vy, in the algorithm (4)-(8) by z, , defining a new ¢, , and considering the random

variable y, , we readily obtain the following algorithm:
ék = ék—l +Ki(z, - (okTékq ) (10)

_ Bao (11)
k= ’
r,+ (kaPkfl(pk

P=P_ -y P ppi Py (12)
k= b ,
1, +0 B,
Xpx = %Tékr (13)
T 14
b = [_xwﬂ T X2 T Xy ke, Upe Upq ot uk—n,,:| . (14)

Remark 3.1. Consider two extreme cases. If the availability sequence {y,, -, .} constantly assumes

1, then no output measurement is lost, and the algorithm above will reduce to the algorithm (4)-(6).
On the other hand, if the availability sequence y, constantly takes 0, then all output measurements

are lost, and the parameter estimates just keep the initial values.

3.2 Adaptive control design
Consider the tracking problem. Let y, , be a desired output signal, and define the output

tracking error

=Y Yo
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If the control law u, is appropriately designed such that y,, =¢;0 , then the average

tracking error z, approaches zero finally. Replacing @ by 6, , and ¢, by ¢, yields

1,

1y
e R R
? O, = _z 0, 1%+ Zgn(,ﬂﬂ,kflukfi
i1 =0

= O X T T Ay kX ke, T by athy oo+ bnh,k—lukfnh .

yr,k

Therefore, the control law can be designed as

1

bU,k*l

u, =

n, mo
Yer t zai,k—lxk—i - zbi,kluk[j|'
i1 i1

(15)

The proposed adaptive control scheme consists of the missing output estimator [Equation
(9)], model parameter estimator [Equations (10-14)], and the adaptive control law [Equation

(15)]. The overall control diagram is shown in Fig. 3.

4. Convergence Analysis

This section focuses on the analysis of some convergence properties. Some preliminaries are
first summarized to facilitate the following convergence analysis of parameter estimation in
(10)-(12) and of output estimation in (9). Inspired by the work in (Chen & Guo, 1991; Ding &
Chen, 2004a; Ding et al., 2006), the convergence analysis is carried out under the stochastic

framework.
Dbttt bt 5
! |
1 s ]
Desirable output Adaptive U Plant Model with . | Plant output signal
—_— > Actuator —| Unknown == Sensor
v Controller | }
vk R Parameters 1 Ve
A A H !
\_‘ 7

Delay or

Model Parameter
Estimator

a}: -1

Y

Zr

Output Estimator ~ [«—¢€

Fig. 3. Adaptive control diagram.

4.1 Preliminaries

Packet Ldss

To facilitate the convergence analysis, directly applying the matrix inversion formula (Horn
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& Johnson, 1991)
(A+BCD)' =A™ - A'B(C" +DA'B)' DA™,

the proposed parameter estimation algorithm in Section 3.1 [(10)-(12] can be equivalently
rewritten as:

ék = ék—l + n?lljlcwk(zk - (okTék-l)r (16)
Pkil = Pkill + Vvilﬂ’k(ok@g' (17)

Suppose that P, is initialized by p,I , where p, is a positive real value large enough, and

define r, =tr(P;') . The relation between r,and | P |can be established in the following

lemma.
Lemma 4.1. The following relation holds:

InE| P |=O(InEr,). (18)

Proof: Using the formulae

n

tr(X)=> A(X) and | X |= 11[/1,.()(),

i=1
where 7 is the dimension of X , we have
E|P "< (Er)".

This completes the proof.
The next lemma shows the convergence of two infinite series that will be useful later.
Lemma 4.2. The following inequalities hold:

(19)

i

t
Z,uirv’lE(@TPigo) <InE| B |+n,Inp, as.,
i=1

=, E(¢'Py) (20)

i

where ¢>1.

Proof: The proof can be done along the similar way as Lemma 2 in (Ding & Chen, 2004b)
and is omitted here. m
The following is the well-known martingale convergence theorem that lays the foundation
for the convergence analysis of the proposed algorithms.
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Theorem 4.1. (Goodwin & Sin, 1984) Let {X,} be a sequence of nonnegative random variables

adapted to an increasing o -algebras {F }. If

E(X,,, |F)<@+8)X, - + B, as.,

where a, 20, ﬁkZO,EXO<oo,Z;°:0|Ei|<OO and z ioﬁ

converges a.s. to a finite random variable and

< o almost surely (a.s.), then X,

i

N
lim Zai <o, as.
i=0

N—owx4

4.2 Convergence analysis
To carry out the convergence analysis of the proposed algorithms, it is essential to
appropriately construct a martingale process satisfying the conditions of Theorem 4.1. Main
results on the convergence properties of the proposed algorithm are summarized in the
following Theorem.
Theorem 4.2. For the system considered in (3), assume that

(A1) {v,,F,} is a martingale difference sequence satisfying

E(v,|F,,)=0,as, (21)

E(U,f|FH):rv <o, as.; (22)

1 1
‘A2) — — = is strictly positive real;
(A2) A2 yp
(A3) B, is stable; i.e., zeros o f B, are inside the closed unit disk.
Suppose the desired output signal is bounded:|y, , |< o . Applying the missing output estimator

[Equation (9)], model parameter estimator [Equations (10-14)], and the adaptive control law
[Equation (15)], then the output tracking error has the property of minimum variance, i.e.,

k

) {lmiz (v, ~y;+v) =0, as;
o k=

@) limlzk:ﬂiE{(Zi ~.:) | Fi—l} =1, <%, as.
i=1

ko | 4

Proof: As pointed out in (Goodwin & Sin, 1984; Chen & Guo, 1991), from (A2) it follows that

K K 23
iZu?SO(1)+O(Ck12yfj, as. @)
i=1

i=1
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Here, c, is a positive constant. Define the following vectors:

A~

€ =2 _¢T9k—l’
T =Y~ X0
e = Vil

=Yk~ Y T 0

T = VT
From (2), (3), (16) and (16), it follows that
N =1 (X =%, +7,), (24)
=141 0 Pap) e (25)
€= =T, + ¥, Uy. (26)

Also define the parameter estimation error vector and a Lyapunov-like function as

6,=6,-6,
V= ~kT b kil ~k
From (9), (16) and (25), we obtain
HNk =ék71 + rz:lpk¢kek = ék—l + rz:lpkflgokﬂw (27)

With (17) and (27), V, can be further evaluated as

Vi=Vi i+ rz:lyk ((kaék )2 + 27‘1:1@? ~k77k - njz(ﬁkTPk(Dk (1- rz:l@kTPkwk)e}%'
Let us define

~ TA
i, =-¢.0,,

Y = *(/7;9; + (1, —vy).
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Then we have
-1, ~ ~ -1 TA -2 T -1 T 2
Vi = Vi, =2 pd 0, + 21 79,00, — 1. 0, Bo (-1, 0 Bp, ey
= Vi =20, + 21,190 610, + 2179 P, |:(€k = 70) v+ 7/1(01%}
_rviz(/’kTPk(/’k (1- "vil(ﬂkTPk(ﬂk)Tf + zrngﬂgpk(”k(l - V;](”kTPk(”k)Tkvk
*7'{240;131(%(1 - rzTI(”kTPk(”k)vl% (28)
Vi =21y, + 21,00 0,0 + 2170 Py |:(ek ~70) v+ 71(7]13:|
_rzjzf/’;(TPk(/’k(l -1, 9, Pp )7} + 21,29, Pop, (1= 17" 0 B, )7, 0.

IA

Note that @6, ,, e, - 7,0, , 9. P,p, and 7, are uncorrelated with v, and F,_, -measurable. Thus

taking the conditional expectation of both sides of (28) with respect to F,_, gives
E(Vk | qu) < V- 2rvilﬂkE(ﬁkyk ) + zrvillukE((o}?Pk(ok)
-’ B[ 0/ P (1-7,'0/Pg,) |7. (29)
Consider that
A —v) = ALY~ X))

B, —Ax,
Té _ o~
P Oy = Uy

Therefore, we have

In (A2), it is assumed that (2 - ;] is positive real, which indicates

z

k
Sk = 2rglzykﬁk]]k > 0, a.s. (30)
i=1
Adding S, to both sides of (29) yields

E(Vk +5;] qu) < Vi +5.+ 2rzjlﬂkE(¢l;rPk¢k) (31)

-1, i E |:¢1<Tpk¢k (=79, P, )] 7.

Define a new sequence:
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32
Wk:LSk‘,C>1. ( )

(nE|B )

Since InE| B | is nondecreasing and ¢, P, = o(1), there exists a k, such that if k >k, we

have

V., +5. + zrzjlﬂkE(¢l;rPk¢k)

E(W,|F -
(Wil (mEIR')  (nE|R*|)

nuE[elPe(l-19/Pe) |7
(InE| P |)
2r," E (0! B, ) 33)
2 wE(1-1"0/ o )T}
(InE| B )

From (12) we have
E(1-1,"¢/ D, )>0.

Also note that by Lemma 4.2 the summation of the third term in (33) from 0 to « is finite.
Therefore, Theorem 4.1 is applicable, and it gives

iln *uE(1-1,"p! Pp, )7

<o a.s. (34)
(InE| P |)
Further, Lemma 4.1 indicates
irv ﬂkE(l o, Pk(Pk) <® as (35)
= (InEr ) -

As [1 - rv’lE( o Py, )J is positive and nondecreasing, it holds that 1=0 [l - rv’lE(go,;r P.o, )J .
Hence,
@ fZ

——<w as.
i1 (lnErI. )C (36)

Since lim, , InEr, =, then from the Kronecker lemma [15] it follows that
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limA, =0, as.,

k—o

where

With

1

noS g
h=—+21 700

0 i=1 o
and (23), we obtain
1$ =2 Ak c
%;ri = 70[(lnErk) ]
A
= ?kO[E(rk)]
k k
- A};O[”+na2yiE2(zi)+anufJ (37)
0 i=1 i=1

1,
= A0 Ezyi
i1

By (22) we have

i=1

13 13
Substituting (37) into (38) gives
k
lz%z =0(1), as.,
k i=1
which implies together with (37) that
1 k
}(13;%; 72 =0, as.,

or equivalently
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k

limlz (v, -y, +v,)" =0, as. (39)

k—o =

Since

E{(yy,k ~Y ) |Fk—1} = El(y,, -y +2y,,0, —2y,0, + v |Fy 4]
E[(yr,k _yk)z | Fk*l]+0_2rw +rv
E[(yr,k _yk)z |Fk71]_ rv’ as.,

and y,z, = 7Y, , we have

k

L1 .1
hm*ZﬂiE{(zi _yr,i)z | Fi—1} = %@EZME{(% _yr,i)z |Fi71} =7, as.
i=1 i=1

k—o k ©

This completes the proof. o

5. lllustrative Examples

In this section, we give three examples to illustrate the adaptive control design scheme
proposed in the previous sections.
The OE model shown in Fig. 2 in the simulation is chosen as

-1 -2
_by+bz +byz

k o U Ty

- -1
1+a,z +a,z

which is assumed to be placed in a network environment (Fig. 1) with randomly missing
output measurements and unknown model parameters. {v,} is a Gaussian white noise

sequence with zero mean and variance r, = 0.05”. The parameter vector 6 =[a, a, b, b, b,]" is

to be estimated. Here, true values of 8 are
6#=[-030.60.50.20.34]".

For simulation purposes, we assume that: (1) € is unknown and initialized by ones; (2) the
output measurement {y,} is subject to randomly missing when transmitted to the controller

node; (3) the availability of the output measurements (y, ) at the controller node is
characterized by the probability , ; (4) The desired output signal to be tracked is a square

wave alternating between -1 and 1 with a period of 1000. Mathematically, it is given by
Y, sy = (D™, i=0,1,2,-, j=1,2,..500.

In the following simulation studies, we carry out experiments for three different scenarios
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regarding the availability of the output measurements at the controller node and the
parameter variation, and examine the control performance, respectively. According to the
proposed adaptive control scheme shown in Fig. 3, we apply the algorithms of the missing
output estimator, model parameter estimator, and the adaptive control law to the
networked control system.

Example 1: p, =0.85 . In the first example, 85% of all the measurements are available at the

controller node after network transmission from the sensor to the controller. The output
response is shown in Fig. 4, from which it is observed that the output tracking performance
is satisfactory. In order to take a closer observation on the model parameter estimation and
output estimation, we define the relative parameter estimation error as

e —ell .
S %=—% " 100%.
S ANTIPT ’

It is shown in Fig. 5 (solid blue curve) that J,,% is becoming smaller with k increasing.

Comparison between the estimated outputs and true outputs during the time range
501 <t <550 is illustrated in Fig. 6: The dashed lines are corresponding to the time instants
when data missing occurs, and the small circles on the top of the dashed lines represent the
estimated outputs at these time instants. From Fig. 6 it can be found that the missing output
estimation also exhibits good performance.

Wi VS Yrk

I 1 I 1 I 1 I
o 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

px
Fig. 4. Example 1: Output response when z, =0.85 .

k= 0.65

L L L L L L L L L
[¢] 500 1000 1500 2000 2500 3000 3500 4000 4500 5000

Fig. 5. Comparison of relative Parameter estimation errors for Example 1 and Example 2:
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Blue solid line for Example 1; red dotted line for Example 2.
Example 2: y, =0.65 . In the second example, a worse case subject to more severe randomly

missing outputs is examined: Only 65% of all the measurements are available at the
controller node. The output response is shown in Fig. 7. Even though the available output
measurements are more scarce than those in Example 1, it is still observed that the output is
tracking the desired signal with satisfactory performance. The relative parameter estimation

error, 6,,% , is shown in Fig. 5 (dashed red curve). Clearly, it is decreasing when k is

increasing. The estimated outputs and the true outputs are illustrated in Fig. 8, from which
we can see good output estimation performance.

For the comparison purpose, the relative parameter estimation errors of these two examples
are shown in Figure 5. We can see that the parameter estimation performance when
1, =0.85 is better than that when g, =0.65 .It is no doubt that the estimation performance

largely depends on data completeness that is characterized by g, .

Ik VE. Uk

Fig. 6. Example 1: Comparison between estimated and true outputs when g, =0.85 (The

dashed line represents output missing).

Yo VS Urk

1 1 1 1 1 1 1 1 1
0 500 1000 1500 2000 2500 3000 3500 4000 4500 000

k
Fig. 7. Example 2: Output response when z, =0.65 .
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Example 3: Output tracking performance subject to parameter variation. In practice, the model
parameters may vary during the course of operation due to the change of load, external
disturbance, noise, and so on. Hence, it is also paramount to explore the robustness of the
designed controller against he influence of parameter variation. In this example, we assume
that at k =2500, model parameters are all increased by 50%. The output response is shown
in Fig. 9. It can be seen that: Atk =2500, the output response has a big overshoot because of
the parameter variation; however, the adaptive control scheme quickly forces the system
output to track the desired signal again.

Observing Figs. 4, 7, and 9 in three examples, we notice that the tracking error and
oscillation still exist. This is mainly due to (1) the missing output measurements, and, (2) the
relatively high noise-signal ratio (around 25%). On the other hand, it is desirable to develop
new control schemes to further improve the control performance for networked systems
subject to limited feedback information, which is worth to do extensive research.

L VS Uk
ey

|
5 G40

Fig. 8. Example 2: Comparison between estimated and true outputs when g, =0.65 (The

dashed line represents output missing).

2 T T T T T T
Parameter variation

accurs here

) 1 1 1 1 1 1 1 | |
o 500 1000 1600 2000 2500 3000 3500 4000 4500 5000

k
Fig. 9. Example 3: Output response subject to parameter variation: At time instant k = 2500,

all parameters are increased by 50%.
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6. Conclusion

This paper has investigated the problem of adaptive control for systems with SISO OE
models placed in a network environment subject to unknown model parameters and
randomly missing output measurements. The missing output estimator, Kalman filter based
model parameter estimator, and adaptive controller have been designed to achieve output
tracking. Convergence performance of the proposed algorithms is analyzed under the
stochastic framework. Simulation examples verify the proposed methods. It is worth
mentioning that the proposed scheme is developed for SISO systems in this work, and the
extension to multi-input-multi-output (MIMO) systems is a subject worth further
researching
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1. Introduction

Neural network has good nonlinear function approximation ability. It can be widely used to
identify the model of controlled plant. In this chapter, the theories of modeling uncertain
plant by using two kinds of neural networks: feed-forward neural network and recurrent
neural network are introduced. And two adaptive control strategies for robotic tracking
control are developed. One is recurrent fuzzy neural network based adaptive control
(RFNNBAC), and another is neural network based adaptive robust control (NNBARC). In
RENNBAC, a kind of recurrent fuzzy neural network (RFNN) is constructed by using
recurrent neural network to realize fuzzy inference, In which, temporal relations are
embedded in the network by adding feedback connections on the first layer of the network.
Two RFNNs are used to identify and control plant respectively. Base on the Lyapunov
stability approach, the convergence of the proposed RFNN is analyzed. In NNBARC, A
robust controller and a neural network are combined into an adaptive robust robotic
tracking control scheme. Neural network is used to approximate the modeling uncertainties
in robotic system. Then the disadvantageous effects on tracking performance, due to the
approximating error of the neural network and non-measurable external disturbances in
robotic system, are attenuated to a prescribed level by robust controller. The robust
controller and the adaptation law of neural network are designed based on Hamilton-Jacobi-
Issacs (HJI) inequality theorem. The weights of NN are easily tuned on-line by a simple
adaptation law, with no need of a tedious and lengthy off-line training phase.

This chapter is organized in the following manner. In the first section a robust robotic
tracking controller based on neural network is designed and its effectiveness is proved by
applying it to control the trajectories of a two-link robot. Secondly, a recurrent fuzzy neural
network based adaptive control is proposed and simulation experiments are made by
applying it on robotic tracing control problem to confirm its effectiveness. Finally, some
conclusions are drawn.

2. A robust robotic tracking controller based on neural network

In the past decades, there has been much research on the applications of nonlinear control
theory to control robots, and many useful properties of robot dynamics such as the skew-
symmetry property were discovered. There are basically two strategies to control such
uncertain nonlinear systems: the robust control strategy and the adaptive control strategy. A
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convenient point of robust control strategy is that it can attenuate disadvantageous effects of
various uncertainties (e.g., structured parametric uncertainties and unstructured
disturbances) to a required level, provided that the upper bound of uncertainties is well
known (Abdallah et al. 1991). However, since this strategy use max-min method to design
the controller, it can not yield good transient performance. On the other hand, regressor
matrixes are always used in the design of adaptive control systems for robot manipulators
(Ortega & Spong 1989). In this situation, the unknown nonlinear dynamics of robotic
systems are always assumed to be linearly parametrisable. However, there are some
potential difficulties associated with this classical adaptive control design. For example, the
unknown parameters may be quickly varying, the linear parametrisable property may not
hold, computation of the regressor matrix is a time-consuming task, and implementation
also requires a precise knowledge of the structure of the entire robot dynamic model (Saad
et al. 1994; Sanner & Slotine 1998; Spooner & Passino 1996).

It has been shown that multi-layer neural networks can approximate any continuous
function as accurately as possible. Based on this universal approximation property, many
important adaptive neural-network-based control schemes have been developed to solve
highly nonlinear control problem (Sanner & Slotine 1998; Spooner & Passino 1996; Narenra
& Parthasarathy 1990; Polycarpou 1996). But most of these schemes use grads-descent
method to train the weights, which can not ensure the stability of whole closed-loop system.
In the recent years, researchers began to develop the neural-network-based controller with
closed-loop stability based on the Lyapunov method. A controller based on forward
propagation network was developed in (Carelli et al. 1995), but it didn’t consider the effects
of uncertainties. An adaptive neural network control strategy with guaranteed stability was
proposed in (Behera et al. 1996) on the assumption that the approximation error of the
neural network is known and bounded.

In the first part of this chapter, we will propose a neural-network-based robust robotic
tracking controller according to HJI inequation theorem presented by Shen in (Shen 1996). A
neural network equipped with a robust learning algorithm is introduced firstly to learn the
modeling uncertainties in robotic system. Then the disadvantageous effects on tracking
performance caused by neural network approximating error and non-measurable external
disturbances in robotic system will be attenuated to a prescribed level by the designing a
robust controller.

This section is organized as follows. In subsection 2.1, HJI inequation theorem is introduced.
In subsection 2.2 the dynamics of robot system and its properties are described. The neural
network based robust control strategy is proposed in subsection 2.3, where the structure of
robust controller and the robust learning algorithm of neural network are derived.
Simulations for a two-link robot are presented in subsection 2.4.

2.1 HJl inequation theorem
A system with non-measurable disturbance d can be formulated as:

x = () +g()d M

For evaluating the disturbance restraint performance of system (1), an evaluation signal
z =h(x) is introduced to represent the signals need to be concerned, such as error. And a
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performance index signal can be defined as:

J=su %
Jalo [

®)

Obviously, smaller ] means better disturbance restraint performance. The robust design
problem of system (1) can be solved by designing a controller to make ] less than a
prescribed level.

HJI(Hamilton-Jacobi-Isaacs)InequationTheorem: Given an positive constant y >0, if there

exists an derivable function, V(x)20, which satisfies the following HJI inequation:

. oV . oV ov 1 2 2
V="Tx="" (x)+—g(x)d£—{}/2||d|| || }Vd ®3)
ox 2
then the performance index signal of system (1) is less than y , thatis tosay, J<y.

2.2 Problem statement
The kinetics equation of a robotic manipulator with uncertainties can be expressed as:

M(9)q + V(9,99 +G(q) +AT(q,q) +dr =T @

where q,q,§eR" is the joint position, velocity, and acceleration vectors; M(q) e R™"
denotes the moment of inertia; V(q,q)q are the Coriolis and centripetal forces; G(q) includes
the gravitational forces; T is the applied torque; AT(q,q) represents the modelling
uncertainties in robotic system, and dy is external non-measurable disturbance.

It is well known that the robot dynamics has the following properties.
Property 1— Boundedness of the Inertia matrix: The inertia matrix M(q) is symmetric and

positive definite, and satisfies the following inequalities:
0< A I<M(q) Ayl )

where A, and 4y, are known positive constants.

Property 2—Skew symmetry: The inertia and centripetal-Coriolis matrices have the
following property:

¢ {M(q) - 2V(q, 9} =0, v R" (6)

Property 1 is very important in generating a positive definite function to prove the stability
of the closed-loop system. Property 2 will help in simplifying the controller.

The aim of this paper is to design a neural-network-based robust controller (NNBRC) for the
robot system under uncertainties, such that closed-loop system is guaranteed to be stable
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and the joint position q(t) can track the desired trajectory qq(t) rapidly and accurately.

2.3 Design of NNBRC

A NNBRC is proposed in this section. In the proposed strategy, a neural network (NN) is
firstly used for identifing modelling uncertainties AT(q, q) , then, a robust learning algorithm
and a robust controller are designed based on HJI equation theorem to counteract the

disadvantageous effects caused by approximation error of the NN and external disturbance
dg .

2.3.1 Construction of the neural network
A three-layer NN is shown in Fig.1.Using ul®, ogl) to denote the input and output of the ith

1
node in the Ith layer separately, the signal propagation and the operation functions of the
nodes in each layer are introduced as follows.

Fig. 1. Structure of three-layer NN

Layer 1— Input Layer:
0: 7u§1):xi,i:1,2,~--,m (7)

Layer 2 — Hidden Layer:

u®= 3o, j=12,- k ®)
i=1

ogz) =0; =1/[1+exp(—u§2))],j:1,2,"~,k ©)
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Layer 3 — Output Layer:

k

yhzof)zuf)zthj~o§2),h=1,2,---,n (10)
j=1

Let
W11 W12 o Wik o1 Y1
w w W o
W= :21 :22 . .2k o= .2 Y= Y:2
Wni Wn2 - Wpk Ok Yn

then the outputs of the three-layer NN can be written as:
Y=Wo 11)

In this paper, the three-layer NN described above will be used to identify the modeling
uncertainties AT(q,q) in robotic system. Using &t to denote the network approximation

error, then the modeling uncertainties can be denoted by:
AT (q,q) = Wrot +&1AT(q,q) 12)

where Wr is the weight matrix, o is the activation function vector.

Substitute (12) into (4), then the dynamics of the robot manipulator with a NN identifier can
be formulated as:

M(@q+ V(@ g +G(@) +Wror +er +dg =T (13)

Regarding & as another external disturbance of robotic system, and using eg =& +dg,

then (13) can be rewritten as:
M(@q+V(q9q+Gl@+Wror +eg =T (14)
For attenuating disadvantageous effects caused by e to a prescribed level, a robust

learning algorithm of NN and a robust controller can be designed based on HJI equation as
below 2.3.2.

2.3.2 Robust controller and NN learning algorithm
At first, we introduce a control signal u, which satisfies:

M(@)qq + V(994 +G(@ +u=T (15)

where q4,q4,qq €R" is desired joint position, velocity, and acceleration vectors separately.
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Thus, the closed-loop robot control system can be constructed by substituting (15) into (14).
Let e=q—qgq, the closed-loop system can be formulated as:

M(q)é + V(q,q)ée + WroT +eg =u (16)

By regarding eR as external disturbance and introducing the evaluation signal zg = pe,

where p is a positive constant, we can define the index signal as:

|=x 1,

lerl 0 lex

Jr=

(17)

The idea of NNBRC is to design controller u and the NN learning algorithm Wy such that
JRr is less than a prescribed level, y .

Define two state variables as:

{Xl - (18)

Xy =€e+ae

where « is an prescribed positive constant. Thus, system (16) can be rewritten as:

X1 =X =X (19)
M)'(z Z—VX2 +CO—WTO'T —&R tu
where ® =Mae + Vae , Wt is a nxk matrix that can be described as:
Wrin Wtz 0 Wik
Wro1 WrT22 0 Wrgk
Wr=| . : : A =[wr wrp s w]
WTnt WTn2 7 Wrnk
Theorem 1: Considering system (19), if the learning algorithm of NN is:
Wy = —nWr (20)
The controller u is designed as:
u=-x1 —o+Wro (e + ! jx (21)
=7X1 = TOT —| &2 2
2y?

and the parameter p in the evaluation signal , zg = pe = px4, satisfies:
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a%pz — &y (22)

where ¢1,&, and 7 are all prescribed positive constant, then the disturbance restraint index
signal of system (19), ], is less than .
Proof: Considering system (19), we define the following derivable function:

1 1 1
L:E.X}‘.Xl +E-XE'M'X2 +E"WT"2 (23)
Thus,

. . . 1 . m i
L= xirxl +ngx2 +EXEMX2 + ZWTTini
i=1
=x1 (o —ax1)+x3 (@0-Wrop — g +u)
1 . m i
+EXE(M-2V)X2 + ZwTTini

i=

According to Property 2 of the robot dynamics, the above equation can be rewritten as:

C_ T T m 7o
L—X1(X2-(ZX1)+X2(&)-WTGT-£R+u)+ ZWTiWTi
i=1

_ T T mo o
=—X10Xq1 +Xp (Xl +@O-WTOT - ER +u)+ ZWTiWTi
i=1

Substituting (20) into above equation, then

Lz—xlTaxl +xg(x1 +®-WroT - €R +u)-77||WT||2

Regarding & as external disturbance, let

-1 2 1 2
H=L-27lex]” + lexl
=—0{||x1||2 +xg(x1 +o-Wror +u)—x§€R
2 1 2 1 2
nWr " =22 er [+ 5 P2
1
= —(a -Ep2j||x1||2 + xg(xl +o-Wyop +u)

1
~xJeg —r|Wr —572||5R||2
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:2xen - ¥ er | = ~pxTen + 2 ex |

1 1
——{7—2"x2"2 +2xT e + 72||€R||2 —}/_2""2"2}

S RPN N
y r?
=- le +7ER 2 +L""2"2
V4 72
1 2
S7—2||X2||
1 1
—XE&‘R —572"5R"2 < 272 ||X2||2

1 1
HS—(a .5192)||x1||2 R L e

1 1
:7(0 -Epzjllxlllz +XE[X1 +a)7WT0'T +U+FX2JT7"WT"2

Substituting (21), (22) into above inequation, then
H< e - ealpxal” - Wi | <0
-1 2 2
P e

According to HJI equation theorem, we can conclude that the disturbance restraint
performance index signal of system (19), Jg, is less than y . The structure of the proposed

neural network based robust control strategy is illustrated in Fig. 2.

P

_‘E‘ Mi +Vi, +G
§a + & g
e e >
a® > 4
494 *

Fig. 2. Structure of the NN-based robust tracking control system
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2.4 Simulation example
In this section, the proposed control strategy will be applied to control the trajectory of a
two-link robot (see Fig. 3) for proving its effectiveness.

Fig. 3. Two-link robot

In Fig.3, mland m?2 are masses of arm1 and arm?2 respectively; 11 and 12 are lengths of arm1
and arm2; t1 and t2 are torques on arml and arm2; 6, and 0, are positions of arml and

arm2. The dynamics model of two-link robot is same as (4).

Let
T [ . ]T
q=[61 6,]", q=161 6 (24)
. [ . ]T -
q=p1 6] T=[ty t] (25)
cj =cosb;, s; =sinb;, ¢ =cos(0; +6;) (26)

then M, V,G in (4) can de described as:

M(q) _ m1l% +m2(1% +1% +21112C2) m21% +m21112C2 (27)
mzl% +m21112C2 m2l%
V(q, ) _ - 2m211128.2q2 —m1111282q2 (28)
m2111282q1 0
mylygeqy +(my +my)ligey
6@ { : 9
mpl28€12
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In this paper, the parameters of the two-link robot are m; =10kg, m, =2kg, 1; =1.1m,
and 1, =0.8 m. The Initial states are q(0)=[0.5 0.5] rad, q(0)=[0 0]" rad/s, and
q@y=[o0 0]T rad/s2. The desired trajectories can be described as:

qq(t) =[sin@2at) cos2at)]" rad (30)
qq(t)=[2mos2at) - 2zsin2at)]" rad/s (1)
qd(t):[-4;r2sin(2m) —47r2cos(27zt)]Trad/s2 (32)

The model error due to friction is assumed as:

- {O_S.Sign' (@7)[0.1+ exp(—.|é1 |)]} N
sign (€,)[0.2 + exp(—|e2 |)]

The external disturbance, dg =[d; d 2]T is a random signal which amplitude is less than
10N m. In simulations, the NNBRC can be designed based on (21), in which a =50,
&1 =01,6, =0.1,y=0.05,p=9. The NN learning algorithm is designed according to (20),
where 7=0.1.

Fig4 and Fig.5 present the simulation experiment results, in which, proposed control
strategy is compared to traditional robust control (TRC) strategy. From these results, we can
conclude that the NN-based robust tracking control strategy proposed in this paper can
counteract disadvantageous effects caused by uncertainties in robotic system efficiently, and
can achieve better transient performance than traditional robust control.

Cesar=d Tujectory Degired traje ctory
15 T T T HHEREL 1% 7 HHEAEC
TR — TR>
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Eu.ﬁ 2 04
£c a0
L "
&-018 2ona
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Fig. 4. Robot trajectories
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Fig. 5. Robot tracking errors

3. A Recurrent Fuzzy Neural Network Based Adaptive Control

Recently, much research has been done on using neural networks (NN) to identify and
control dynamic systems (Park et al. 1996; Narendra & Parthasarathy 1990; Brdys &
Kulawski 1999). NN can be classified as feed forward neural networks and recurrent neural
networks. Feed forward neural networks can approximate a continuous function to an
arbitrary degree of accuracy. However, feed forward neural network is a static mapping; it
can not represent a dynamic mapping. Although this problem can be solved by using
tapped delays, feed forward neural network requires a large number of neurons to represent
dynamical responses in the time domain. Moreover, since the weight updates of feed
forward neural network is irrelative to the internal information of neural network, the
function approximation is sensitive to the training data. On the other hand, recurrent neural
networks (Ku & Lee 1995; Ma & Ji 1998; Sundareshan & Condarcure 1998; Liang & Wang
2000) are able to represent dynamic mapping very well and store the internal information
for updating weights later. Recurrent neural network has an internal feedback loop; it
captures the dynamical response of a system without external feedback through delays.
Recurrent neural network is a dynamic mapping and demonstrates good performance in the
presence of uncertainties, such as parameter variations, external disturbance, unmodeled
and nonlinear dynamics. However, the drawbacks of recurrent neural network, which are
same as neural network, are that the function of the network is difficult to interpret and few
efficient constructive methods can be found for choosing network structure and determining
the parameters of neurons.

As is widely known, both fuzzy logic systems and neural network systems are aimed at
exploiting human-like knowledge processing capability. In recent years, researchers started
to recognize that fuzzy control has some similarities to neural network (Jang & Sun 1993;
Hunt et al. 1996; Buckley et al. 1993; Reyneri 1999). Fuzzy neural network (FNN), which uses
NN to realize fuzzy inference, combines the capability of fuzzy reasoning in handling
uncertain information and the capability of neural networks in learning from processes. It is
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possible to train NN using the experience of human operators expressed in term of linguistic
rules, and interpret the knowledge that NN acquired from training data in linguistic form.
And it is very easy to choose the structure of NN and determine the parameters of neurons
from linguistic rules. However, a major drawback of the FNN is that its application domain
is limited to static problems due to its feed forward network structure.

Recurrent fuzzy neural network (RFNN) is a modified version of FNN, which use recurrent
network for realizing fuzzy inference and can be constructed from a set of fuzzy rules. It
inherits all characteristics of FNN such as fuzzy inference, universal approximation and
convergence properties. Moreover, with its own internal feedback connections, RENN can
temporarily store dynamic information and cope with temporal problems efficiently. For
this ability to temporarily store information, the structure of RFNN is much simpler than
FNN. Fewer nodes are required in RFNN for system identification.

In this section, a recurrent fuzzy neural network structure is proposed, in which, the
temporal relations are embedded by adding feedback connections on the first layer of FNN.
Back propagation algorithm is used to train the proposed RFNN. To guarantee the
convergence of the RFNN, the Lyapunov stability approach is applied to select appropriate
learning rates. For control problem, an adaptive control scheme is proposed, in which, two
proposed RFNN are used to identify and control plant respectively. Finally, simulation
experiments are made by applying proposed adaptive control scheme on robotic tracking
control problem to confirm its effectiveness.

This section is organized as follows. In subsection 3.2, RFENN is constructed. The
construction of RENNBAC is presented in subsection 3.3. Learning algorithms of RENN are
derived in subsection 3.4. Stability of RENN is analyzed in subsection 3.5. In subsection 3.6
proposed RENNBAC is applied on robotic tracking control and simulation results are given.
Finally, some conclusions are drawn in subsection 3.7.

3.1 Construction of RFNN

The structure of the proposed RFNN is shown in Fig. 6, which comprises n input variables,
m term nodes for each input variable, [ rule nodes, and p output nodes. This RENN thus
consists of four layers and n + (n x m ) + [ + p nodes.

Using uk, O to denote the input and output of the ith node in the kth layer separately, the

signal propagation and the operation functions of the nodes in each layer are introduced as
follows.

Layer 1 (Input Layer): This layer accepts input variables. Its nodes transmit input values to
the next layer. Feedback connections are added in this layer to embed temporal relations in
the network. For every node in this layer, the input and output are represented as:

ul(k)=xl(k)+wiol(k-1),0!(k)=u}(k)i=12,-,n (34)

where k is the number of iterations; wil is the recurrent weights.

Layer 2 (Membership Layer): Nodes in this layer represent the terms of respective linguistic
variables. Each node performs a Gaussian membership function
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O} -a; )2

2 ( 1 1] 2 2

uf =—————,0f =exp(uj) (35)
(bj)

where i=1,2,---,n, j=1,2,---,m; ajj and bi]- are the mean and the standard deviation of the

Gaussian membership function; the subscript ij indicates the jth term of the ith input
variable.

F1 Fp

Ouiput
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Menthership
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Input
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X Ta

Fig. 6. Structure of four-layer RFNN

Layer 3(Rule Layer): This layer forms the fuzzy rule base and realizes the fuzzy inference.
Each node is corresponding to a fuzzy rule. Links before each node represent the
preconditions of the corresponding rule, and the node output represents the “firing
strength” of corresponding rule.

If the qth fuzzy rule can be described as:
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qthrulerif xq is A1, x5 is A, ..., x, is Agl then yq is Byl, y, is By, ..., yp is B,
where A 1is the term of the ith input in the qth rule; B ]_q is the term of the jth output in the

qth rule.
Then, the qth node of layer 3 performs the AND operation in gth rule. It multiplies the input
signals and output the product.

Using Oizqi to denote the membership of x; to Aiq, where q; € {1,2,~-~,m}, then the input

and output of qth node can be described as:

3 2 3 3 . R
uq:];[Oiqi ,Oq:uq,l:1,2,---,n,q71,2,---,1 (36)

Layer 4(Output Layer): Nodes in this layer performs the defuzzification operation. the input
and output of sth node can be calculated by:

4
4 4 A3 4 __Us
ug =Y wg, O, Of =—— (37)
g ° ¥0

3
q
q

where s=1,2,---,p, q=1,2,---,1, wgq is the center of qu , which represents the output

action strength of the sth output associated with the qth rule.

From the above description, it is clear that the proposed RFNN is a fuzzy logic system with
memory elements in first layer. The RFNN features dynamic mapping with feedback and
more tuning parameters than the FNN. In the above formulas, if the weights in the feedback

unit wil are all equal to zero, then the RFNN reduces to an FNN. Since a fuzzy system has
clear physical meaning, it is very easy to choose the number of nodes in each layer of RFNN
and determine the initial value of weights. Note that the parameters wi of the feedback

units are not set from human knowledge. According to the requirements of the system, they
will be given proper values representing the memorized information. Usually the initial
values of them are set to zero.

3.2 Structure of RFNNBAC
In this section, the structure of RENNBAC will be developed below, in which, two proposed
RFNN are used to identify and control plant respectively.

3.2.1 Identification based on RFNN

Resume that a system to be identified can be modeled by an equation of the following form:

y(k)=fly(k=1),---ylk =ny Ju(k) -+, u(k - n,)) (38)
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where u is the input of the system, ny is the delay of the output, and n, is the delay of the

input.

Feed forward neural network can be applied to identify above system by using y(k-1),...
,;y(k-n-1), u(k), ..., u(k-m) as inputs and approximating the function f.

For RENN, the overall representation of inputs x and the output y can be formulated as

y(k) =g(01(K), -, Of (k) (39)

Where

= (k) wi (e =1+ wi (k= 1)0} (k2]

=3 (k) + wi (k) (k = 1)+ wi (k)wi (k = e (k = 2) + -~
+wi (k)wi (k= 1) wi (1)x; (0)

Using the current input u(k) and the most recent output y(k-1) of the system as the inputs of
RENN, (39) can be modified as:

§()=£(y(k = 1)+, y(0), u(k), -, u(0)) (40)

By training the RENN according to the error e(k) between the actual system output and the
RENN output, the RENN will estimate the output trajectories of the nonlinear system (38).
The training model is shown in Fig.7.
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Fig. 7. Identification of dynamic system using RFNN
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From above description, For Using RFNN to identify nonlinear system, only y(k-1) and u(k)
need to be fed into the network .This simplifies the network structure, i. e., reduces the
number of neurons

3.2.2 RFNNBAC

The block diagram of RENNBAC is shown in Fig. 8. In this scheme, two RFNNSs are used as
controller (RENNC) and identifier (RENNI) separately. The plant is identified by RFNNI,
which provides the information about the plant to RFNNC. The inputs of RFNNC are e(k)
and e(k) . e(k) is the error between the desired output r(t) and the actual system output
y (k). The output of RFNNC is the control signal u(k), which drives the plant such that e(k) is
minimized. In the proposed system, both RENNC and RFNNI have same structure.

r(k) + e (k) N !

ik K
e | FFHNC Cul Pl P,

&) S

=

Fig. 8. Control system based on RFENNs

3.3 Learning Algorithm of RFNN
For parameter learning, we will develop a recursive learning algorithm based on the back
propagation method

3.3.1 Learning algorithm for identifier
For training the RENNI in Fig.8, the cost function is defined as follows:

(els(k))z = g(YS(k)7y1s(k))2 (41)

1 s=1

Mo

k=3

S

where y, (k) is the sth output of the plant, y;4(k)=O%is the sth output of RENNI, and
ers(k) is the error between y (k) and yj4(k) for each discrete time k.
By using the back propagation (BP) algorithm, the weights of the RFNNI is adjusted such
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that the cost function defined in (41) is minimized. The BP algorithm may be written briefly
as:

Wi (k+1) = Wi (k) + AW (k)

o)1 (k)

42)
=Wy (k)+m [_6W—I(k)]

where 77; represents the learning rate and W represents the tuning weights, in this case,
which are wflsq s Arig; » Drigi »and wi;. Subscript I represents RENNI.

According to the RENNI structure (34)~(37), cost function (41) and BP algorithm (42), the
update rules of RENNI weights are

W%sq (k +1): W?sq (k)_771W4 %(k(l)() (43)
sq
are (ka1)=apy (k)-pp 210 "
Tiqj Tiqj m aa[iq- (k) ( )
brig: (k+1)=by;q. (k)- b _0Jilk)_ (45)
Liqj Tigj m 0b1iqi (k)
whiksn)=wh (-t ZHEL @9

Where

) (O

aWilsq(k) Zo%q
q
onilk) K .W%sq -Ofs A3 .2(0%1 _aIiCIi)
K = zels( ) 3 Iq 2
dariq; (k) s 2 0j1q (bliqi)
q

a]l(k) Wilsq _Oils 3 Z(O%i - aqui )2
| Lo :
ainqi (k) s Zolq (bliqi)

q

4 4 1
Wi _OI —201' —aI-i
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3.3.2 Learning algorithm for controller
For training RENNC in Fig. 8, the cost function is defined as

l(rs (k) — Vs (k ))2 (47)

Mo

(es (k))2 =

1 s

Mo

1
2

where 1, (k) is the sth desired output, y, (k) is the sth actual system output and e (k) is
the error between (k) and y(k).

Then, the gradient of J¢ is

Jc :Zfﬂc Oys
OWe 50y OWc
_ aYS(k) auo(k)
_g_es(k)auo(k)' 8WC (48)

N S

where u, is the oth control signal, which is also the oth output of RFNNC, and
YU, (k)=0y,(k)/0u, (k) denotes the system sensitivity. Thus the parameters of the RFNNC
can be adjusted by

We(k+1)=We (k) + AW (k)
=We 09 +ne(- € )

Note that the convergence of the RFNNC cannot be guaranteed until yug, (k)is known.
Obviously, the RENNI can provide yu,, (k) to RENNC. Resume that the oth control signal
is also the oth input of RENNI, then yu,, (k) can be calculated by

a}’s(k) _ 50145 . ao%q 760120‘{0 _60}0

8110(1() q (90%(1 aOlzoq0 60%0 auo

50
W%sq_ofls 3 “Z(O}o"aloqo) ©0)

Olq -
z O%q (bloqo )2
q

=X
q

3.4 Stability analysis of the RFNN
Choosing an appropriate learning rate 77 is very important for the stability of RFNN. If the

value of the learning rate 7 is small, convergence of the RENN can be guaranteed, however,
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the convergence speed may be very slow. On the other hand, choosing a large value for the
learning rate can fasten the convergence speed, but the system may become unstable.

3.4.1 Stability analysis for identifier

For choosing the appropriate learning rate for RENNI, discrete Lyapunov function is
defined as

Li()=11(0)= 5 Sfer (k) )

Thus the change of the Lyapunov function due to the training process is

AL{(k)=L;(k +1)-L;(k)

=5 Zlers 1) - (o1, ()7
= llery e 1)+ er, 1) fere (k1)1 ()] 62

=%§[(Zels(k)+ Aels(k))' Aels(k)]
:%% [(Aels (l())2 + 2915(k)AeIs(k)]

= 52 (ey () + 3 T e (e )]

The error difference due to the learning can be represented by

aels(k)

Bers(k)=ers(k+1)-ers (k)= s

- AW (k) (33)

Where

So (52) can be modified as
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1| degq(k) )y (k) 1 deys (k) (k)
AL(k)Eiavizl(k) [ Wi (k) } +E§{Zels(k) W, (k) [ g 6V\;I(k)ﬂ
1 () V(e )Y oK) dey4(K)
_E[”I awl(k)J %[awl(k)j n awl(k)é[e“(k) awl(k)J

(54)

A ) ) )
(e {’7%[23283] _2}

To guarantee the convergence of RFNNI, the change of Lyapunov function AL;(k) should
be negative. So learning rate must satisfy the following condition:

O<771(k)<2/§[2$\1]i83] . (55)

For the learning rate of each weight in RENNI, the condition (22) can be modified as

2

ders (k)
0<n*(k)< 2 y| —sL 56
' (k) max, 3 v (k) (56)
2
0<nf(k)< 2/ max{y M (57)
i |s aaliq_ (k)
2
0< ()< 2/ maxly| Cers() (38)
o | sl (k)
2
wl aeIs(k)
0<n"(k)<2 ma ¥ owl (1) (59)
s Ti

3.4.2 Stability analysis for controller
Similar to (51), the Lyapunov function for RENNC can be defined as
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Le(k)=Jc(k)=22(e s (k) (60)

So, similar to (56)-(59), the learning rates for training RENNC should be chosen according to

the following rules:
0<n&*(k)<2 maxz ( ) (61)
s C sq ( )

0<nd(k)< 2 maxz
’ Cl‘h

0<77C )< 2 max Z (63)
® C1q1
0<77 <%max J

3.5 Simulation Experiments

Dynamics of robotic manipulators are highly nonlinear and may contain uncertain elements
such as friction and load. Many efforts have been made in developing control schemes to
achieve the precise tracking control of robot manipulators. Among available options, neural
networks and fuzzy systems (Er & Chin 2000; Llama et al. 2000; Wang & Lin 2000; Huang &
Lian 1997) are used more and more frequently in recent years. In the simulation experiments
of this chapter, the proposed RENNBAC is applied to control the trajectory of the two-link
robotic manipulator described in chapter 2.4 to prove its effectiveness.

In the simulation, the parameters of manipulator are mq =4 kg, m, =2 kg, 1, =1 m, 1,=0.5

(62)

m, ¢ =9.8 N/kg. Initial conditions are given as 01(0) =0 rad, 6,(0) =1 rad, 61(0) =0,
andéz(O) =0 rad/s. The desired trajectory is given by él(t)= sin(27t) and é2(t)= cos(27t).

The friction and disturbance terms in (4) are assumed to be

{5cos(5t)
k=

= 5cos(5t)} Nm, AT(q,q)=0.5sign(q) Nm
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Simulation results are shown in Fig.9 ~Fig.14. Fig.9 and Fig.10 illustrate the trajectories of
two joints; the two outputs of identifier (RFNNI) are shown in Fig.11 and Fig.12 separately;
the cost function for RENNC is shown in Fig.13; and Fig.14 shows the cost function for

RENNI.

From simulation results, it is obvious that the proposed RFNN can identify and control the

robot manipulator very well.
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4. Conclusion

In this paper, the adaptive control based on neural network is studied. Firstly, a neural
network based adaptive robust tracking control design is proposed for robotic systems
under the existence of uncertainties. In this proposed control strategy, the NN is used to
identify the modeling uncertainties, and then the disadvantageous effects caused by neural
network approximating error and external disturbances in robotic system are counteracted
by robust controller. Especially the proposed control strategy is designed based on HJI
inequation theorem to overcome the approximation error of the neural network bounded
issue. Simulation results show that proposed control strategy is effective and has better
performance than traditional robust control strategy. Secondly, an RFNN for realizing fuzzy
inference using the dynamic fuzzy rules is proposed. The proposed RFNN consists of four
layers and the feedback connections are added in first layer. The proposed RFNN can be
used for the identification and control of dynamic system. For identification, RENN only
needs the current inputs and most recent outputs of system as its inputs. For control, two
RFNNSs are used to constitute an adaptive control system, one is used as identifier (RFNNI)
and another is used as controller (RFNNC). Also to prove the proposed RFNN and control
strategy robust, it is used to control the robot manipulator and simulation results verified
their effectiveness.
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1. Introduction

The control problem of the two-mass system originally derives from rolling-mill drives
(Sugiura & Hori, 1996), (Ji & Sul, 1995), (Szabat & Orlowska-Kowalska, 2007). Large inertias
of the motor, rolls and long shaft create an elastic system. The motor speed is different from
the load side and the shaft undergoes large torsional torque. A similar problem exists in the
field of conveyer drives (Hace et al., 2005). Also the performance of the machines used in
textile industry is reduced by the non-ideal characteristics of the shaft (Beineke et al., 1997),
(Wertz et al, 1999). An analogous problem appears in the paper machine sections
(Valenzuela et al., 2005) and in modern servo-drives (Vukosovic & Stojic, 1998), (O’Sullivan
etal., 2007), (Shen & Tsai, 2006). Moreover, torsional vibrations decrease the performance of
the robot arms (Ferretti et al., 2004), (Huang & Chen, 2004). This problem is especially
important in the field of space robot manipulators. Due to the cost of transport, the total
weight of the machine must be drastically reduced. This reduces the stiffness of the
mechanical connections which in turn influences the performance of the manipulator in a
negative way (Katsura & Ohnishi, 2005), (Ferretti et al., 2005). The elasticity of the shaft
worsens the performance of the position control of deep-space antenna drives (Gawronski et
al., 1995). Vibrations affect the dynamic characteristics of computer hard disc drives (Ohno
& Hara, 2006) and (Horwitz et al., 2007).

Torsional vibrations can appear in a drive system due to the following reasons:
changeability of the reference speed;

changeability of the load torque;

fluctuation of the electromagnetic torque;

limitation of the electromagnetic torque;

mechanical misalignment between the electrical motor and load machine;

variations of load inertia

unbalance of the mechanical masses;

- system nonlinearities, such as friction torque and backlash.

The simplest method to eliminate the oscillation problem (occurring while the reference
speed changes) is a slow change of the reference velocity. Nevertheless, it causes the
decrease of the drive system dynamics and does not protect it against oscillations appearing
when the disturbance torque changes. The conventional control structure based on the PI
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speed controller, tuned by the classical symmetric criterion, with a single feedback from the
motor speed is not effective in damping the speed oscillations. One of the simplest ways to
improve the torsional vibrations ability of the classical structure is presented in (Zhang &
Furusho, 2000). It is based on the suitable selection of the system closed-loop poles. However,
this method improves the drive performance only for a limited range of the system
parameters.

When the resonant frequency of the system excides hundreds of Hertz, the application of the
digital filters is an industrial standard. The Notch-filter is usually mentioned as a tool
ensuring the damping of the oscillations (Vukosovic & Stojic, 1998), (Ellis & Lorenz, 2000).
Rarely a low-pass filter or Bi-filter is used. The digital filters can damp the torsional vibration,
yet the dynamics of the system may be affected.

To improve performances of the classical control structure with the PI controller, the
additional feedback loop from one selected state variable can be used. The additional
feedback allows setting the desired value of the damping coefficient, but the free value of the
resonant frequency cannot be achieved simultaneously (Szabat & Orlowska-Kowalska, 2007).
According to the literature, the application of the additional feedback from the shaft torque is
very common (Szabat & Orlowska-Kowalska, 2007). The design methodology of that system
can be divided into two groups. In the first framework the shaft torque is treated as the
disturbance. The simplest approach relies on feeding back the estimated shaft torque to the
control structure, with the gain less than one. The more advanced methodology, called
Resonance Ratio Control (RRC) is presented in (Hori et al., 1999). The system is said to have
good damping ability when the ratio of the resonant to antiresonant frequency has a
relatively big value (about 2). The second framework consists in the application of the modal
theory. Parameters of the control structure are calculated by comparison of the characteristic
equation of the whole system to the desired polynomial. To obtain a free design of the
control structure parameters, i.e. the resonant frequency and the damping coefficient, the
application of two feedbacks from different groups is necessary. The design methodology of
this type of the systems is presented in (Szabat & Orlowska-Kowalska, 2007).

The control structures presented so far are based on the classical cascade compensation
schemes. Since the early 1960s a completely different approach to the analysis of the system
dynamics has been developed - the state space methodology (Michels et al., 2006). The
application of the state-space controller allows to place the system poles in an arbitrary
position so theoretically it is possible to obtain any dynamic response of the system. The
suitable location of the closed-loop system poles becomes one of the basic problems of the
state space controller application. In (Ji & Sul, 1995) the selection of the system poles is
realized through LQ approach. The authors emphasize the difficulty of the matrices selection
in the case of the system parameter variation. The influence of the closed-loop location on the
dynamic characteristics of the two-mass system is analyzed in (Qiao et al., 2002), (Suh et al,,
2001). In (Suh et al., 2001) it is stated that the location of the system poles in the real axes
improve the performance of the drive system and makes it more robust against the parameter
changing.

In the case of the system with changeable parameters more advanced control concepts have
been developed. In (Gu et al., 2005), (Itoh et al., 2004) the applications of the robust control
theory based on the H,, and p-synthesis frameworks are presented. The implementation of
the genetic algorithm to setting of the control structure parameter is shown in (Itoh et al.,
2004). The author reports good performance of the system despite the variation of the inertia
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of the load machine. The next approach consists in the application of the sliding-mode
controller. For example, in paper (Erbatur et al., 1999) this method is applied to controlling
the SCARA robot. A design of the control structure is based on the Lyapunov function. The
similar approach is used in (Hace et al., 2005) where the conveyer drive is modelled as the
two-mass system. The authors clam that the design structure is robust to the parameter
changes of the drive and external disturbances. Other application examples of the sliding-
mode control can be found in (Erenturk, 2008). The next two frameworks of control
approach relies on the use of the adaptive control structure. In the first framework the
controller parameters are adjusted on-line on the basis of the actual measurements. For
instance in (Wang & Frayman, 2004) a dynamically generated fuzzy-neural network is used to
damp torsional vibrations of the rolling-mill drive. In (Orlowska-Kowalska & Szabat, 2008b)
two neuro-fuzzy structures working in the MRAS structure are compare. The experimental
results show the robustness of the proposed concept against plant parameter variations. In
the other framework changeable parameters of the plant are identified and then the
controller is retuned in accordance with the currently identified parameters. The Kalman
filter is applied in order to identify the changeable value of the inertia of the load machine
(Orlowska-Kowalska & Szabat, 2008a). This value is used to correct the parameters of the PI
controller and two additional feedbacks. A similar approach is presented in (Hirovonen et
al., 2006). In the paper (Cychowski et al., 2008) the model predictive controller is applied o
ensure the optimal control of the system states taking the system constrains into
consideration. In order to reduce the computational complexity the explicit version of the
controller is suggested to real-time implementation.

This paper is divided into seven sections. After an introduction, the mathematical model of
the two-mass drive system and utilised control structure are described. In section IV, the
mathematical model of the NEKF is presented. The simulation results of the non-adaptive
and adaptive NEKF are demonstrated in sections V. The proposed adaptation mechanism is
described and the analysed algorithms are compared. After a short description of the
laboratory set-up, the experimental results are presented in section VI. Conclusions are
presented at the end of the paper.

2. The mathematical model of the two-mass system and the control structure

In technical papers there exist many mathematical models, which can be used for the
analysis of the plant with elastic couplings. In many cases the drive system can be modelled
as a two-mass system, where the first mass represents the moment of inertia of the drive and
the second mass refers to the moment of inertia of the load side. The mechanical coupling is
treated as an inertia free. The internal damping of the shaft is sometimes also taken into
consideration. Such a system is described by the following state equation (Szabat &
Orlowska-Kowalska, 2007) (with non-linear friction neglected):

b D -1 |
Q0] |4 4 o] |7 0
d D -D 1 ! -1
- Qz(t) = 5 - Qz(t) + 0 [Me]"' - [ML]
dt J, J, J, J, @
M (2) K -K 0 M (t) 0 0
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where: (- motor speed, £2- load speed, M.~ motor torque, M;- shaft (torsional) torque, M;-
load torque, J; - inertia of the motor, J,- inertia of the load machine, K.~ stiffness coefficient,
D - internal damping of the shaft.

The described model is valid for the system in which the moment of inertia of the shaft is
much smaller than the moment of the inertia of the motor and the load side. In other cases a
more extended model should be used, such as the Rayleigh model of the elastic coupling or
even a model with distributed parameters. The suitable choice of the mathematical model is
a compromise between the accuracy and calculation complexity. As can be concluded from
the literature, nearly in all cases the simplest shaft-inertia-free model has been used.

To simplify the comparison of the dynamical performances of the drive systems of different
power, the mathematical model (1) is expressed in per unit system, using the following
notation of new state variables:

Q Q ‘
a)1:71w2:72me: ms: - mL: - (2)
QN QN MN MN MN

where: Qy - nominal speed of the motor, My - nominal torque of the motor, @, @ - motor
and load speeds, m,, ms, my - electromagnetic, shaft and load torques in per unit system.
The mechanical time constant of the motor - T; and the load machine - T, are thus given as:

T, = T, = /s 3)
MN MN

The stiffness time constant - T, and internal damping of the shaft - d can be calculated as
follows:

“)

Taking into account the equations (3)-(5) the state equation of the two-mass system in per-
unit value is represented as:

-d i -1 1 0
Tl Tl Tl Tl
s [e© oD e il
— wz(t) = — — wz(t) +| 0 —
dt T, T, T, T, |[m, 5
m(t) 1 -1 0 m(t) 0 0 ©)
T T.

Usually, due to its small value the internal damping of the shaft d is neglected in the
analysis of the two-mass drive system.

3. Adaptive control structure

A typical electrical drive system is composed of a power converter-fed motor coupled to a
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mechanical system, a microprocessor-based controllers, current, rotor speed and/or position
sensors used as feedback signals. Typically, cascade speed control structure containing two
major control loops is used, as presented in Fig 1.

A ’ ‘ I E ’
Torque Power Electromagnetic Mechanical part
controller converter part of the motor of the drive

oy @

Speed
controller

Fig. 1. The classical cascade control structure of the two-mass system

The inner control loop performs a motor torque regulation and consists of the power
converter, electromagnetic part of the motor, current sensor and respective current or torque
controller. As this control loop is designed to provide sufficiently fast torque control, it can be
approximated by an equivalent first order term with small time constant. If the control is
ensured, the driven machine could be an AC or DC motor, with no difference in the outer
speed control loop. The outer loop consists of the mechanical part of the motor, speed sensor,
speed controller, and is cascaded to the inner loop. It provides speed control according to the
reference value (Szabat & Orlowska-Kowalska, 2007).

Such a classical structure in not effective enough in the case of the two-mass system. To
improve the dynamical characteristics of the drive, the modification of the cascade structure
is necessary. In this paper the structure with the state controller which allows the free
location of the closed-loop poles is considered. So it requires the additional information of
the shaft torque and the load speed. The parameters of the control structures are set using
pole-placement methods, with the methodology presented in (Szabat & Orlowska-Kowalska,
2007), according to the following equations:

k, =TT,T.o; (6)
k, =AT.E o, @)
®)
ko= 20 s sgioi - |
2%¢ 1% e
ky =k (@2T,7. ~1) )

where: & - required damping coefficient, ay- required resonant frequency of the system.

In the industrial applications, the direct measurement of the shaft torque m;, and the load
speed @, is very difficult. For that reason, in this paper the Nonlinear Extended Kalman
Filter (NEKF) is used to provide the information about non-measurable mechanical state
variables. Additionally, the time constant T, of the load side is also estimated and used to
on-line retuning the control structure parameters, according to Eq. (6)-(9). The estimated
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value of Ty is also used to change the element gs5 of the covariance matrix Q in the way
presented in the next section (Eq. (21)). The considered control structure is presented in Fig.
2. The proposed adaptive control structure ensure the desired characteristic of the drives
despite the changes of the time constant of the load machine.

Gyls)=1

@ k; Eleciromagnetic | | X 1 { 1 n

—r’ — torque control d — e :
g locgp ! S?; - 5T

e e S -
;i —
I Non-

B My | linear /
2 Extended
—

p @, Kalman
1 Filter

=

Fig. 2. The block diagram of the state-feedbacks adaptive control structure

3. Mathematical model of the nonlinear extended Kalman filter (NEKF)

In the presence of the time-varying load machine inertia T>, there is a need to extend the
two-mass system state vector (1) with the additional element 1/T; and non-measurable load
torque my :

T
1
sal0)=| ) 00 m () m () -0 a0
The extended, nonlinear state and output equations can be written in the following form:

3000~ ] 0 o0 By ) ()1 1,000 w0 1o

YR(I): CRXR(t)+V(t) (11b)

where matrices of the system are defined as follows (in [p.u.]):
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1 1
I 0
0 770 o/ g _|°ce=|0
N 12)
0 0

and w(t), v(t) - represent process and measurement errors (Gaussian white noise), according
to the Kalman Filter (KF) theory.

The matrix Ar depends on the changeable parameter T,. It means that in every calculation
step this matrix must be updated due to the estimated value of T>. The input and the output
vectors of the drive system (and NEKF) are electromagnetic torque and motor speed
respectively:

u= me y = w] (13)
After the discretization of Eq. (11) with T, sampling step, the state estimation using NEKF
algorithm is calculated:

Rk +1/k+1)= R (k+1/k)+ Kk +1)y o (k +1) = Cpr (k +1)% (k +1/k)] (14)

where the gain matrix K is obtained by the suitable numerical procedure.
In the first step the estimation of the filter covariance matrix is calculated:

P(k +1/k)=F, (k)P(k)Fq (k) +Q(k) (15)

where:

()= ot (x(K/K).u (k). k)|

ax, (k/k)

(16)
Xp = Re (K /K)

and Q is a state noise covariance matrix. Fr is the state matrix of the nonlinear dynamical
system (11) after its linearization in the actual operating point, which must be updated in
every calculation step:

1 o Ir 0 0
T,
1 1
0 v or, =, 7, k)=m, (k)
F (k): _ 2 2
* Ly Zp 1 0 0 (17)
TC Tc
0 0 0 0
Lo 0 0 0 |
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The filter gain matrix K of the NEKF and the update of the covariance matrix of the state
estimation error P are calculated using the following equations:

K(k +1)=P(k + 1/ K)CL (k + D[Cp (k + )Pk +1/K)CE (i + 1)+ R(k)] (18)
P(k+1/k+1)=[I-K(k+1)Cy(k +1)|P(k +1/k) (19)

where: R - the output noise covariance matrix.

The quality of the state estimation depends on the suitable choice of the covariance matrices
Q and R. However, according to the technical literature, the analytical guidelines which
ensure proper setting of these matrices do not exist. Usually the trial and error procedure is
used. However, this process is time-consuming and does not ensure the optimal
performances of NEKF. In this paper elements of covariance matrices have been set using
the genetic algorithm (Szabat & Orlowska-Kowalska, 2008), with the following cost function:

F :(z j(zw o, j[zm —m,, IZT —Tj 20)

where: m;, @, my, T> -real variables and parameter of the two-mass system; mg, @z, M., T2
-estimated variables and parameter, j - total number of samples. The cost function defined
in this way ensures the optimal setting of covariance matrices Q and R for changeable time

m.v - m.ve

constant of the load machine.

4. Simulation results

4.1 Open-loop system

In simulation tests the estimation quality of all system state variables is investigated. The
shaft torque and the load speed are taken for the closed-loop structure with the direct
feedback from system state variables (Fig.1). The electromagnetic torque and the motor
speed, used as the input and output vectors of NEKF, are disturbed with white noises. In
Fig. 3. the transients of the electromagnetic torque and motor speed are presented.

o, [pu.]

m, [p.u.]
=
-

——

4
t[s] t[s]
a) b)
Fig. 3. Transients of the electromagnetic torque (a) and the motor speed (b)
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The drive system works in the reverse condition with the electromagnetic torque limit set to
3 [p.u.] in the considered case is tested. The state estimator working outside the control
structure is tested. The transients of all the real and estimated variables and theirs
estimation errors are demonstrated In Fig 4.

The NEKEF starts work with a misidentified value of the time constant of the load machine
(initial value of the T3 is set to101.5ms - Fig 4.g). Then at the time #;=2s the time constant of
the load machine T, and the load torque m; begin to change (Fig. 4c,g). Those two variables
vary in a smooth sinusoidal way. The NEKF estimates all the system states simultaneously.
As can be seen from Fig. 4, the transients of all estimates contain high-frequency noises. The
steady state level of the estimation error is about 0.02 (Fig. 4e) for the load speed and about
0.10 (Fig. 4e) for the shaft torque. The biggest errors exist in the transients of the load torque
and of time constant of the load machine (Fig. 4h). The initial estimation error of T, cause by
the misidentified value of the time constant of the load machine is eliminated after 500ms.
The typical disruptions can be seen in the estimated transient. They appear when the
direction of the motor speed is rapidly changed. The characteristic feature of the NEKF is
the fact that the estimation of the time constant of the load machine is only possible when
the load speed is changing. Therefore, the biggest estimation errors occurs when the time
constant of the load side is varied and the load speed is constant (Fig. 4g,h). The next NEKF
feature is that the estimate of the T, contains bigger frequency noises in the case when the
real value of the T is larger. Because the load torque and time constant of the load machine
have been varied in a smooth way good estimation accuracy has been achieved in the
simultaneous estimation of all the states.
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Fig. 4. Transients of the real and estimated state variables and their estimation errors: load
speed (a,d) shaft torque (b,e), load torque (c,f) and time constant of the load side (g,h)
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Then the case of the rapid changing of the load torque and time constant of the load
machine is considered. The input (electromagnetic torque) and output vector (motor speed)
of the NEKF are presented In Fig. 5. As the previously the drive is working under reverse
condition and the limit level of the electromagnetic torque is also set to 3 [p.u.]. The
electromagnetic torque and the motor speed are disrupted by white noises, which emulate
the measurements noises. The real and estimated variables and their estimation errors for
rapid changes of the load torque and the load side inertia are presented in Fig. 6.

Similarly as in the previous case, the drive system starts working with a misidentified time
constant of the load machine T>=101.5ms (Fig. 6g). Then at the time t=1s and 3s the time
constant of the load machine and the load torque change rapidly (Fig. 6¢,g). Next, at the time
t=5, 6 and 8s only the load torque and at the time ¢= 4, 6.5 and 8.5s only the time constant of
the load machine vary quickly. The following work cycle allows to examine the quality of
the variables estimation under different conditions. The average level of the estimation error
is about 0.014 (Fig. 6e) for the load speed and about 0.06 for the shaft torque (Fig. 6f).
However, the simultaneous alternation of the load torque and time constant of the load
machine bring about the rise of the big, quickly damped estimation errors of the load speed
(Fig. 6b) and shaft torque (Fig. 6d). A single change of the above-mentioned variables cause
the increase of the estimation errors, but for a smaller extent than in the pervious case. The
last two estimated variables, i.e. the load torque and the time constant of the load machine
depend on each other significantly. The rapid change of one variable brings about a
significant increase of the estimation error of the other variable (Fig. 6fh).
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Fig. 5. Transients of the electromagnetic torque (a) and the motor speed (b)

Similarly as in the previous case, the drive system starts working with a misidentified time
From the transients presented in Fig. 4 and Fig. 6 the following remarks can be formulated:
-the estimation of the time constant of the load machine is possible only when the motor
speed is changing;

-the estimates of the load torque and the time constant of the load machine are correlated:
the change of the load torque causes the rise of the error of the load machine time constant
and vice versa. This is especially clearly visible in the transient presented in Fig. 6;

-the noise level of the of the estimated load machine time constant of the strictly depends on
the actual value of the real time constant and the value of the covariance matrix element gss;
when of the value of the T is smaller, the element gs55 should have a bigger value and vice
versa.
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The dynamic characteristics of the non-adaptive NEKF strictly depends on the proper
setting of the covariance matrix values. In the case of the changeable time constant of the
load machine the element gs5 is a compromise between the slow covariance for a small value
of T; and a large noise level when value of T is big. The modification of the estimating
procedure is related to this feature. Because the noise level in the estimated variable
depends on the real value of the T, the NEKF with the changeable element gs5; of the
correlation matrix Q is proposed. The element gs5 adopts to the estimating value of the time
constant of the load machine according to the following formula:

T n
qss = qssn [;NJ (21)

2e

where: gssn- the value of gs5 selected for the nominal parameters of the drive (using genetic
algorithm), Toy - nominal time constant of the load machine, Tz, - estimated time constant
of the load machine, n - power factor.
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Fig. 6. Transients of the real and estimated state variables and their estimation errors: load
speed (a,d)shaft torque (b,e), load torque (c,f) and time constant of the load side (g,h)
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Then the adaptive NEKF is tested under the same conditions as previously but with the
adaptation formula (21). Because the biggest difference is visible in the time constant of the
load machine only the transients of those variables are presented below. In Fig 7 the
transients for smooth (case 1- a) and rapid (case 2- b) changes of the load torque and time
constant of the load machine for power factor n=3 are presented.

The difference between the non-adaptive and adaptive NEKF algorithm is clearly visible
when the Fig. 4, 6 and 7 are compared. The estimate of T> has a smaller estimation error and
noise level than for the non-adaptive NEKF. The rapid changing of the load torque does not
influence the estimate of T> so significantly as in the previous non-adaptive NEKF case.
Also the estimate of the load torque has better accuracy in the adaptive NEKF case.
Similarly, the fast variation of the time constant of the load machine causes a smaller error in
the estimate of load torque in the adaptive NEKF.
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Fig. 7. Transients of the real and estimated time constant of the load side for the adaptive
NEKEF with power factor n=3, case-1 (a), case-2 (b)

In order to compare the performance of the non-adaptive and adaptive NEKFs, the
estimation errors of all estimated have been calculated using of the following equation:

N
S,
i=l

A =H
N

(22)

where: N - total number of samples, v~ real variable,
v - estimating variable.

The estimation errors of all state variables for non-adaptive (n=0) and adaptive NEKF (1 =3) are
presented in the Table 1.
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A(x)z Ams ATz AmL

Casel 0.0092 0.0456 0.0180 0.0942
n=0

Case 1 0.0086 0.0442 0.0159 0.0907
n=3

Case 2 0.0140 0.0605 0.0301 0.1073
n=0

Case 2 0.0123 0.0570 0.0224 0.0975
n=3

Table 1. The estimation errors of the state variables for the case 1 and case 2 for the adaptive

and non-adaptive NEKF

The application of the adaptation mechanism decreases the estimation error in all estimated
variables. This feature is especially evident when the time constant of the load machine and
the load torque change rapidly (case -2). For instance, the application of the adaptation
mechanism ensures the reduction of estimation error of the T by approximately 25%.

3.2 Closed-loop system

First, the effectiveness of the proposed control structure has been investigated in the
simulation study. The non-measurable state variables, e.g. shaft torque, load speed and load
torque, are delivered to the control structure by the NEKF.
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Fig. 8. Transients of the electromagnetic torque (a), motor speed (d), real and estimated state
variables and their estimation errors: load speed (b,e), shaft torque (cf), load torque (gj),
time constant of the load machine (h,k) adaptive control structure parameters (i,1) in the
control structure with simultaneous estimation of the time constant of the load machine and
load torque

The estimated time constant of the load machine is used in the adaptation law in order to
retune the control structure coefficients in accordance with (6)-(9). The adaptation formula
(21) is used to improve the NEKF performance. However, in order to ensure the stable work
of the control structure the coefficients of the covariance matrices are decreased in
comparison to the previous section. The desired values of the resonant frequency of the
system and the damping coefficient are ay=45s1 and &;=0.7 respectively. The transients of
the system states as well as the control structure coefficient are presented In Fig 8.
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The system starts work with a misidentified value of the time constant of the load machine
T2, =101ms (Fig. 8h) which results oscillations in the estimated load torque transient. Despite
this no visible oscillations appear in the transients of the load speed. After 2s, the estimate of
the time constant of the load machine reaches its real value. The rapid changing of the load
torque causes the oscillations in the estimate of T, which are noticeable visible at the time
t=9s. Still, a such big estimation error can not be accepted in the high performance drive
system

In order to improve the control structure performance the following modifications of the
standard NEKF algorithm improving the quality of the estimation have been implemented.
Firstly, the estimation of the time constant T, is active only when the motor speed is
changing. Secondly, during this time the estimation of the load torque m; is blocked. In the
NEKF algorithm the last estimated value of the m; is used. Also, when motor speed is not
changing, the estimate of T is stopped and the estimate of the m; becomes active. During
this time, the last estimated value of the time constant T is utilized in the algorithm. This
modification allows to increase the values of the covariance matrices of the NEKF.

All system states are reconstructed well and their estimation errors are very small and do
not influence the system dynamics negatively (Fig. 9). The time constant of the load machine
is estimated accurately with a small steady-stay error. The moments when the estimate of
mr. is stopped are visible in the load torque transient (Fig. 9g). Thus, the adaptive system
with adaptive NEKF work properly.
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5. Experimental results

All theoretical considerations have been confirmed experimentally in the laboratory set-up
composed of a 0.5kW DC-motor driven by a static converter. The motor is coupled to a load
machine by an elastic shaft (a steel shaft of 5mm diameter and 600mm length). The speed
and position of the driven and loading motors have been measured by incremental encoders
(36000 pulses per rotation). The mechanical system has a natural frequency of
approximately 9.5Hz. The nominal parameters of the system are T;=203ms, T>=203ms, T
=2.6ms. The picture of the experimental set-up is presented in Fig. 10.

|
Elastic shaft

Load
machine

Fig. 10. The mechanical part of the laboratory set-up (a) and the general view of the
laboratory set-up (b)
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time constant of the load side (d), control structure parameters (e,f) -for the reference value
of the speed w=0.5

First the performance of the drive system has been tested for the nominal value of the time
constant of the load machine T,=0.203s. The electromagnetic torque limit has been set to 2.
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The system works with the reference value of the speed set to 0.5. According to the
adaptation procedure described in the previous section during start-up the estimate of the
mr,. is blocked and the estimate of the T is activated which is observable in Fig. 11c,d. When
the control error decreases below 0.05, the estimate T». is blocked and the my.. At the time
t1=0.4s the nominal load torque is applied to the system. This affects the system speed in a
negative way and some disruption is visible in its transients. The load torque is switched off
at the time #,=0.8s and the non-zero value of the estimate of the m, comes from the friction
torques. At the time #3=1s the system begins to reverse. When the value of the system speed
is negative, no external torque is applied to the system. The drive reverses again at the time
t4=2s and then the work cycle is repeated. Clearly, the adaptive control structure with the
NEKF works properly. The load speed as well as the time constant of the load machine are
estimated with small errors. The transients of the control structure parameters are presented
in Fig. 11 e,f. They vary (except k;) with the estimated value of the T.

Next the control structure with the electromagnetic torque limit set to 3 has been examined.
The work cycle is identical as previously. But the reference speed is set to the nominal value.
The transients of the system are presented in Fig. 12.

Similarly as before, the initial value of the time constant of the load machine is set to
T2,~0.1015s. After the start-up it reaches its real value almost without an error. During the
next reversal the estimate of the T, oscillates around the real value. However, it should be
pointed out that the estimation error does not exceed a few percent of the real value. The
estimate of the T’ is reconstructed very well. Small errors appear in its transient during the
time when the load torque is switched on and off and during the reversal. The adaptive
control structure with the state controller works in a stable way.

6. Conclusion

In order to damp the torsional vibrations, which could destroy the mechanical coupling
between the driven and loading machine, the control structure with state controller is
applied. The control structure coefficients depend on the time constant of the load side
machine. In the case of the system with changeable load side inertia, there is a need to
estimate this parameter and adapt the control structure gains in accordance with the actual
estimated value. The application of the adaptive control structure ensures the required
transient of the load speed despite the changeable load side inertia. In order to use the
adaptive control structure, there is a need to choose a state estimator, which has to estimate
the non-measurable system state variables and changeable parameters of the system. In this
paper, the non-adaptive and adaptive nonlinear extended Kalman filter (NEKF) is tested.
Parameters of the covariance matrices Q and R are selected using the genetic algorithm with
special cost function. The application of the global optimization technique allows to reach
the global solution according to the defined cost function. However, the application of the
genetic algorithm is possible only as an off-line process due to a long calculation time. To
ensure the optimal values of the covariance matrix Q, despite the load side parameter
changes, the adaptation mechanism is developed. The suitable on-line change of the
covariance matrix element gs5 is proposed, according to the estimated value of the load side
time constant. It is proved by simulation and experimental tests that the proposed control
structure is effective for damping the torsional oscillation of two-mass drive system, also in
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the case of wide range changes of load side inertia.
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1. Introduction

The so-called Sandwich system with hysteresis is a class of systems in which a hysteretic
subsystem is sandwiched between two smooth dynamic blocks. In engineering, many
practical processes can be considered as the sandwich systems with hysteresis. In the
following, two typical examples will be presented.

1.1 Ultra-precision moving positioning stage

A typical ultra-precision moving positioning stage is often used in ultra-precision
manufacturing system for its nanometer displacement and fast linear moving speed.
Usually, such platform consists of electric amplifiers, piezoelectric actuators and loads. As
hysteresis is inherent in piezoelectric actuator, the amplifier and load can be considered as
smooth dynamic subsystems. Therefore, this platform can be considered as a typical
sandwich system with hysteresis. Fig.1 shows the architecture of such system.

o> o N —>

Fig. 1. Architecture of ultra-precision moving stage with piezoelectric actuator

1.2 Mechanical Transmission System

Mechanical transmission system often exists in machine tools or many other mechanical
systems. A typical mechanical transmission system is shown in Fig.2. In this system, the
servomotor is used to drive a gearbox connected with a mechanical work platform through
a screw. In this system, u is the servomotor angle, x is the angle of the gearbox, and y is the
displacement of the work platform. The servomotor and the work platform can be
considered as smooth dynamic subsystems. However, the gearbox and screw in this system
is a typical hysteresis nonlinearity due to the tear and wear of the gear teeth. Obviously, this
mechanical system can be described by the sandwich system with hysteresis.
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Fig. 2. Mechanical transmission system
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Although, sandwich systems with hysteresis often exist in engineering practice, there are
only several research reports found on the control of them. Taware & Tao (1999) presented
an analysis on the control of such systems with backlash-type hysteresis. Tao & Ma (2001)
proposed an optimal control for the systems with sandwiched backlash. In their methods, an
optimal control scheme is employed for backlash compensation. Then, the nonlinear
feedback control law is used for the control of nonlinear dynamics. Zhao & Tan (2006)
proposed a neural adaptive control for sandwich systems with hysteresis. The neural
network based hysteresis compensator is developed to compensate for the effect of the
hysteresis. Furthermore, Zhao et. al. (2007) presented an adaptive control strategy for
sandwich systems with dynamic hysteresis based on Duhem hysteretic operator. Corradini
et. al. (2007) proposed a variable structure control of nonlinear uncertain sandwich systems
with hysteretic block. Therefore, the control of sandwich systems with hysteresis has
become one of the interesting topics in control engineering domain.

It is known that the existence of hysteresis in actuators often leads to oscillation and
undesirable inaccuracy. Therefore, the main purpose of design a control scheme for
sandwich system with hysteresis is to eliminate the side effect of hysteresis inherent in the
system and force the system to track the reference trajectory. Note that hysteresis is a non-
differentiable nonlinear system with multi-valued mapping. Moreover the structure of the
sandwich system is rather complex. Hence, it is not easy to construct a compensator for the
hysteresis in such system. Therefore it is a real challenge to develop a control strategy for the
dynamic systems with sandwiched hysteresis.

In this chapter, a mathematical description of the sandwich systems with hysteresis will be
described in section 2. Then, in section 3, the control architecture for the sandwich systems
with hysteresis will be illustrated. In this architecture, a neural network based inverse model
is constructed to cancel the effect of the first dynamic block of sandwich system. Then, the
sandwich system can be transformed to a nonlinear system preceded by hysteresis which
can be described by a Hammerstein model with hysteresis. In Section 4, a neural network
based estimator will be developed in terms of a proposed expanded input space with
hysteretic operator. The developed neural hysteretic estimator can be used to compensate
for the system residual caused by the effect of hysteresis. Section 5 will present an adaptive
control strategy based on pseudo inverse control technique for the obtained Hammerstein
system with hysteresis. One of advantages of the controller is that it does not need to
construct the hysteresis inverse to cancel hysteretic effect. The neural control strategy and
the corresponding adaptive law based on the Lyapunov stability theory will be developed.

Ser
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Furthermore, Comparison of the simulation results between the proposed method and the
PID control strategy will be illustrated in Section 6. Section 7 will present the remarks and
conclusions of this Chapter.

2. Mathematical Description of Sandwich Systems with Hysteresis

The structure of the sanwich system with hysteresis is shown in Fig.3. Suppose the
nonlinear single-input-single-output (SISO) system with sandwiched hysteresis is described

n—1 1 m m-1 1
li: f;-[v("),v( ),"‘,V(),V,I"( ),7"( ),"',7"(),7"]_0 (])

(n (m)

where 7 is the input, Vis the output, vV ) is the n-th order derivative of vV, r'""’ is m-th order

derivative of 7, mand n (m < n) are the orders of the input and output respectively.
H:u=H(®) )

where H presents the hysteresis nonlinearity.

X, =X,
X, = X,

L,: )
')’Cnf] - xn

x, =f,(x)+g,(x)u
and
y=x (4)

where x =[x, x,,"*-, X ]T is the system state vector, u is the input, y is the output, v is the

>7n
control input and « is the actuator output. It is assumed that s (x)and g (x) are sufficiently

. . 9 é .
smooth but unknown functions and satisfy % #0and f—u # 0. Moreover, assume that f.is

invertible. Notation g ] denotes that the hysteresis nonlinearity is not dependent on an

instantaneous value y(;) but the trajectory, v(r)e C°[0,#]. Assume that all the control and
(?) ] Y, () [0,7]

. . . -1 1 -1 1
input variables, i.e. v v ... v [y p p D L O b are known.

» [y [y _>

Fig. 3. The structure of sandwich system with hysteresis
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3. Control Architecture for Sandwich System with Hysteresis

From Fig. 3, it is known that the architecture of the sandwich system with hysteresis is
rather complex. It would be convenient for us to design a control strategy for such system if
we could find a method to simplify the structure of the system. In this section, a control
architecture for the sandwich system will be discussed. In this architecture, a neural
networks (NN) based inverse system LA;‘ will be constructed. By connecting the NN based

inverse with the system [, can form an approximate pseudo-linear unit compensator which
leads to LAfI L ~1. Then the sandwich system can be transform to a pseudo-linear unit

system connected with a nonlinear system preceded with hysteresis nonlinearity which is
shown in Fig.4. The obtained the system can be considered as a Hammerstein System with
hysteresis.

A1
U e BB oL Ly

Fig. 4. The sandwich system with a pseudo-linear unit compensation

With the above-mentioned NN based inverse, the effect of L, would be cancelled. So we can

design the controller for the system L, preceded by a hysteresis nonlinearity. Usually, the
model uncertainty of the neural network based compensator exists. That implies the NN
based compensator cannot completely compensate for the effect of [, . Therefore, a model
residual should be added to system L . Thatis 'L =1+¢&, where £ is a bounded modeling
error. Hence, the obtained system preceded by a hystersis can be described as follows:

H:u=H®), )
X, =x,
X, = X,
L: , Q)
X, , =X

n— n

x, =f,(x)+g,(x)u+é
and
y=x . (7)

The control objective is to design a control law y(¢) to force y(¢), the plant output, to track a
smooth prescribed trajectory y (¢) with an acceptable accuracy. The desired state vector is

defined as x,()=[y,,y

d>’

-y "7 where v is the (,-1s order derivative. Moreover, the

tracking error vector is defined as ¢=x-x,. It is assumed that the desired states are
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bounded, i.e. e < x, - Moreover, & denotes bounded disturbance caused by NN based
inverse, where‘g‘ <&, and £ >0.

Define the filtered tracking error as
r:[ﬂi,/iz---/lnfl,l]e:[AT,l]e 8

where A =[4,,4,-+-4,_,]" is a parameter vector to be designed. Suppose
S A ST A

is Hurwitz. Differentiating (8) and using (6), it results in
t=%, -y +[0,A"Je= £.(x)+g,()u—y +[0,A" Je+ & )

As u is the output of hysteresis which is usually unknown, an invertible function f(x,v)is

introduced to approximate f, (x)+ g, (x)u . Adding and subtracting j; (x,v) to and from the
right hand side of (9), it yields

t=8+f,(x0)+g,(u—fx,v) =y +[0,A" Je+ &
=5+F(x,u)— f(x,v) =y +[0,AT e+ & (10)
=5+ f(x,v,u) =y +[0,A" e+ &

where 0 = /} (x,v) is the so called pseudo-control (Calis & Hovakimyan, 2001) and
(Hovakimyan & Nandi ,2002), F(x,u) = f,(x)+g,(x)u and f (x,v,u)=F(x,u)— f (x,v)is the

system residual. As j} (x,v) is invertible with respect to v and satisfies (Calis & Hovakimyan,
2001):

oF ou of
1. —_——= -, 11
sen ou ov sen ov ()
and
2|7, erau "
ov| 2|0u ov

In order to design the corresponding control strategy, the approximation of the nonlinear

residual f (x,v,u) is required. Neural networks would be one of the recommended

alternatives to model this residual. However, f(x,v,u) involves the characteristic of
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hysteresis, the traditional nonlinear identification methods such as neural modeling
technique usually cannot be directly applied to the modeling of it since the hysteresis is a
non-linearity with multi-valued mapping (Adly & Abd-El-Hafiz, 1998). In Section 4, we will

present a method to construct the neural estimator for ]7 (x,v,u) to compensate for the effect

of hysteresis. Moreover, a corresponding adaptive control method based on the control
archieture stated-above will be illustrated in Section 5.

4. Neural Estimator for System Residual

In order to approximate the system residual, neural network can be considered as an
alternative. However, the system residual contains the characteristic of hysteresis which is a
system with multi-valued mapping. In this section, a hysteretic operator is proposed to
construct an expanded input space so as to transform the multi-valued mapping of
hysteresis into a one-to-one mapping (Zhao & Tan, 2008). Thus, the neural networks can be
used for modeling of hysteresis based on the expanded input space with the hysteretic
operator. The proposed hysteretic operator is defined as:

h(x)=(1-e"""Yx—x,)+h(x,), (13)

where x is the current input, 4(x)is the current output, x, is the dominant extremum

adjacent to the current input x. s(x,) is the output of the operator when the inputis x, .

Lemma 1: Let x(1)e C(R") , where g*={r|/>0} and C(R") are the sets of continuous

functions on R". If there exist two time instants ¢, ¢, and ¢, #¢,, such that x(¢) = x(¢,),

x(t,) and x(¢,) are not the extrema, then h[x(t, )] - h[x(tz )] .
Proof: For x(t) decreases or increases monotonically, (13) becomes

hox) = h, () =[1- e< Nx-x,)+h(x,),  #)>0 "
hde (x) = (l_eA7XP )('x—xp)+h(xp)7 X(t) <0

hvi,, (X) = ef(x—xp) . (x _ .X]] ) + [1 _ e*(x—xp)]
=1 _[1 - (x - xp)]/ekx” . (15)

>1-1/e"" >0

Therefore, , (x) is monotonic. Similarly one can obtain that j, (x) is monotonic. It is noted
that 7, (x) is obtained from 7, (x)=(1-€e*)x (x>0) . That means its origin moves
from (0,0) to (x,,A(x,)) . Similarly #,(x) is obtained from #h,,(x)=(1-e")x (x<0) . It

represents that its origin moves from (0,0) to (x,,A(x,)) . AS h,(=x) =—h,,(x) , it implies
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that i, (x) and 5, (x) are antisymmetric. Therefore it can be concluded that j (x)and s, (x)

intersect only at extrumum point (x,,4(x,)). Thatis, if x(4) and x(z,) are not the extrema,

x(t,)=x(t,), then [ x(1,)]=h[x(1,)]-

Remark: If both h(x) and H[-] are fed with the same inputv(¢) , the curve of A[v(¢)] exhibits
similarity to that of H[v()] such as ascending, turning and descending. Moreover,

since x(¢,) =x(¢,) , x(¢,) and x(¢#,) are not the extrema, r[x(t)]=h[x(1,)] - the pair
(v(t), i[v(t)]) will uniquely correspond to one of the output values of hysteresis f[y(r)].

Lemma 2: If there exist two time instants #,, ¢, and ¢ =¢,, such that a[x(z)]-h[x(z,)] — 0, then
x(t)—x(1,) > 0.

Proof:

hf"[x)(ct(lg h([); )] —k, ke(0,+®), (16)

and

x(ll)—x(tz):hi" [x(tl)];hfﬂ I:x(tz)} . (17)

It is clear that if p, [ x(t, )] —h, [ x(t, )] — 0, then x(t,)—x(¢,) - 0. Similarly, it is obtained that
ifp, [x(t, )] —h, [x(lz )] — 0, then x(¢,)— x(z,) - 0 .Thus, it leads to the following theorem, i.e.:

Theorem 1: For any hysteresis, there exists a continuous one-to-one mappingT : R* — R, such
that H[v(t)]=T(v(¢),h[v(t)]) , where {v(¢),h[v(t)]} is an expanded input space with

hysteresis operator.

Proof: The proof can be divided into two cases, i.e.
Case 1: If v(¢) is not the extrema. Based on Lemmal, if there exist two time instants ¢,, ¢,

and ¢ #¢,, then (4, hl:v :|)¢(V(;2),h[v(;2)]). Therefore, the pair (v(¢), h[v(¢)]) uniquely
corresponds to an output value of H[v(?)].
Case 2: If v(¢) is the extrema, then ) h|: (4 ]) (1 [ ]) According to the principle
of the classical Preisach modeling, i.e. H[v(t,)] = H[v(z,)], then the pair I_Etlumquely
corresponds to an output value of H[v(r)]-

Combining the above-mentioned two cases, there exists a mapping " : R* — R such that
Hv®)]=T (@), hv®)]) -

In theorem 1, the obtained mapping I' (.) is a continuous function. According to Lemma 2,
from v(4,)-v(t,) >0, it leads to H[v(t)]- H[W(,)] >0 . Also, from a[v(s)]-h[v(1,)] >0, it
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yields v(z,)—v(z,) = 0 . Then, it results in H[w(1,)]- H[v(,)] = 0. Therefore, it is derived that
I"is a continuous function. Moreover, Theorem1 indicates that the multi-valued mapping of
hysteresis can be transformed to a one-to-one mapping. It can be proved that the obtained
mapping is a continuous mapping, i.e.

Let T =[t,,0)e R, V = {v|T—->R}. Also let F = {h | T —"— R} be the input sets. Given ¢, e T [
it is obvious that v(z,) < +o0 and xfv(z,)] < +0 . So that (v(,), i[v(z,)]) € R* . Thus, it is obtained that
D ={(v(t,),Alv(t)]) | v(t,) €V, h[v(t)] € F} is acompact set.

Hence, it provides a premise to apply neural networks to modeling of the behavior of
hysteresis. Based on the proposed expanded input space with hysteretic operator, a neural

network is used to approximate the system residual, i.e. j; (x,v,u):
f(xv,u)= Wie(Vx,)+e(x,,) (18)

where o(-) is activation function, V' is the first-to-second layer interconnection weights,

W is the second-to-third layer interconnection weights, x, =(x',5,u) , & is the NN

functional reconstruction error, (&(x,, )" <gy,and gy, >0.

The above-mentioned neural network based on the expanded input space with hysteretic
operator can be used to construct the corresponding neural estimator for the system residual

]7 (x,v,u) . Thus, it can be used for the compensation for the effect of the hysteresis inherent

in the sandwich system.

5. Adaptive Control Strategy

In section 3, we introduce an architecture of the control strategy for the sandwich system
with hysteresis. In the control structure, a neural inverse model is used to compensate for
the effect of L, in the architecture of the sandwich system with hysteresis. After the

compensation, the sandwich system with hysteresis is approximately tranformed into a
Hammerstein system with hysteresis. In this section, an adaptive control strategy is
developed for the obtained Hammerstein system with hysteresis.

Assumption 1: If the weight matrices, i.e. and W of the neural estimator are respectively
bounded by Vp >(0and Wp >0,ie. ||W|| S Wp and ||V|| < Vp ,where ||||P represents Frobenius

norm. Then, the corresponding pseudo-control can be chosen as
5=y —Kr—[0,AT]le-v,, +v, (19)

where v is the term for robust design, K is a design parameter, v, is the output of neural

network, ie. v, = W o(V'x, ) where W andV are the estimated values of W and V.

nn
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From (10) and (19), notice that j; (x,v,u) depends onv,, through & . However, v , has to
be designed to cancel the effect of ]; (x,v,u) . This should assume that the mapping

o, f is a contraction over the entirely interested input domain. It has been proven by
Hovakimyan and Nandi (2002) that the assumption is held when (11) and (12) are satisfied.
Using (18) and (19), (10) can be written as

T":—Kr—WTO'(I}TxM)+WT0'(VTxm1)+v,_ +e+é. (20)
Difine

V=V-Vand W=W-W . 1)

The Taylor series expansion of o(Vx,,) for a given X, can be written as
o(Vx,)= G(VXW1 )+o '(I}xnn )I7xm1 + O(me )? (23)

where ¢'(2) =do(z)/dz|,_. and o(£)’is the term of order two. Denoting o =c(V'x,,),

z=2

G = O'(I}Tx,m) ,and 6' = a‘(l}rx,m) , with the procedure as Appendix, we have
t=—Kr+ W' (6-6Vx )+ W' 6V x, +v. +e+E+w (24)

where

w=W"(c-86)+W'6'V'x, -W'6'V'x,, . (25)
An upper bound for w can be presented as:
I R g S ae i N ey (26)
or
IWll<p,9,07.7.x,,) @7)

_ AvyrT 7T A
where §, —1+”G vV me+ x W o

, and p, = max(w ][],

Theorem 2: Let the desired trajectory be bounded. Consider the system represented by (5), (6)
and (7), if the control law and adaptive law are given by
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v=7"(x.0) (28)

5=y -Kr—-[0,A"]Je-v,, +v, (29)

W =Fl(6-6"V"x,)— ki |]] (30)

V= Rlx, 76" c kP |[] (31)

¢ =128, + D~k |z 4] (32

and

. —3(3, + 1)"%, || =0 -

0, || = 0

where F=F">0, R=R">0, y>0, g=max[p,,(ey +&,)], and §=@—¢; then the

signals e, w,V, andgg in the closed-loop system are ultimately bounded.

Proof: Consider the following Lyapunov function candidate, i.e.

1, 1 7T 177 1 ST p-177 lor 7
L=—1t"+—tr(W F " W)+—tr(V R V)+—
AT ( ) 5 ( ) 2¢7 ¢

The derivative of L will be

L=1r+ tr(WTF’]VIL/) + tr(VTR*lI;) + (/;Tf]é

Substituting (20) into (35), it yields

L=-K7*+1v, +1(w+e+&) +¢ZT)/'1¢? +trWT[F'1VI;/+ (6’—6"I7Tx,m)z']

+ trVT(R’ll} +x, W6

Substituting Vf/ =W and I7 =—V into (30) and (31) , (36) can be rewritten as

(34)

(36)

L’:—Kﬁ+Tv,+r(w+g+e:)+57&2+k|r|[tr(WTW)+tr(t7TI?)] Y
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Considering (27) and ¢ = max[p,,, (&, + &, )] ,we obtain

L<—Kt* +1v, +|t|¢(3, + 1)~ gy "'+ k| [ (W W)+ tr(V'V)] . (38)
Substituting (32) and (33) into (38), it results in

L<—K +k|e|lrW W) +tr(VTV)+ 4741 (39)
Defining
w0 0 w0 0 w0 0
Z:oVQ/Z:oVoandZ=0V0/ 39)
0 0 ¢ 0 0 ¢ 0 0 ¢
can be rewritten as
L<—K7* +kl|c|er(Z72). (40)
as (Z'2)<|Z| |21, |12
it leads to
L=k +k[| (2], 120, - 12, - 4y
That is

K[,

L e+ 2], ey Ky @)

e neeati . Kzl 1 .
Thus, L is negative as long as either "T” > AK or "Z ”F > ||Z || . - This demonstrate that 7,

W, v, and¢? are ultimately bounded. According to Assumption 1 and the definition of

7 and ¢, we can obtain that the variables e, /4 , l}and& in the closed-loop system are

ultimately bounded.

6. Simulation

In order to illustrate that the proposed approach is applicable to nonlinear system with
sandwiched hysteresis, we consider the following nonlear system:



238 Adaptive Control

v

+(0.4sinvcosv’ +0.8)r, v(0)=0

i

L, v=-0.2(sinv—cosv)— 5
1+v

H , The hysteresis is generated by the sum of N = 50 backlash operators, i.e.,

u=H[v(t)]= iui , and

w6 () > 0,u () =) —%

i, ={9(t) \'/(t)<0,u,.(t):v(t)+%

0 otherwise

where u, and d, are respectively the output and the dead-band width of 7 - th backlash
operator where i=1,2,---N (N >0 is a positive integer).The values of the dead-band
widths are evenly distributed within [0.02,1]. All the initial outputs of the operators are set
to zero. Fig. 5 shows the response of the hysteresis contained in the system.

X, =x,
Clx, =(1=-x))x, —x, +u
and
y=x.

The design procedure of the controller for the snadwich system with hysteresis will be
shown in the following.

1)  Construction of nerual network based L, inverse. An artificial neural network unit
inverse , i.e. LATI is constructed to cancel the effect of the first dynamic block, i.e. L, .
The system is excited by the input #(#) =sin2¢+cost . Then, 500 input/output
pairs of data {r;,(v,,V,)} are obtained. Using these data as learning samples, a

. 21 . .
neural network based inverse L, is constructed. The architecture of neural

network based inverse model consists of 2 input nodes, 10 hidden neurons and 1
output neuron. The sigmoid function and linear function are respectively used as
activation function in the hidden layer and the output layer. The conjugate
gradient algorithm with Powell-Beale restarted method (Powell, 1977) is used to
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train the neural network. The compensation result of the NN based 1:;' is shown in

Fig. 6. It is known that there are some larger error happened in the beginning. Then
it is gradually reduced as the control proceeded.

2

u(t)
o

o 2 4 6 8 10 12 14 16 18 20
time

Fig. 6. The compensation error of NN based LA;I

2) Neural approximator of system residual: The neural network used to approximate f (x,v,u)

consists of 4 input nodes, 35 hidden neurons and 1 output neuron. The input of the NN
1

l+e"

3) The selection of the controller parameters: The other parameters of the controller are

respectively chosen as 4, =2,K =11,k =0.001 ,}/=0.1,f(x,v)=v,F:81, and R=51,

where [ is the unit matrix.

4) PID control for comparison: In order to compare the control performance of the proposed
control strategy with the PID controller , we choose

v(t) =—22¢,+ [ et —13e,

isx =(x",8,u) . The activation function is o(x) =
nn (
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where ¢ =y-y, , e,=y—y, . Moreover, the desired output of the system

isy,(t)=0.1z[sin2¢ —cos?] .

— — - system output y

desired output yd

z @ B B 0 1z 14 16 18
time.

Fig. 7. The control response of the proposed method

From Fig.7, it is known that the control performance of the proposed controller has
achieved good control response. Also, Fig.8 illustrates the control performance of the PID
controller. It can be seen that the PID control strategy has led to larger control error when
the reference signal achieves its local extreme. However, the proposed control strategy
obtained better control performance. It can obviously derive more accurate control result.

7. Conclusions

An adaptive control strategy for nonlinear dynamic systems with sandwich hysteresis is
presented. In the proposed control scheme, a neural network unit inverse is constructed to
compensate for the effect of the first smooth dynamic subsystem. Thus, the sandwich system
with hysteresis can be transformed to a Hammerstein type nonlinear dynamic system
preceded by hysteresis. Considering the modified structure of the sandwich system, an
adaptive controller based on the pseduo-control technique is developed. In our method, a
neural network is used to approximate the system residual based on the proposed expanded
input space with hysteretic operator. The advantage of this method can avoid constructing
the hysteresis inverse. Then, the adaptive control law is derived in terms of the Lyapunov
stability theorem. It has been proved that the ultimate boundedness of the closed-loop
control error is guaranteed. Simulation results have illustrated that the proposed scheme has
obtained good control performance.

Fig. 8. The control response of the PID control method
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8. Appendix

From (20), the approximation error can be written as:

Wiec-W'é
“Wo-Wo+Wo-W'é
=W'o+W'(c-6)

Substituting (23) into (A1), it yields

GV'x, +o(V x, )+ W' (6'V'x +0(VTx )%)

nn nn

"6+ W6 17 + WV ix, +W o(Vx,,
+ Vix

lm nn

-W'é6 VTx +W's VTx +WT0(VTx )?

nn

Wx )+WT0' Vix,, +WTS VTx +WT0(VTx ).

nn

Q>

Defining w = w'é'v .t WTO(VTxm) (A2) becomes

Wie-W'é

=W (6-6V x, )+ W 6V x, +w.

So that

w=W'ec-W'6-W'(6-6V'x,)-Wé'V x
T

nn

A

=W'o-W'G+W'6'V'x, —-W'6'V'x,
=W (c-8)+W'6'V x, -W &'V x, -W'6'V'x,
=W (c-6)+W'6V'x, -W'6'V'x,

9. Acknowledgement

(A1)

(A2)

This research is partially supported by the Innovation Program of Shanghai Municipal
Education Commission (Grant No.:.09Z2Z141), the National Science Foundation of China
(NSFC Grant No.: 60572055) and the Advanced Research Grant of Shanghai Normal

University (Grant No: DYL200809).

10. References

Taware, A. & Tao, G. (1999). Analysis and control of sandwich systems, Proceeding of the 38t
conference on decision and control, pp.1156-1161, Phoenix, Arizona, USA, December

1999



242 Adaptive Control

Tao, G. & Ma, X.(2001).Optimal and nonlinear decoupling control of system with
sandwiched backlash, Automatica, Vol.37, No.1, 165-176.

Hovakimyan, N.& Nandji, F.(2002). Adaptive output feedback control of uncertain nonlinear
systems using single-hidden-layer neural networks, IEEE Transactions on Neural
Networks, Vol.13, No.6, 1420-1431

Calis, A.& Hovakimyan, N. (2001). Adaptive output feedback control of nonlinear systems
using neural networks, Automatica, Vol. 37, 1201-1211.

Powell, M.(1977). Restart procedures for the conjugate gradient method, Mathematical
Programming, Vol. 12, 241-254.

Zhao, X.; Tan, Y. & Zhao, T.(2008). Adaptive control of nonlinear system with sandwiched
hysteresis using Duhem operator, Control and Decision, Vol. 22, No. 10, 1134-1138

Corradini, M., Manni, A & Parlangeli, G. (2007). Variable structure control of nonlinear
uncertain sandwich systems with nonsmooth nonlinearities,Proceedings of the 46th
IEEE Conference on Decision and Control, pp. 2023-2038

Zhao, X. & Tan, Y.(2006). Neural adaptive control of dynamic sandwich systems with
hysteresis, Proceedings of the 2006 IEEE International Symposium on Intelligent Control,
pp. 82-87

Adly, A.A.& Abd-El-Hafiz, SK. (1998). Using neural networks in the identification of
Preisach-type hysteresis models. IEEE Trans. on Magnetics, Vol. 34, No.3, 629-635

Zhao, X. & Tan, Y. (2008). Modeling hysteresis and its inverse model using neural networks
based on expanded input space method,I[EEE Transactions on Control Systems
Technology, Vol. 16, No. 3, pp. 484-490



11

High-Speed Adaptive Control Technique Based
on Steepest Descent Method for Adaptive
Chromatic Dispersion Compensation in Optical
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1. Introduction

The traffic volume of the data transmission is increasing each year with the explosive
growth of the Internet. The networking technologies supporting the data transmission are
optical fiber transmission technologies. In the physical layer, the networks are classified into
three networks, the long-haul network that connects city to city, the metropolitan area
network that connects the central station in the city to the neighboring base station, and the
access network that connects the base station to the home. In order to adapt to the increase
of the data transmission, we need to achieve high-speed transmission and increase the
capacity of transmission in each network.

In the access network, many kinds of passive optical networks (PON) are studied to offer a
high-speed access to the Internet at low cost. In the metropolitan area network, we
contemplate the update of the network structure from the conventional peer-to-peer
transmission to the ring or mesh structure for the high-capacity and highly reliable networks.
In the long-haul network, the study on multilevel modulation such as the differential
quadrature phase shift keying (DQPSK) is a recent popular topic for the high-capacity
transmission because the multilevel modulation utilizing the phase information offers high-
speed transmission without increasing the symbol rate. Other modulation and multiplexing
technologies are also studied for the high-capacity networks. The orthogonal frequency
division multiplexing (OFDM) is one of the wavelength division multiplexing methods and
achieves high spectral efficiency by the use of orthogonal carrier frequencies. The optical
code division multiple access (OCDMA) is a multiplexing technique in the code domain.
These techniques are developed in the wireless communication and modified for the optical
transmission technologies in these days.

In the long-haul and the metropolitan area networks whose transmission distance is over 10
km in 40 Gb/s, chromatic dispersion (CD) is one of the main factors which limits the
transmission speed and the advances of the network structure. The CD is a physical
phenomenon that the group velocity of light in the fiber depends on its wavelength
(Agrawal, 2002). The CD causes the degradation of the transmission quality as the optical
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signals having a spectral range are distorted by the difference of the transmission speed in
the wavelength domain. The effect of dispersion increases at a rate proportional to the
square of the bit-rate.

In the high-speed optical transmission over 40 Gb/s, we have to compensate for the CD
variation caused by the change of strain and temperature adaptively in addition to the
conventional static CD compensation because the dispersion tolerance is very small in such
a high-speed transmission. Also, in metropolitan area networks employing reconfigurable
networking technology such as the mesh or ring network, the transmission route changes
adaptively depending on the state of traffic and the network failure. As the CD value
depends on the length of the transmission fiber, we have to compensate for the relatively
large CD variation caused by the change of the transmission distance.

With the aforementioned background, many researches and demonstrations have been
conducted in the field of the adaptive CD compensation since around 2000 (Ooi et al., 2002;
Yagi et al., 2004). The adaptive compensations are classified into two major groups, the
optical compensations and the electrical compensations. In the electrical compensation, we
utilize the waveform equalizer such as the decision feedback equalizer (DFE), the feed
forward equalizer (FFE) or the maximum likelihood sequence equalizer (MLSE) after
detection (Katz et al., 2006). These equalizers are effective for the adaptive CD compensation
because they act as a waveform reshaping. The compensation based on DEF and FFE has
advantages that the equalization circuit is compact and implemented at low cost. However,
the compensation range is limited because the phase information of the received signal is
lost by the direct detection. The MLSE scheme is very effective in 10 Gb/s transmission.
However it is difficult to upgrade high bit-rate over 40 Gb/s because the scheme requires
high-speed A/D converter in implementation.

In the optical domain, the adaptive CD compensation is achieved by the iterative feedback
control of a tunable CD compensator with a real-time CD monitoring method as shown in
Fig. 1. Many types of tunable CD compensators are researched and developed recently. The
tunable CD compensator is implemented by the devices generating arbitral CD value. Also,
many kinds of CD monitoring methods are studied and demonstrated for the feedback
control of tunable CD compensators. While the compensation devices and the dispersion
monitoring methods are studied with keen interest, the adaptive control algorithm, how to
control the tunable CD compensator efficiently, has not been fully studied yet in the optical
domain CD compensation. When the tunable CD compensator is controlled iteratively for
the adaptive CD compensation, the control algorithm affects the speed of the compensation
to a great degree as well as the response time of the compensation devices and the
monitorings. Although the simple hill-climbing method and the Newton method are
employed as a control algorithm in many researches and demonstrations, these algorithms
are not always the best control algorithm for the adaptive CD compensation.

:£ Tunable CD Real-time CD Ei

compensator monitoring

I |

Feedback control (search control algorithm)

Fig. 1. Adaptive CD compensation in the receiver.
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In this chapter, we report the adaptive CD compensation employing adaptive control
technique in optical fiber communications. We propose a high-speed and low cost adaptive
control algorithm based on the steepest descent method (SDM) for feedback control of the
tunable CD compensator. The steepest descent approach has an ability to decrease the
iteration number for the convergence. We conducted transmission simulations for the
evaluation of the proposed adaptive control technique, and the simulation results show that
the proposed technique achieves high-speed compensation of the CD variation caused by
the change of the transmission distance in 40 Gb/s transmission.

The organization of this chapter is as follows. In Section 2, we explain the fundamentals of
CD and adaptive CD compensation in optical fiber communications for the background
knowledge of this research. Then we propose the adaptive control technique based on the
SDM for adaptive CD compensation in Section 3. In Section 4, we show the demonstrations
and performance analysis of the proposed technique in 40 Gb/s transmission by simulations.
Finally, we summarize and conclude this paper in Section 5.

2. Chromatic Dispersion in Optical Fiber Communications

2.1 Fundamental of chromatic dispersion

The group velocity of the light depends on its wavelength when the light is propagating in
mediums. This phenomenon is called CD or group velocity dispersion (GVD). In optical
communications utilizing the optical fiber as a transmission medium, the optical pulse is
affected by the CD as the propagation time depends on the constituent wavelength of the
optical pulse as shown in Fig. 2. The CD has two contributions, material dispersion and
waveguide dispersion in a single mode fiber (SMF). The material dispersion is attributed to
the characteristics of silica that the refractive index changes with the optical wavelength. The
waveguide dispersion is caused by the structure of optical fiber, the core radius and the
index difference.

Considering optical propagation in the fiber, the propagation constant £is a function of the
angular frequency wand expanded by Taylor expansion as follows.

@) =Py + P@-0)+ 5 ful-0,) 4 fr(w-a)) +-- o)

Here, an is a center angular frequency, and f, £, f and f are Taylor’s coefficients. The
time required for the propagation of unit length zis obtained by differentiating partially the
propagation constant Sas follows.

T(w):ﬂl+ﬂ2(60—a)0)+%ﬂ3(a)—a)0)2+... (2)

It is confirmed from (2) that the required time is angular frequency dependent; the
propagation time of optical pulse depends on the wavelength in optical communications.
The coefficients /% and f; are first-order and second-order constants indicating the degree of
the angular frequency dependence, respectively. Assuming that the second-order CD is
negligible, the CD parameter is defined as
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OpticalFber

Fig. 2. Schematic diagram of chromatic dispersion.

dr 27
FrARR B ®)
where c is the speed of light. The unit of the CD parameter is ps/nm/km.
In SMF, the CD parameter is zero at around 1300 nm and about 20 ps/nm/km at the typical
wavelength used for optical communications, around 1550 nm. We have many
characteristics of optical fibers such as dispersion shifted fiber (DSF) whose CD parameter is
zero at around 1550 nm for the reduction of CD effect in optical fiber communications, and
dispersion compensating fibers (DCF) whose CD parameter is minus value for the purpose
of static CD compensation.
In optical fiber communications, the optical pulse is affected by the CD as it has relatively
wide spectral range corresponding to the bit-rate. Assuming that the optical pulse is a
Gaussian waveform for the simplicity, the waveform in time-domain is expressed as

T2
U(,T)= exp(— 7 ] @

0

where Ty is a full width at half maximum (FWHM) of the pulse. When the pulse is
transmitted for arbitral distance z, the waveform is affected by the CD and distorted as

U(z,T)= To exp{— r ] (5)
’ (To2 _J.ﬁzz)”2 2(To2 = Jjp,2)
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Fig. 3. Optical pulses affected by chromatic dispersion.
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Fig. 4. Interference of neighboring pulses in optical communication.

where we neglect the second-order CD for simplicity as the first-order CD is dominant.
Figure 3 shows the waveforms of optical pulse when we change the product of £ and z
under the condition that To=100 ps. The larger the product of /% and z is, the wider the
FWHM of the transmitted waveform is; the effect of CD is larger in the case that the
transmission distance is longer and the CD parameter is larger. If the FWHM of the optical
pulse gets wider, the possibility of the inter symbol interference (ISI) is higher as shown in
Fig. 4. As the ISI causes code error in optical communications, the transmission distance is
limited by the CD. Also, the maximum transmission distance is reduced according to the bit
rate of the transmission B because the FWHM of the optical pulse Ty is decreased when the
bit rate increases. We can also understand it from the fact that the spectral width is wide in
short optical pulse. The effect of CD on the bit rate B can be estimated and the CD tolerance
Dr, the limitation of CD that the quality of the transmission is assured, is expressed as
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[Dr] < BzAA ©)

where AA is the range of wavelength in the optical pulse. The CD tolerance is inversely
proportional to the bit rate and the transmission distance and the wavelength range of the
input pulse.

2.2 Adaptive chromatic dispersion compensation

As mentioned in Section 1, the adaptive CD compensation is an essential technology for
high-speed optical fiber communications as the CD tolerance is very small in the systems
whose transmission speed is over 40 Gb/s. Many researches have been conducted for the
adaptive CD compensation in optical communications. The principle of the CD
compensation is very simple as shown in Fig. 5. We can achieve the CD compensation by
placing a transmission medium which has the inverse CD value of the transmission fiber in
the transmission line. The adaptive CD compensation is achieved by changing the
compensating CD value adaptively according to the CD in the transmission fiber. The
conventional setup of the adaptive CD compensation is shown in Fig. 1; the tunable CD
compensator is feedback controlled with the real-time CD monitoring. In this section,
tunable CD compensators and CD monitoring techniques are briefly introduced for the
background information of the adaptive control algorithm to be proposed.

We have many types of tunable CD compensators for the adaptive compensation. They are
basically implemented by the dispersive medium with the function of tunability, for
example, chirped fiber Bragg grating (CFBG) with heater elements (Matsumoto et al., 2001;
Eggleton et al., 2000), micro-electro mechanical system (MEMS) (Sano et al.,, 2003), ring
resonator (Takahashi et al., 2006), and so on. We adopt a virtually imaged phased array
(VIPA) compensator in the following research. The VIPA compensator is a tunable CD
compensator, which is consisted of the combination of a VIPA plate and a three dimensional
adjustable surface mirror (Shirasaki, 1997, OOi et al., 2002). The VIPA plate operates as a
grating, and the specific spectral components of light is reflected by the mirror to induce CD.

group dehy group deky
T T

At A
wavekngth wavekngth

group deky of
optical fioer

group dehy
T

group dehy of
compensator

A
wavekngth

group dely after com pensation
Fig. 5. Principle of chromatic dispersion compensation.
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Response | Cost Relationship Monitoring | Pilot
time between range signal
transmission
quality and

monitoring signal

Clock power level

monitoring Good Good Fair Good N(.)t

required
method

Clock phase . Not
detection method Good Fair Good Poor required

Eye-diagram Good Fair Excellent Good N(.)t
required
BER Fair Poor Excellent Good Required

Table 1. Performances of feedback signals in adaptive CD compensation

We can generate arbitral CD value as the change of the geometry of the three dimensional
mirror. In the VIPA compensator, wide compensation range, +1800 ps/nm in 10 and 40
Gb/s, is achieved by the appropriate design of the three dimensional mirror.

Also, many kinds of CD monitoring methods are studied and demonstrated for the feedback
control of the tunable CD compensators. The typical monitoring signals are bit error rate
(BER), eye-diagram, clock power level (Sano et al., 2001), and phase difference of clock
signals (Qian et al., 2002). We show the performance comparison of the feedback signals for
adaptive control of the tunable CD compensator in Table 1. The requirement of pilot signal
is the disadvantage for the BER as the monitoring signal. If we consider each characteristic
of the feedback signal, the extracted-clock power level or the eye-diagram is better for the
feedback signal in adaptive CD compensation. We adopt the eye-opening value obtained
from the eye-diagram as the feedback signal in the adaptive control method to be proposed.

3. High-Speed Adaptive Control Method Based on Steepest Descent Method

In this section, we propose a method of high-speed adaptive control of tunable CD
compensator for adaptive CD compensation. We apply the steepest descent method to the
adaptive control algorithm in order to reduce the compensation time. The approximation of
partial derivative for the steepest descent approach is proposed and applied to the control of
the VIPA compensator.

3.1 Steepest descent-based control algorithm for adaptive chromatic dispersion
compensation

The adaptive control system must be low cost, high-speed, and applicable to wide
dispersion ranges for the adaptive CD compensation in optical communications. Most
control systems require high-cost measuring instruments for the CD monitoring. We
therefore propose the feedback control method that does not require high-cost CD
monitoring. In our proposal, the feedback signal is a received waveform in the time domain.
The tunable CD compensator is controlled repeatedly to reshape the waveform. The
measurement of the waveform is relatively easy and uninfluential in the transmission



250 Adaptive Control

conditions such as pilot-signal requirements. Conventional feedback control is based on the
hill-climbing method, which requires a lot of time for optimization. We have therefore
applied the steepest descent method to the feedback control for high-speed compensation.
Figure 6 shows an optical dynamic routing network with the adaptive CD compensation.
Transmitted signals are passed through a route that is chosen arbitrarily among optical
paths, being affected by the CD. In the receiver part, the degraded signals are fed into the
tunable CD compensator and the dispersion is compensated. The adaptive dispersion
compensation is achieved by the combination of a tunable CD compensator and a controller.
The compensated signals are received by a photodiode and demodulated.

Receiver
Tunable dispersion

comgensator Photo diode

ﬁcontrol signal

VA
Controll out "
Onff er <= Am|_p|>||f|er

Transmitter

All-Optical Routing Network

Laser  Modulator
7 2
Vv [ V

. . ~
/..Received signal
frer:Memorized reference signal

Demodulator
(received signal without dispersion) OXC: Optical cross connect

Fig. 6. Schematic diagram of all-optical dynamic routing network with the adaptive
dispersion compensation technique.
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Fig. 7. Procedure of proposed steepest-descent-based control.
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The tunable compensator is controlled by our proposed adaptive control method based on
the steepest descent method. The proposed procedure of the controller is shown in Fig. 7,
where P,,; and Py are the eye-opening values (normalized as P, = 1) of the received and
reference signals, foi; and f.s respectively. In this method, we measure and register the
reference signal, f,r which is a received signal unaffected by the CD. The reference signal is
determined from the characteristics of the transmitter-receiver set. Therefore, we can copy
the reference signal to other receivers after it has been measured once.

The first step is a calculation of an error value: Er. The error value is defined as the
difference between the eye-opening values, Py, and Pyy.

Er=2(Py =P, ®

The next step is a calculation of partial derivatives of Er in terms of the control parameters,
xi (i=1,2,..., n), for the update based on the steepest descent method.

OEr OP
— _ » out 8
axi ( out ref ax ( )

i

We need to measure small changes in P, when x; changes slightly in order to get the
accurate partial derivatives of Py, with respect to x;. However, this is unrealistic as it takes a
lot of time for the measurement and our goal is to achieve quick CD compensation.
Therefore, we approximate the partial derivatives of P,; with respect to x;. The
approximation is to be mentioned at the next subsection.

In the final step, the control parameters are update as

X, = X, — 5@ )
Oox;

i

where ¢ is an appropriate constant concerning the speed and accuracy of the convergence.
We repeat this procedure until the transmission quality becomes optimal. The required
number of update iterations is fewer than that of the normal feedback control based on the
hill-climbing method due to the steepest descent approach. In practical all-optical dynamic
routing networks, the procedure is repeated all the time as the transmission route changes at
frequent intervals.

3.2 Approximation of partial derivatives for steepest descent approach

To approximate the partial derivatives of P,,; with respect to x;, we need to know the change
in one-bit waveforms of the received signal, wo.(t), caused by the change in x;. When we
assume that the waveform of the transmitted signal is a Gaussian-like pulse (the peak level
is unity) just like in the approximation in return-to-zero transmissions and that the
transmission is affected only by the CD, the waveform, wo.(t) is calculated analytically in
terms of the CD values of the transmission fiber, Dyy.r ps/nm and TDC, Drpc ps/nm, as
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vpeak2 ?

Wout (t) = Vpeak exp — 2 (10)
FWHM
T 2
v;z)euk = [T 2 (11)
2 s D s D
T, +|—D, +—
FWHM 27ZC fiber 27Z'C TDC

where Trwum is the FWHM of the transmitted signal, A is the center wavelength , ¢ is time,
and c is the speed of light. The partial derivative of wo.(t) with respect to x; is calculated
from (10) and (11).

2
6Wou[ (t) —+ vpeak
OX;

2 2 2 2 P
1— v 2 2t Vpeak -1 ex -t Vpeak /1 6DTDC
T 2 peak 2 Y 2

FWHM FWHM FWHM

12
2me Ox, 1)

Equation (10) shows that the value vy is the peak level of wy.(t). We can measure it in a
practical system. Therefore, (12) shows that we can obtain the approximated partial
derivative of w,.(t) with respect to x; because Trwnm and A are known parameters. We obtain
the partial derivative of the peak value in we.(t) by substituting 0 for ¢.

2 2
=+ vpeuk 1 2 ﬂ, aDTDC

—y 2.
eak
2 i’ 2 ox,

D] O
ox; | ox

(13)
i =0 i TFWHM

The value of vy corresponds to the eye-opening value in nonreturn-to-zero (NRZ)
transmission approximately. Therefore, the partial derivative of P,; with respect to x; is

approximated as follows.
2
a})ouz =4 R)uz h—P 2 /12 aDTDC (14)
ox, y—— M 2w ox,

3.3 Detailed control algorithm for VIPA compensator

In the simulations described in the next section, we employ a VIPA compensator as the
tunable CD compensator. The VIPA compensator has a single control parameter, i.e. CD S
ps/nm. The detailed control procedure of the VIPA compensator is as follows. In general,
we can apply the proposed method to any kind of tunable CD compensators.

(i) Initialize the parameter of the VIPA compensator: S ps/nm
S =0 ps/nm (15)

(ii) Calculate the error value: Er
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The error value, Er, is derived from (7).
If P,y is zero, we go to (iii), otherwise to (iv).

(iii) Update S by the hill-climbing method
S=S-AS (16)
where AS ps/nm is an appropriate small constant. We then go on to (v).
(iv) Update S by the steepest descent method

We calculate the partial derivative of Er from (8) and (14).
The partial derivative of P, with respect to S is approximated as

oP, P, ’
out _ 4 out 5 1— guzz . A (17)
oS y{— 2mc
The parameter S is updated as
OF
S=>S-er (18)
as

where ¢is an appropriate constant. We then go to (v).
(v) Judge the error value: Er

We calculate Er again by using (7). If Er increases or becomes small enough, the
procedure stops. Otherwise, we go back to (ii) and repeat the same process.
However, in practical all-optical dynamic routing networks, the compensation
process is repeated all the time as the dispersion value changes frequently.

4. Transmission Simulations at 40 Gb/s

4.1 Simulation results in NRZ-OOK transmission at 40 Gb/s

Numerical transmission simulations using OptiSystem were conducted to verify the
application of the proposed technique to 40 Gb/s optical fiber transmission system. In the
proposed control method, we have to set the constants for search, ¢ and AS, appropriately.
They were adjusted for the 40 Gb/s transmission and set at 3x10> and 30, respectively. The
output power of a distributed feedback laser diode (DFB-LD) at the transmitter was 0 dBm.
We supposed that the modulation format were NRZ-OOK. The central wavelength of the
transmitted signal was 1550 nm. The transmission path was a non-zero dispersion shifted
fiber (NZ-DSF). We assumed that CD, polarization mode dispersion (PMD), self-phase
modulation (SPM), and other nonlinearity affect the transmitted signal. The power loss was
amplified to 0 dBm by an erbium-doped fiber amplifier (EDFA) after both of the fiber
transmission and the dispersion compensation by the VIPA compensator. The EDFA, the
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Fig. 8. BERs at every update of the compensator (a) 0>20km, (b) 20>25km.
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Fig. 9. Eye-diagrams at every update of the compensator (a) 0->20km, (b) 20->25km.

receiver, and other optical components were assumed to have moderate levels of noise.

Transmission simulation results are shown in Fig. 8 and Fig. 9. In these simulations, the
initial value of S was set at 0. Fig. 8 shows the BERs at every update of the VIPA
compensator when the transmission distance changes (a) from 0 to 20 km (dispersion: 0 =
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100 ps/nm) and (b) from 20 to 25 km (dispersion: 100 - 125 ps/nm). The compensation
improved the BER (a) from 1.0x10° to 1.0x10-15 and (b) from 7.41x1038 to 1.0x10-15,
respectively. As shown in Fig. 9, the eye-diagrams measured by a sampling oscilloscope
were found reshaped. These results show that the CD compensation with the proposed
control method improve the transmission quality.

The update iteration number to achieve a sufficiently low BER (<109) were four and two,
respectively in these two cases. A single calculation of the next dispersion value requires less
than 10 ms. The response time of the VIPA compensator is 2 ms for every 1 ps/nm
compensation. Therefore, the time required for +400 ps/nm CD compensation is about 1 s,
which is determined practically by the response time of the VIPA compensator. This
technique achieves a high-speed adaptive control of a tunable CD compensator in 40 Gb/s
transmission since the update iteration number is small and the calculation time with the
proposed approximation is short enough. The proposed technique is more effective if the
response time of the tunable CD compensator is faster as the required iteration number is
decreased by our proposed adaptive control technique based on the steepest descent
method.

4.2 Compensation range and required iteration number

Figure 10 shows the compensation range of the proposed method at 40 Gb/s. We measured
BERs before and after compensation when the CD value changed from 0 ps/nm to arbitrary
value. The compensation range in which the BER after compensation is less than 10 is
about from —450 to 450 ps/nm, corresponding to a NZ-DSF path-length change of about +90
km. This range is wide enough for compensating the change of CD caused by dynamic
routing. In this wide compensation range, the iteration number required for error free
transmission (BER<10) is less than 15. The fast adaptive CD compensation is also achieved
by the proposed adaptive control technique as the required iteration number is small.

° Before compensation
A After compensation

5 COGDO © © 0 000 0 000 000 0000 0 0 0 00000 &

Bit Error Rate

A A A AAAAAMNBEALA A A AAAA A

1 0-1 6 " 1 1 L !
-600 -400 -200 0 200 400 600

Dispersion [ps/nm]
Fig. 10. Compensation range of the proposed method at 40 Gb/s.
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5. Conclusion

In this chapter, we have proposed high-speed adaptive CD compensation with the adaptive
control method based on the steepest descent method and reported the performances
evaluated by numerical simulations.

The simulation results show that the proposed control method based on the steepest descent
method controls the tunable CD compensator quickly and effectively for a wide dispersion
range in 40 Gb/s transmission. The range is up to +450 ps/nm, and the required
compensation time is about 1 s for the CD variation within +400 ps/nm at 40 Gb/s. These
achievements are valuable for the future optical networks employing dynamic routing
technique.
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1. Introduction

Hysteresis phenomenon occurs in all smart material-based sensors and actuators, such as
shape memory alloys, piezoceramics and magnetostrictive actuators (Bank & Smith, 2000;
Tan & Baras, 2004). In order to study this phenomenon, different models were proposed
(Brokate & Sprekels, 1996; Visintin, 1994). Normally, hysteresis models are classified into
two categories, physics-based model such as Jiles-Atherton model (Jiles & Atherton, 1986)
and phenomenology-based model such as Preisach operator (Brokate & Sprekels, 1996;
Visintin, 1994) and Duhem model (Visintin, 1994). From control systems point of view,
hysteresis is generally non-differentiable, nonlinear, and unknown. As a result, systems
with hysteresis usually exhibit undesirable inaccuracies or oscillation and even instability.
Mitigating the effect of hysteresis becomes necessary and important, thus it has received
increasing attention in recent years (Tao & Kokotovic, 1995, Su, et al, 2000, Su, et al, 2005).
Many of these studies are related to modeling of hysteresis and their control issues.

With the development of artificial intelligent (AI), Al is being applied to dealing with
nonlinearities in systems (Ge & Wang, 2002). Only a few studies have been carried out by
using NN to tackle hysteresis modeling and compensation (Makaveev, et al, 2002;
Kuczmann & Ivanyi, 2002; Beuschel et al, 1998; Zhao & Tan, 2006). In the paper (Makaveev,
et al, 2002), a NN model is used to describe the hysteresis behavior in different frequencies
with the knowledge of some properties of magnetic materials, such as loss separation
property to allow the separate treatment of quasi-static and dynamic hysteretic effects.
Beuschel et al used (Beuschel et al, 1998) a modified Luenberger observer and NN are used
to identify a general model of hysteresis. These researches demonstrate that NN can work as
an unknown function approximator to describe the characteristics of hysteresis. Recently,
two papers (Zhao & Tan, 2006; Lin et al 2006) applied the approximation property of NN to
coping with the identification of Preisach-type hysteresis in piezoelectric actuator, and the
hysteresis estimation problem for piezo-positioning mechanism based on hysteresis friction
force function, respectively. It should be noted that the aforementioned results share a
common assumption that the output of hysteresis is measurable.

In practical systems, smart actuators are integrated into the systems, which makes the
measurement of output of hysteresis hard. Hence it is a challenge to design an observer for
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the unavailable output of hysteresis. Due to the unavailability of the output of hysteresis,
the major obstacle of pre-inversion compensator for hysteresis is the lack of effective
observer design methods for piezoelectric actuators. Especially, the traditional “Luenberger-
type” nonlinear observer design (Krener & Isidori, 1983) or the “high-gain” observer
(Krener & Kang, 2003) cannot be applied directly, since the hysteresis is highly nonlinear.
The sliding-mode observer was developed to estimate the internal friction states of LuGre
model for the servo actuators with friction (Xie, 2007). This observer needs a low-pass filter
to remove the high-frequency components in the estimated state variable, which is not
applicable in this paper. Yang and Lin (Yang & Lin, 2004) proposed homogeneous
observers design for a class of n-dimensional inherently nonlinear systems whose Jacobian
linearization is neither controllable nor observable.

Inspired by NN'’s universal approximation property, and the aforementioned facts in
observer design, we propose an observer-based adaptive control of piezoelectric actuators
with unknown hysteresis in this paper. The main contribution of this paper is the following;:
First, it applies the NN to on-line approximate complicated piecewise continuous unknown
nonlinear functions in the explicit solution to Duhem model. Second, an observer is
designed to estimate the output of hysteresis of piezoelectric actuator based on the system
input and output. Third, the stability of the controlled piezoelectric actuator with the
observer is guaranteed by using Lyapunov extension (Kuczmann & Ivanyi, 2002).

The organization of the paper is as follows. In Section II, a Duhem model of hysteresis and
the problem statement are given. The main results on NN-based compensator for hysteresis
are presented in Section III. Section IV provides an example to show the feasibility of the
proposed method. Conclusions are given in Section V.

2. Preliminaries

2.1 Duhem model of hysteresis

Many different mathematic models are built to describe the hysteresis behavior, such as
Preisach model, Prandtl-Ishlinkii model and Duhem model (Coleman & Hodgdon, 1987;
Macki et al, 1993). Considering its capability of providing a finite-dimensional differential
model of hysteresis, we adopt classical Duhem model to develop the adaptive controller for
the piezoelectric actuator.

The Duhem model is a rate independent operator, with input signal v, v and output
signal 7 . The Duhem model describes hysteresis H () by the following mathematical

model (Coleman & Hodgdon, 1987; Macki et al, 1993).

dr
dt

= a -

L
dt

0=l 2 g ) @

where « is a positive number, f(v) and g(v) are prescribed real-valued functions on
(—OO,-}—OO) .
It can also be represented as (Coleman & Hodgdon, 1987; Macki et al, 1993):

d_r_ a-[f(v)y-z]l+g), v>0 ®
A |—a-[f)-tl+g), v<0
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where ¢ is the same positive number in (1), g(v) is the slope of the model, and f(v) is the
average value of the difference between upward side and downward side.
Property 1 (Coleman & Hodgdon, 1987, Macki et al, 1993): f(v) is a piecewise smooth,

monotone increasing, odd function with a derivative f'(v), which is not identically zero. For

large value of input v(¢) , there exists a finite limit f"(c0);
FO) =1, lim /') <o ®

Property 2 (Coleman & Hodgdon, 1987; Macki et al, 1993): g(v) is a piecewise continuous,

even function with
g =g(-v), lim g'()<mo @

It has been shown that Duhem model can describe a large class of hysteresis in various
smart materials, such as ferromagnetically soft material, or piezoelectric actuator by

appropriately choosing f(v)and g(v) (Coleman & Hodgdon, 1987; Macki et al, 1993). One
widely used pair of functions of f(v)and g(v) are

a - ve+a,(v=v))  for  V7Vs
S = av for M= ©)

—a; vy +a,(v+vy) for v<-vg
g(v) =a; (©)

where v.>0, a,>0, a,>0, 1>a;>0, a; and a, satisfy a;,a, € [amin amax], Apin and

Apax are known constants. Substituting the f(v)and g(v) into (2), we have

max

o gy v, +a,(v-v,)—tl+ay v v>v,v>0
_ o g -v—1l+a5-v 0<v<y,v>0 @)
or—a -V+a;-v -, <v<0,v<0
aa v, —a(v+v,)+1l+ay v v<—v,v<0

The above equation can be solved for ©

ay-v—fn v>v,v>0
ay - v—frn O<v<v,v>0

T= o ®)
av—fyu -v,<v<0,v<0

ay v—fou v<-v,v<0
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with
fu=(a vy —7) € e '_[: (a-a)-e"“dg ~(a~a), V>\§,\./>0
o=@y =7)e e[ (a,~a)-¢CdC 0<v<y,1>0
Su=(@ vy =) = f (@,-a)-e“*dl =, <<
fu=@ =) = [ (@ —a) e Al @ -a) v, y<,0<0 ©)

In order to describe the piezoelectric actuator, we choose the same functions f(v)and g(v)

as those in (Banning, et al, 2001), which is a special case of the foregoing choice of f(v)

and g(v),ie. a,=a, a, =0 and a; =b when |v| <.

a-vg for v>vg
fvy=3 av for |v| <v,

—a-v, for v<-v

for  v>v,
for |v| <v,

for v<-—vy,

gv) =

o o o

where v.>0 , a>0 , b>0 and a>b>al2 . Suppose

satisfiesa € [amin amax] , Apin and a,,.. are known constants.

Substituting (5) and (6) into (1), we have

afa-v,—1] v>v,v>0
aja-v—t]+b-v O<v<y,v>0
7= - .
ar—av+b-v —-v,<v<0,v<0

a-a-v, +7] v<—v,v<0

Equation (7) can be solved for ¢

- fa v>v,v>0
e a-v—fy O0<v<v,v>0
a-v—f v, <v<0,v<0

—foa v<—v,v<0

parameter a

(12)

(13)
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where
fﬁlz_Toe_w_VD)l —ay v>v,v>0
o =(a-vy—15)-€ —eﬂv-.[;(l;—a)-e'tgdé” 0<v<y,v>0 a4
- -V, <v<0,v<0
fa3=(av _To)'ea(v_%) - '.[;(b —a)-e“dg B .’V
v<-v,v<0
]024:_1.06%1)%)1 +ay
Equation (8) can be also expressed as:
r=a g vAhr 2o Xty 1 26 Ty 2 At 26 20) (15)
where y,;(i =1,2---4) are indicator functions defined as:
U=y Jo psy o 1920 f0 v20
A0 Moy BTN Py B <0 BT w0
Following the definition of the indicator functions, we get
2
260 n+x =L u=0 nt =1 5 =nk=1234
By defining 7, = 7, =0, we have
t=a vt 26+ o 24 26 Ty A da e 2 20)
Let
B=hv i o e 4oy e atha 2 24
and K, = ay, . We can also write the derivative of 7 as
1=K, v-F, (16)

2.2 Augmented Multilayer Perceptron (MLP) Neural Network

The MLP NN has been explored to approximate any function with arbitrary degree of
accuracy (Hornik et al, 1989). However, it needs a large number of NN nodes and training
iterations to approximate non-smooth functions (i.e. piecewise continuous), such as friction,
hysteresis, backlash and other hard nonlinearities. For these piecewise continuous functions,
the MLP needs to be augmented to work as a function approximator. Results for
approximation of piecewise continuous functions or functions with jumps are given in the
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paper (Selmic & Lewis, 2000). We use the augmented NN to approximate the piecewise
continuous function in hysteresis model.

Let § be a compact set of R" and define C"(S) be the space such that the
map f(x) : S—R" is piecewise continuous. The NN can approximate a

function f'(x) € C"(S), x € R", which has a jump at x =c and is continuous from the right

as

f@=w" o -x)+w, oV, - (x—c)]+&(x) 17)

. . T T
where 5(x) is a functional restructure error vector, w’ , W f and V',V f-T are

nominal constant weight matrices. o(-) and ¢@(-) are activation functions for hidden

neurons.
For the hysteresis model (16), the piecewise continuous function F2 will be approximated by
the augmented NN. In this paper, it is assumed that there exists weight matrix W such that

"E(X)" < &y with constantey >0, for allx € R”", and the Frobenius norm of each matrix is

|<Wy withWy >0.

bounded by a known constant "W

3. NN-based compensator and controller design

Given the augmented MLP NN and hysteresis model, a NN-based pre-inversion
compensator for the hysteresis is designed to cancel out the effect of hysteresis. In this
section, a novel approach is developed to compensate the hysteretic nonlinearity and to
guarantee the stability of integrated piezoelectric actuator control system.

3.1 Problem statement
Consider a piezoelectric actuator subject to a hysteresis nonlinearities described by Duhem
model. It can be identified as a second-order linear model preceded by hysteretic
nonlinearity as follows:

m-y(O)+b-y(O)+k-y() =k-c-7,.(1) a8)
7,,(6) = H[W0)]
where v(t) is the input to piezoelectric actuator, y(f) denotes the position of piezoelectric
actuator, m , b, k denote the mass, damping and stiffness coefficients, respectively,
H (o) represents the Duhem model (1).
In order to eliminate the effect of hysteresis on the piezoelectric actuator system, a NN-

based hysteresis compensator is designed to make the output from hysteresis model 7,

approach the designed control signal 7 ,; . After the hysteresis is compensated by the NN, an
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adaptive control for piezoelectric actuator is to be designed to ensure the stability of the
overall system and the boundedness of output tracking error of the piezoelectric actuator
with unknown hysteresis.

We consider the tracking problem, in which y(f) is to asymptotically track a reference

signal y,(¢) having the properties that y,(f) and its derivatives up to second derivative are

bounded, and j,(¢) is piecewise continuous, for all #>0 . The tracking error of the

piezoelectric actuator is defined as
ep(t) =y (=21 . (19)
A filtered error is defined as
r,(t)=¢€,(t)+ 1, -e,(1) (20)

where 4, >0 is a designed parameter.

Differentiating r,,(f) and combining it with the system dynamics Eq. (18), one may obtain:

m ot v Gara, o)
ke ?  kec? 7 ke YaT 1)
+L (yy;+(A4 —E) e )+l
k-c Ya D b 4 c Y-
The tracking error dynamics can be written as
m . b T
k_.c‘r‘D:_ﬁ.rp_Tpr-i_Yd 'Hp (22)

T
.. k| . . i i
where y - {J’d +(A, - 3) 6, gt A,ce, )’d} is a regression  vector

T . .
and , _|_m b 1| _gs is a unknown parameter vector with
’ k-c k-c ¢
Opmin S0, <0 ax 1=1,2, 3 where 0 pmin and 6, are some known real numbers.

3.2 NN-based Compensator for Hysteresis
In presence of the unknown hysteresis nonlinearity, the desired control signal 7, for the

piezoelectric actuator is different from the real control signal 7, . Define the error as

T, =Tp—Tp (23)
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Differentiating (23), yields

=7

N

thus, we have

T, =t~ K+ F (25)

Here we utilize a second first-layer-fixed MLP to approximate the nonlinear function F, .

F, = WzT ‘O'(VzT “h)+ WfZIT “P2 '[V_leT “(h=cy)]
+ szzT '(ﬂzz[szzT “(h=cy)] (26)

+ Wf23T '(/’23[Vf23T “(h=cy3)]+&,(h)
where /4 = [r

T v v I]T , Tpo is the initial value of the control signal, VZT, Vf21T,

pd  Tpo
Vf22T , and Vf23T are input-layer weight matrices, WZT , szlT , szzT, and Wf23T are
output-layer weight matrices, 0, v,, and —v, are jump points on the output layer, and
(), ©,(), ¢;1(), and @,3(-) are the activation functions, and (%) is the functional

restructure error in which inversion error is included. Output-layer weight
matrices W2T , szlr , szzT and Wf23T are trained so that the output of NN approximates

to the nonlinear function F,.
Let

Q)= B @Vl B BV) h—v) @Vps b))

and w," =(w,” W," W,»" W, 1. The nonlinear function F, is expressed as:

Fy =W O(h,v,) + & (h) 27)

It is assumed that the Frobenius norm of weight matrix W1 is bounded by a known constant
||Wl|| <W,y with Wiy >0 and "51 (h)” < &y with constant &, >0, forallx e R".

The estimated nonlinear function ﬁ'z is constructed by using the neural network with the
weight matrix Vf/l :
E, =Wl 0(h,v,).

Hence the restructure error between the nonlinear functions F, and F, is derived as:
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Fy = Fy — Fy =W O(h,v,) + & (h)

”

“where w7 =w,T -w,T .
Remark 1 When the input changes its sign derivative (Beuschel et al, 1998), the augmented
MLP can approximate the piecewise continuous functions. In the process, the “jump
functions” leads to vertical segments in the feed-forward pre-inversion compensation,
where the “functional restructure error” can be confronted by the adaptive controller in
Section III.C (Selmic & Lewis, 2000).

A hysteresis pre-inversion compensator is designed:

V=i thy Tyt g+ O ) ) (28)

where ;= arle is an estimated constant, which satisfies 0< z<1 with the known
a

, k;, is a positive constant, a is the estimated values of a,

boundary of a € [a max]

n a
min
and w," =pw," W," W,," W,y"] is the estimated output-layer weight matrix
W
Define error matrix as:

FT - T T
Inserting (26), (28) into (25), we obtain

"Fp :_kb'/"\l‘Ka '?p+(1_/&'Ka)'i-pd+(l_1&'Ka)

A PO (29)
T ~ T
WO hyv)—p- K, -1, + W -O(hyvy)+&(h)
We choose weight matrix update rule as
W =TOMhY,) T, + k7| i (30)
where I is a positive adaptation gain diagonal matrix, and kpl is a positive constant.
Design the update rule of parameter /i in pre-inversion compensator v as
A N ~ s 7T
fi=Proj(ft, 1-%, [ty +W; O(hv,)+r,] (31)

where 77 is positive constant, Proj(.) is a projection operator, which is defined as follows:

A=Proj(ft, —n-Tp [t +0(hv)]=
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0 if =1 and 7T, (2,0 +O0v,)]<0

o Y 32)
if [ﬂ] <p<l

=1 T [ pg +O(hv))] or A=l and 7%, [t +O(hv,)]20

2
N a ~ . A
or y:[ m'“} and  17-T, [T, +O(h,v,)]<O

amax

2

0 i ﬁ=[hJ and 7%, [ g +O(hv,)]>0
amax

The adaptive NN-based pre-inversion compensator v is developed to drive the adaptive
control signal 7,; to approach the output of hysteresis model 7,, so that the hysteretic

effect is counteracted.

3.3 Controller Design Using Estimated Hysteresis Output

It is noticed that the output of hysteresis is not normally measurable for the plant subject to
unknown hysteresis. However, considering the whole system as a dynamic model preceded
by Duhem model, we could design an observer to estimate the output of hysteresis based on
the input and output of the plant.

The velocity of the actuator y(f) is assumed measurable. Define the error between the

outputs of actuator and observer as
e=y-y (33)

The observed output of hysteresis is denoted as 7,, and the error between the output of

pr

hysteresis 7, and the observed f'pr is defined as e, =Tpr—f' . Then the observer is

p

designed as:
y=y+Le (34)
2, = K= Fy+Lye —K 7, (35)

The error dynamics of the observer is obtained based on the actuator model and hysteresis
model.

e =—Lie =-Le

& =Ky-F—Le +K,t, (36)

A

where the parameter error is defined as K .=K,-K,.
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By using the observed hysteresis output 7, , we may define the signal error between the

pr’

adaptive control signal 7,; and the estimated hysteresis output as:

7pe =Ty —f'p, (37)

The derivative of the signal error is:

%’pe :z:pd_Ka‘.}+F2_L2€l+KprTApr' (38)

A hysteresis pre-inversion compensator is designed:

V= Ak, T, +T,y +Fy+71,}. (39)

By substituting the neural network output F, = W1T®(h, v,) and pre-inversion compensator

output into the derivative of the signal error, one obtains:

T o ==K 00t —K fi by T+ (1=K fO Qv K 1, ~ Loy +K,, 7 (40)

prepr

The weight matrix update rule is chosen as:

Vf/] = r®(h!vs ) : ‘?pe + kp1|?pe ' I/I’}l (41)

And the update rule of parameter /I in pre-inversion compensator v is designed with the

same projection operator as (32):
A N ~ . ~ 7
/JZPI”Oj/J, U'Tpe'[rpd+pl/l ahavs)+rp])' (42)

The update rule of parameter K , in the observer (35) is designed with the same projection

operator as (32):
f(a =ProfK,, 7 [T [f,g I @Ohv)+1, 14+ T,,) - (43)

Hence we design the adaptive controller and update rule of control parameter as:

T oA
Tdekpd‘l’p-i-Yd 'Hp (44)

A

0, = Projép 6,, p-Y;r,) (45)
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where the projection operator is

Proj; Oy BYarry)hi=

0 if 0,,=0,mnand B-(Y;1,), <0

pi p max
if epmm < 0 < epmax

ﬂ'(Yd'Vp)iOV épi epmax and - ¥y -r )iZO

or epi Hpmm and ﬂ (Yd s )i <0

0 i 6,=0,mmand B-(Y;-r,); >0

With the adaptive robust controller, pre-inversion hysteresis compensator and hysteresis
observer, the overall control system of integrated piezoelectric actuator is shown in Fig. 3.
The stability and convergence of the above integrated control system are summarized in
Theorem 1.

Theorem 1 For a piezoelectric actuator system (18) with unknown hysteresis (1) and a
desired trajectory y,(¢) , the adaptive robust controller (44), NN based compensator (39) and
hysteresis observer (34) and (35) are designed to make the output of actuator to track the
desired trajectory y,(¢) . The parameters of the adaptive robust controller and the NN based
compensator are tuned by the updating rules (41)-(43) and (45). Then, the tracking error
e p(t) between the output of actuator and the desired trajectory y,(¢#) converge to a small

neighborhood around zero by appropriately choosing suitable control gainsk,,;, k, and

observer gains L;, L, and K,

Proof: Define a Lyapunov function
1 m 2 1. 2
Vy=——-r,"+=7 trWF W)+
272 ke P T2 " ey

(1—izl<a)2
1 > \2 N \T A 2 1 2
+Ty(Ka_Ka) +ﬁ-(9p—0p) ~(9p—9p)+56l +§ez

The derivative of Lyapunov function is obtained:
m . ~

; < SRR A | N | 505
A :E.rprp+rpe-rpe—tr(WlTF ]Wl)—;(l—yKa)y—;(Ka -K)K,

1 P A . .
72-(0p 76"0)7 0, +e ¢ tee,

Introducing control strategies (39), (44) and the update rules (41)-(43), (45) into above
equation, one obtains

. b ~
" :_(F +kpd)' kK, T e +a(WT,,

—&ly _Llelz- +Kperere L1€1 (Lzel +Fé)€2 +K prlpr€2

By using7,. =7, e,

o ﬁ‘ < gy and inequality: * ab < %az + %bz , one has:



Adaptive Control of Piezoelectric Actuators with Unknown Hysteresis 271

. b A 2 - - ~ 7o

V= —(ﬁ+kpd)<r,§ —ky 1Ky T+ (T e — ke [T [ 1 W) (46)
1 1 1 1o, 1oy 1 1 ~ 1

+5622+Er3+515612 +ETPZP+ETPZE+EK;‘T;+EK1277‘T;E+5622

> 1 2. 15 >
—Lie +5(Lzel +éw) toa +Kytpe =Ky

By using the inequality L( a+b)? <a®+b? , wecan derive the following inequality:
2

e

, b 1 2 N e ~ 2 |~
VS thpa =) r) =y oKy =S K =17 4[F

—kpy -

0 = - - 2127063 - K, - 206 4 iy + K22

7 pe propr

From the Property 1 of Chapter 2 in the recent book (Ikhouane & Rodellar, 2007), we know

<M? where M is a constant), and then define a constant

2 . 2
7, is bounded (say, 7, <

pr

o= 512N + K;,M2 > 512N + K;,rlz,, such that

. b 1 P PR 1 5 ~ 2 |~
VZS—(E+de—5)-rP 7(kb-,u-Ka—5Kpr71)-rpe + |7 pe

€N (47)

-k

oo R - - @ -3 106l -k, -0 46

We select the control parameters k,, , k, and observer parameters L; , L, and K,

satisfying the following inequalities:

—+k,;——>0
ke M ,
K, >2
. 1,
kb'amax’Ka_EKpr_1>0
3.2
L1>EL2

5 2
max  Ka —EKpr—l.Ifwehave

Let km :kb‘a

2
— kWit At ey /

k
“VNVI“ > Wi/ 24 Wi /4=y Ky (48)

we can easily conclude that the closed-loop system is semi-globally bounded (Su &
Stepanenko, 1998).

pe

N

m
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Hence, the following inequality holds

=k, 'W1N2/4+51N
k

<b

”
m

where b, >0 represents the radius of a ball inside the compact set C, of the tracking error
Tpelt) .

Thus, any trajectory 7,,(t) starting in compact set C, = {r| "r" < b,.}converges within C,.
and is bounded. Then the filtered error of system r,(f) and the tracking error of the

hysteresis ?pe (t) converge to a small neighborhood around zero. According to the standard
Lyapunov theorem extension (Kuczmann & Ivanyi, 2002), this demonstrates the UUB
(uniformly ultimately bounded) of r,, (), ?pe(t) , VI71 , e and e, .

Remark 2 It is worth noting that our method is different from (Zhao & Tan, 2006; Lin et al
2006) in terms of applying neural network to approximate hysteresis. The paper (Zhao &
Tan, 2006) transformed multi-valued mapping of hysteresis into one-to-one mapping,
whereas we sought the explicit solution to the Duhem model so that augmented MLP neural
networks can be used to approximate the complicated piecewise continuous unknown
nonlinear functions. Viewed from a wavelet radial structure perspective, the WNN in the
paper (Lin et al 2006) can be considered as radial basis function network. In our scheme, the
unknown part of the solution was approximated by an augmented MLP neural network.

4. Simulation studies

In this section, the effectiveness of the NN-based adaptive controller is demonstrated on a
piezoelectric actuator described by (18) with unknown hysteresis. The coefficients of the
dynamic system and hysteresis model are m =0.016kg, b =1.2Ns/pm, k& =4500N/ pm, ¢ =0.9

pm /V, a=6, 5=O.5, vy=6pm /s, f = O.I,kpd =50.
The input reference signal is chosen as the desired trajectory: y, =3-sin(0.27¢). The

control objective is to make the output signal y follow the given desired trajectory y,; . From

Fig. 1, one may notice that relatively large tracking error is observed in the output response
due to the uncompensated hysteresis.

The Neural Network has 10 hidden neurons for the first part of neural network and 5
hidden neurons for the rest parts of neural network with three jumping points (0, v,, — v, ).
The gains for updating output weight matrix are all setas I' = diag{l 0}25 25 - The activation
function o(-) is a sigmoid basis function and activation function @(-) has the
l—e™

l+e™®

definition ¢(-) =[ J x 20, otherwise zero. The parameters for the observer are

set as: K,=20, k, =100, n=0.1, »=0.1, KPV:IO, L, =100, L, =1 and initial
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conditions are »(0) =0, 7(0) = 0. The system responses are shown in Fig.2, from which it
is observed that the tracking performance is much better than that of adaptive controlled
piezoelectric actuator without hysteretic compensator.

The input and output maps of NN-based pre-inversion hysteresis compensator and
hysteresis are given in Fig. 3, respectively. The desired control signal and real control signal
map (Fig. 3c) shows that the curve is approximate to a line which means the relationship
between two signals is approximately linear with some deviations.

In order to show the effectiveness of the designed observer, we compare the observed
hysteresis output fpr and the real hysteresis output 7, in Fig. 4. The simulation results

show that the observed hysteresis output signal can track the real hysteresis output.
Furthermore, the output of adaptive hysteresis pre-inversion compensator v(t) is shown in

Fig.5. The signal is shown relatively small and bounded.

—— Reference
777777 Actiaal

5 tirmec=s 10 95 Z0

@)

) To So =
timmes)y

(b)

Fig. 1 Performance of NN controller without hysteretic compensator (a) The actual control

rs) a0 50

signal (dashed line) with reference (solid) signal; (b) Error y, —y,

Reference
--=- Actual

Time (s)

@)

Fig. 2. Performance of NN controller with hysteresis, its compensator and observer (a) The
actual control signal (dashed line) with reference (solid) signal; (b) Error y, -y,
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Hysteresis

=1 -0.5 o 0.5 1
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Pre-inversion Hysteresis Compensator

Desired and Estimated Control Signal

Fig. 3. (a) Hysteresis’s input and output map . vs.v ; (b) Pre-inversion compensator’s
input and output map vvs.7,; ; (c) Desired control signal and Observed control signal
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Fig. 4. Observed Hysteresis Ouput 7 - and Real Hysteresis Output 7,
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Fig. 5. Adaptive Hysteresis Pre-inversion Compensator v(t)
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5. Conclusion

In this paper, an observer-based controller for piezoelectric actuator with unknown
hysteresis is proposed. An augmented feed-forward MLP is used to approximate a
complicated piecewise continuous unknown nonlinear function in the explicit solution to
the differential equation of Duhem model. The adaptive compensation algorithm and the
weight matrix update rules for NN are derived to cancel out the effect of hysteresis. An
observer is designed to estimate the value of hysteresis output based on the input and
output of the plant. With the designed pre-inversion compensator and observer, the stability
of the integrated adaptive system and the boundedness of tracking error are proved. Future
work includes the compensator design for the rate-dependent hysteresis.
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On the Adaptive Tracking Control of 3-D
Overhead Crane Systems

Yang, Jung Hua
National Pingtung University of Science and Technology
Pingtung, Taiwan

1. Introduction

For low cost, easy assembly and less maintenance, overhead crane systems have been
widely used for material transportation in many industrial applications. Due to the
requirements of high positioning accuracy, small swing angle, short transportation time,
and high safety, both motion and stabilization control for an overhead crane system
becomes an interesting issue in the field of control technology development. Since the
overhead crane system is underactuated with respect to the sway motion, it is very difficult
to operate an overhead traveling crane automatically in a desired manner. In general,
human drivers, often assisted by automatic anti-sway system, are always involved in the
operation of overhead crane systems, and the resulting performance, in terms of swiftness
and safety, heavily depends on their experience and capability. For this reason, a growing
interest is arising about the design of automatic control systems for overhead cranes.
However, severely nonlinear dynamic properties as well as lack of actual control input for
the sway motion might bring about undesired significant sway oscillations, especially at
take-off and arrival phases. In addition, these undesirable phenomena would also make the
conventional control strategies fail to achieve the goal. Hence, the overhead crane systems
belong to the category of incomplete control system, which only allow a limited number of
inputs to control more outputs. In such a case, the uncontrollable oscillations might cause
severe stability and safety problems, and would strongly constrain the operation efficiency
as well as the application domain. Furthermore, an overhead crane system may experience
a range of parameter variations under different loading condition. Therefore, a robust and
delicate controller, which is able to diminish these unfavorable sway and uncertainties,
needs to be developed not only to enhance both efficiency and safety, but to make the
system more applicable to other engineering scopes.

The overhead crane system is non-minimum phase (or has unstable zeros in linear case) if a
nonlinear state feedback can hold the system output identically zero while the internal
dynamics become unstable. Output tracking control of non-minimum phase systems is a
highly challenging problem encountered in many practical engineering applications such as
aircraft control [1], marine vehicle control [2], flexible link manipulator control [3], inverted
pendulum system control [4]. The non-minimum phase property has long been recognized
to be a major obstacle in many control problems. It is well known that unstable zeros cannot
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be moved with state feedback while the poles can be arbitrarily placed (if completely
controllable). In most standard adaptive control as well as in nonlinear adaptive control, all
algorithms require that the plant to be minimum phase. This chapter presents a new
procedure for designing output tracking controller for non-minimum phase systems (The
overhead crane systems).

Several researchers have dealt with the modeling and control problems of overhead crane
system. In [5], a simple proportional derivative (PD) controller is designed to asymptotically
regulate the overhead crane system to the desired position with natural damping of sway
oscillation. In [6], the authors propose an output feedback proportional derivative controller
that stabilizes a nonlinear crane system. In [7], the authors proposed an indirect adaptive
scheme, based on dynamic feedback linearization techniques, which was applied to
overhead crane systems with two control input. In [8], Li et al attacked the under-actuated
problem by blending four local controllers into one overall control strategy; moreover,
experimental results delineating the performance of the controller were also provided. In [9],
a nonlinear controller is proposed for the trolley crane systems using Lyapunov functions
and a modified version of sliding-surface control is then utilized to achieve the objective of
cart position control. However, the sway angle dynamics has not been considered for
stability analysis. In [10], the authors proposed a saturation control law based on a
guaranteed cost control method for a linearized version of 2-DOF crane system dynamics.
In [11], the authors designed a nonlinear controller for regulating the swinging energy of
the payload. In [12], a fuzzy logic control system with sliding mode Control concept is
developed for an overhead crane system. Y. Fang et al. [13] develop a nonlinear coupling
control law to stabilize a 3-DOF overhead crane system by using LaSalle invariance theorem.
However, the system parameters must be known in advance. Ishide ef al. [14] train a fuzzy
neural network control architecture for an overhead traveling crane by using
back-propagation method. However, the trolley speed is still large even when the
destination is arrived, which would result in significant residual sway motion, low safety,
and poor positioning accuracy. In the paper [15], a nonlinear tracking controller for the load
position and velocity is designed with two loops: an outer loop for position tracking, and an
inner loop for stabilizing the internally oscillatory dynamics using a singular perturbation
design. But the result is available only when the sway angle dynamics is much faster than
the cart motion dynamics. In the paper [16], a simple control scheme, based on second-order
sliding modes, guarantees a fast precise load transfer and swing suppression during the
load movement, despite of model uncertainties. In the paper [17], it proposes a stabilizing
nonlinear control law for a crane system having constrained trolley stroke and pendulum
length using the Lyapunov’s second method and performs some numerical experiments to
examine the validity of the control law. In the paper [18], the variable structure control
scheme is used to regulate the trolley position and the hoisting motion towards their
desired values. However the input torques exhibit a lot of chattering. This chattering is not
desirable as it might shorten the lifetime of the motors used to drive the crane. In the paper
[19], a new fuzzy controller for anti-swing and position control of an overhead traveling
crane is proposed based on the Single Input Rule Modules (SIRMs). Computer simulation
results show that, by using the fuzzy controller, the crane can be smoothly driven to the
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destination in a short time with low swing angle and almost no overshoot. D. Liu et al. [20]
present a practical solution to analyze and control the overhead crane. A sliding mode fuzzy
control algorithm is designed for both X-direction and Y-direction transports of the
overhead crane. Incorporating the robustness characteristics of SMC and FLC, the proposed
control law can guarantee a swing-free transportation. J.A. Mendez et al. [21] deal with the
design and implementation of a self-tuning controller for an overhead crane. The proposed
neurocontroller is a self-tuning system consisting of a conventional controller combined
with a NN to calculate the coefficients of the controller on-line. The aim of the proposed
scheme is to reduce the training-time of the controller in order to make the real-time
application of this algorithm possible. Ho-Hoon Lee et al. [22] proposes a new approach for
the anti-swing control of overhead cranes, where a model-based control scheme is designed
based on a V-shaped Lyapunov function. The proposed control is free from the
conventional constraints of small load mass, small load swing, slow hoisting speed, and
small hoisting distance, but only guarantees asymptotic stability with all internal signals
bounded. This paper also proposes a practical trajectory generation method for a near
minimum-time control, which is independent of hoisting speed and distance. In this paper
[23], robustness of the proposed intelligent gantry crane system is evaluated. The evaluation
result showed that the intelligent gantry crane system not only has produced good
performances compared with the automatic crane system controlled by classical PID
controllers but also is more robust to parameter variation than the automatic crane system
controlled by classical PID controllers. In this paper [24], the I-PD and PD controllers
designed by using the CRA method for the trolley position and load swing angle of
overhead crane system have been proposed. The advantage of CRA method for designing
the control system so that the system performances are satisfied not only in the transient
responses but also in the steady-state responses, have also been confirmed by the simulation
results.

Although most of the control schemes mentioned above have claimed an adaptive
stabilizing tracking/regulation for the crane motion, the stability of the sway angle
dynamics is hardly taken into account. Hence, in this chapter, a nonlinear control scheme
which incorporates both the cart motion dynamics and sway angle dynamics is devised to
ensure the overall closed-loop system stability. Stability proof of the overall system is
guaranteed via Lyapunov analysis. To demonstrate the effectiveness of the proposed
control schemes, the overhead crane system is set up and satisfactory experimental results
are also given.

2. Dynamic Model of Overhead Crane

The aim of this section is to drive the dynamic model of the overhead crane system. The
model is dived using Lagrangian method. The schematic plotted in Figure 1 represents a
three degree of freedom overhead crane system. To facilitate the control development, the
following assumptions with regard to the dynamic model used to describe the motion of
overhead crane system will be made. The dynamic model for a three degree of freedom
(3-DOF) overhead crane system (see Figure 1) is assumed to have the following postulates.
Al: The payload and the gantry are connected by a mass-less, rigid link.

A2: The angular position and velocity of the payload and the rectilinear position and
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velocity of the gantry are measurable.

A3: The payload mass is concentrated at a point and the value of this mass is exactly
known; moreover, the gantry mass and the length of the connecting rod are exactly known.
A4: The hinged joint that connects the payload link to the gantry is frictionless.

Fig. 1. 3-D Overhead Crane System

The 3-D crane system will be derived based on Lagrange-Euler approach. Consider the
3-dimensional overhead crane system as shown in Figure 1. The cart can move horizontally
in x-y plane, in which the moving distance of the cart along the X-rail is denoted as x(t) and
the distance on the Y-rail measured from the initial point of the construction frame is
denoted as y(t). The length of the lift line is denoted as I. Define the angle between the lift
line and its projection on the y-z plane as @(#) and the angle between the projection line
and the negative axis as 5(f) . Then the kinetic energy and potential energy of the system
can be found in Equation (1.1) and (1.2), respectively and be expressed as the following
equations.

1 1 1
K:5m1x2+5(m1+m2)y‘2+5mc(x§+y'j+z'j) )

V =—-mglcosacos f @)

where X_, ), are the related positions of the load described in the Cartesian coordinate,
which can be mathematically written as

X, =x+lsina ®)
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Y. =y+lcosasinf (4)
z, =—lcosacosf )

The following equations express the velocities by taking the time derivative of above
equations

X,=x+lacosa (6)
j/c:y—ldsinasinﬂ+lﬁcosacosﬂ @)
z, = —lgsinacos B —Ifcosasin B 8)

By using the Lagrange-Euler formulation,

AfOoL) oL _ . 1234 ©)
dt\ 04, ) 0y,

where L = K =V, g, is the element of vector ¢ = [x v « ﬂ]T and 7; is the
corresponding external input to the system, we have the following mathematical
representation which formulates the system motion

M(q)q+C(q,9)+G(g) =7 (10)

where M (q) € R* is inertia matrix of the crane system, C (q , q) e R™ is the
nonlinear terms coming from the coupling of linear and rotational motion, G(q ) S R4X1
is the terms due to gravity, and 7 = [u . u, 0 O]T is the input vector.

As mentioned previously, the dynamic equation of motion described the overhead crane
system also have the same properties as follows

P1:The inertia matrix M (q) is symmetric and positive definite forall ¢ € R".

P2:There exists a matrix B(q, q) such that C(q,é) = B(q,é)q' , and Vxe R?
x’ (M -2B)x=0,ie, M —2B isskew-symmetric. B(q, qx )qv = B(q, C}y )qx .

P3:The parameters of the system can be linearly extracted as

M(q)g +C(q.9)+G(q) =W,(4.4.)P, (11)

where Wf (9,9,q) is the regressor matrix and @ s s a vector containing the system
parameters.

Dynamic Model of Overhead Crane

In this section, an adaptive control scheme will be developed for the position tracking of an
overhead crane system.
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2.1 Model formulation
For de51gn Convemence, a general coordinate is defined as follows

q" =lq, 441

where

T T
q, =[x »], g, =[la p]
and using the relations in P2, the dynamic equation of an overhead crane (10) is partitioned
in the following form

Ml;p MPH |:qp:|_+_ Bpp Bp‘g |:qp:|+|:Gp(q):|:{up:| (12)
M,, My | g, By, By | 4y G,(q) 0

where M , M 207 M 00 B , B 007 B B% are 2x2 matrices partitioned from

the 1nert1a matrlx M(q) and the matrix B(q q) , respectively, G G, are 2x1
vectors, and u; =[u, u ] Before investigating the controller de51gn let the error

signals be defined as
T T1T
e=q—q,=e, ¢l (13)

and the stable hypersurface plane is defined as
e, +K e s
s:é+Ke:[,p pp}:{p} (14)
e, +K,e, Sy
where

ep:qp_qu:[x_xd y_yd]TE[ex ey]T’

e, =qy—qu =la—-a, p-p£,1" =le, eﬂ]T'

k0 ky, 0
K » = , K, =
0 &, 0 k,
and X,, V,, &; and o4 , are defined trajectories of X, ¥, & and P respectively,
and K Py K o are some arbitrary positive definite matrices.

Then, after a lot of mathematical arrangements, the dynamics of the newly defined signal
vectors §,, S, can be derived as
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Mpy My, || Sy By By | Se Ty
where
Z-p = Mpp(_qu +kpép) +Mp0 (_QH +k€é¢9) +Bpp(_qu +kpep) +Bpe(_6?0 +kpe€) (16)

Ty =My (=G, +k,e,)+My(=Gy+keey)+ By (—q,, thk,e,)+Byy(—q, thye,) (17

Remark 1: The desired trajectories X,, y,, &, and S 4 should be carefully chosen so as
to satisfy the internal dynamics, as shown in the lower part of equation (15), when the
control objective is achieved, i.e.,

r X, a, RE? ey
M, (%){. j|+MH¢9(qd)|:ﬁ }+Bg’(Q>Q){. }+Bea(q,Q){IB }+GH(Q):O (18)

Without loss of generality, we always choose an exponentially-convergent trajectories with
final constant values for X;, ) ;and zero for «,, ,H J-

2.2 Adaptive Controller Design
In this subsection, an adaptive nonlinear control will be presented to solve the tracking
control problem.

qlﬂq.p’qﬁ’q'@
— —\_>
— ]

qpaq'paqgaq'e

Fig. 2. An Adaptive Self-tuning Controller Block Diagram

As indicated by property P3 in section 1.2, the dynamic equations of an overhead crane
have the well-known linear-in-parameter property. Thus, we define
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a)1¢1 =Mpp(épd +kpep)+Mp€(_q&1kHeH) +Bpp(q.pd +kpep)+Bp6’kpep (19)

,9, =M (G 4 +kpép)+M99(k9é9)+B@,(qu +kpep)+B99keee (20)

where @;, @, are regressor matrices with appropriate dimensions, and ¢1 , ¢2 are their
corresponding vectors of unknown constant parameters, respectively. As a majority of the
adaptive controller, the following signal is defined

2(VZ .a (t) +b, (1)), Z.(1)>0
Z =12b.(t),Z (t)=0, b.(t)>0 1)
5.,Z.(1)=0, b.(1)<0

where O is some small positive constant and

2
a(t)= %( S w2¢2 Kvese) (22)
&
@m=ﬂf:4wf@@—dkmw @)
Sp &

Remark 2: Note that (21) is simply to define a differential equation of which its variable
Z (1) ains positive. Let another signal k(f) be defined to be its positive root, i.e.,
k= N Z _, It can be shown that

k(t) = k(t) HH HH i )(_Sga)zﬁz ~59K 459) k#0 (24)

In the sequel, we will first assume that there exists a measure zero set of time sequences
e8] . . .

{tl. }izl suchthat Z(#,) =0 or k(¢,) =0, i =1,2,3,...00, and then, verify the existence

assumption valid.

Now let the adaptive control law be designed as

u,=—o¢ —-7,—-K,s, (25)
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(k—=1)s R
= —p(_Sera)z¢2 _SaTKvase) (26)

v

- 2
s, +2
where

od =M, (G, +k,é)+M ,(ke,)+B, (4, +ke)+B ke, 27)

0,4, =My (G, +k,é )+ My(kyé,)+ By (d,, +k,e,)+Byk,e, (28)

and ¢1,¢2 are the estimates of ¢1=¢2 respectively, then the error dynamics can be
obtained as

|:MPP MP9:||:‘§17:|+|:BPP BP9:||:SP:|+{KVP O}{Sﬂ: a’151_fv 29)
Mge My | Sg By By | Sy 0 K,|s o,0, +K 5,

or more compactly as

: : op -7
M(q)s +h(q,q)s + Ks = ' (30)
L0, + K8,
where
fl — ?1 - ¢1 (31)
¢2 ¢2 - ¢2
Moreover, let the adaptation laws be chosen as
¢1 = _ka a)l S )4
. (32)

¢, = —k,m,s,

where k as k » are some positive definite gain matrices. In what follows we will show that
the error dynamics (30) along with the adaptive laws (32) constitutes an asymptotically
stable closed-loop dynamic system. This is exactly stated in the following theorem.
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Theorem : Consider the 3-D overhead crane system as mathematically described in (10) or (12) with
all the system parameters unknown. Then, by applying control laws (25)-(28) and adaptive laws (32),
the objective for the tracking control problem can be achieved, i.e., all signals inside the closed-loop
system (29) are bounded and e.,e,,e €5 —> 0 asymptotically in the sense of Lyapunov.

Proof: Define the Lyapunov function candidate as

1 l~r 4~ 1~p 4~ 1
V(t) :ESTM(q)S+E¢1Tka1¢1 +5¢2ka1¢2 +EZX

1 1~ ~ 1 1

="M@+ 4Tk G+ BT G+ DK

It is obvious that, due to the quadratic form of system states as well as the definition of
Z (t), V(1) is always positive-definite and indeed a Lyapunov function candidate. By
taking the time derivative of V we get

V()= s"M(q)s +%STM(C[)S bk G Bk, G+ K

_a)1¢1 -7, )+l

Ta T e T 7
s M(g)s+s, ¢ +s, 0,0
0,0, + K 55, 2 P

=" (-B(g.9)s — K5+

L sl e fre oo
( Sy 0,0, =5y K, 45,)
H | +e

e=Dls, [

T T
H H )(_59 a)2¢2 V9S9)+S9 0,9, ts, oy
+&

=—sKs— SpTa)1¢1 (

T n T T 7 T
H H ( Sy 0,0, =5, K y59)+5, 0,0, +5, K 45,
+ &

=—s'Ks (33)
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Itis clear that V() <0 aslongas K > 0, which then implies $,k, ¢1 ,¢2 € L, Now,
assume that k(#) = 0 instantaneously at ?,. Because the solution Z _(Z) of the equation
(21) is well defined and is continuous for all =0, k(t) is continuous at f,, ie,
k(t,—) =k(t,+).Since V' isa continuous function of &, it is clear that V(l‘) remains
to be continuous at?,, ie. ,V(¢;—) =V (t,+). Form then hypothesis, (¢, ) <0and
V(l ) <0, we hence can conclude that V is nonincreasing in t including £;, which then
readily implies that §,k € L. Therefore, €,7, and 7, € L, directly from equation
(13) and definitions of 7, and 7,. It then follow{ I}ym 30 that s € L_ . On the other
ha d, _if the set of time instants i ,measure  zero, then
del‘ =V (0)—V () < © orequivalently that —'[ ”S dt < sothats € L,.
Form the error dynamics, we can further conclusion that § € L_. Then by Barbalat s
lemma we readily obtain that § — Qas ¢ —> 00 asymptotically as t — 00 and therefore,
e,6 >0 as f—> 00 Note that in the above proof we have used the property
(M (9)—2B(q,q)) is skew- symmetric. Finally, to complete the proof 1n theory, we

need to show that the above hypothesis that the set of time instants yZ; is indeed

i=1
measure zero. However, it is quite straightforward to conclude the result from (21) by

simply using the fact that all signals are bounded. This completes our proof.

Remark 3: From the robustness point of view, it would be better if additional feedback term
-k 45 01s included in the control law (24). With such an inclusion, the sway stabilization
result subject to external disturbance can also be maintained as the cart arrived at its
destination. This can be easily checked from the stability proof given in the theorem.

Proof: Let the Lyapunov function candidate be chosen as

1 1 ~ o~ 1 ~ o~ 1
V(1) 5sTM<q)s+5¢fka '$, +5¢2ka '$, + 572,

1 1 ~ i 1 ~ . 1
= 5STM(Q)S+?¢1Tka 1¢1 +?¢2ka 1¢2 +?k2

and take the time derivative of V to get

V()= s"M(q)s -I-%STM(L])S kG 8k G K

—w ¢ -7, _quH

T .
=s (-B(q,q)s— K, s+
: a,9, +K 5,

1 .. - -
)+ESTM(Q)S +Spra)l¢l +Sarw2¢2
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2
kHs H s )
)4 T T
(=S, 0,0, —5, K,p5,)
Js,| +=

—_— T —
=—s Ks—k,s,5,

V(t) = —s"K s — k45,
; 1
PO € A (K )5, " 5,70+ 5,7 +5,7)

1 2 2
= _(ﬂ’min (Kv)_qu )(Sp +S9 )
Thus, the same conclusion can be made as preciously if

1
ﬂ’min (Kv) > Ekq

3. Computer Simulation

In this subsection, several simulations are performed and the results also confirm the
validity of our proposed controller. The desired positions for X and Y axes are 1 m. Figure 3
shows the time response of X-direction. Figure 5 show the time responses of Y-direction. It
can be seen that the cart can simultaneously achieve the desired positions in both X and Y
axes in approximately 6 seconds with the sway angles almost converging to zero at the same
time. Figure 4 and Figure 6 show the response of the sway angle with the control scheme.
Figure 7 and Figure 8 show the velocity response of both X-direction and Y-direction. Figure
9 and Figure 10 show the control input magnitude. In Figure 11~14, the parameter estimates
are seen to converge to some constants when error tends to zero asymptotically and the time
response of the tuning function k(t) is plotted in Figure 15.

The control gains are chosen to be

1.5 0 235 0
k = /kg = 7
i 0 1 0 1
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15 0 135 0
o 18" |0 12

The corresponding adaptive gains are set to be k .= k p = 1
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Fig. 3. Gantry Tracking Response X(#) with Adaptive Algorithm
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Fig. 4. Sway Angle Response (f) with Adaptive Algorithm
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Fig. 5. Gantry Tracking Response V() with Adaptive Algorithm
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Fig. 6. Sway Angle Response [3(t) with Adaptive Algorithm
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Fig. 8. Gantry Velocity Response }(f) with Adaptive Algorithm
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Fig. 11. Estimated Parameters ¢1 . (¥)
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Fig. 12. Estimated Parameters

Fig. 13. Estimated Parameters ¢1 ¥ (t)

Fig. 14. Estimated Parameters ¢2 o (¥)
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0.35

Time(sec)

Fig. 15. Response Trajectory of k(?)

4. Experimental Verification

In this section, to validate the practical application of the proposed algorithms, a three
degree-of-freedom overhead crane apparatus, is built up as shown in Figure 16. Several
experiments are also performed and indicated in the subsequent section for demonstration
of the effectiveness of the proposed controller.

Fig. 16. Experimental setup for the overhead crane system

The control algorithm is implemented on a xPC Target for use with real time Workshop®
manufactured by The Math Works, Inc., and the xPC target is inserted in a Pentium4
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2.4GHz PC running under the Windows operating system. The sensing system includes the
two photo encoders and two linear position sensors. The cart motion X-direction and
Y-direction motion measured by linear potentiometer. Two potentiometers are connected to
the travel direction and the traverse direction. An AC servo motor with 0.95 N-m maximum
torque and 3.8N-m maximum torque output is used to drive the cart motion X direction and
Y direction. The servomotors are set in torque control mode so as to output the desired
torques.

In the experimental study, the proposed control algorithms have been tested and compared
with the conventional PD controller. From the experimental results, it is found that our
proposed algorithms indeed outperform the conventional control scheme in all aspects. A
schematic description of the experimental system is draw in Figure 17.

livear pogtion tranaducers

h R -

(FJPabad Diive Signal
L Swirg argle |
Fropreed tard
— il o B | Btor control wit
T Qe position FyEtetn

Fig. 17. A Schematic Overview of the Experimental Setup

4.1 Experiments for Conventional PD control as a comparative study

In the experiments, a simple PD control scheme with only position and velocity feedback is
first tested for the crane control. Figure 18 and Figure 20 show the control responses. From
Figure 19 and Figure 21 it is observed that the sway oscillation can not be rapidly damped
by using only conventional PD control, although the tracking objective is ultimately
achieved.
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Fig. 18. Gantry Tracking Response X(#) with Conventional PD Control
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Fig. 19. Sway Angle Response () with Conventional PD Control
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Fig. 21. Sway Angle Response [3(f) with Conventional PD Control
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Position(X)
03
02t
01t
£

D_
a1k
02k

. | | . | .
0 2 4 4 8 10 12 14

Tirme(sec)

Fig. 20. Gantry Tracking Response }(¢) with Conventional PD Control

4.2 Experiments for the Proposed Adaptive Control Method with Set-point Regulation

In the subsection, the developed adaptive controller is applied. The following controlled
gains are chosen for experiments.

k_20k_30
o 17 o 1)
1.5 0 1.35 0

kv: ’kvt9=

v 0 3 0o 2

The corresponding adaptive gains are set to be 1 i.e, k, =k, =1. Figure 22~31 depict the
experimental results for the crane system with the adaptive control law. Figure 22 and
Figure 24 demonstrate the tracking performance in X and Y directions. It is experimentally
demonstrated that the sway angle can be actively damped out by using our proposed
adaptive schemes, as shown in Figure 23 and Figure 25 with maximum swing angle about
0.05 rad and 0.06 rad, respectively. Figure 26 and Figure 27 show the input torques from
each AC servo motors, whereas Figure 28~30 plot the associated adaptive gain turning
trajectories. The trajectory of coupling gain k(t) is also in Figure 31 with initial value 0.05.
The initial values of other state variable are all zero. Apparently the tracking and damping
performances by applying the adaptive control algorithm are much better than the ones
resulting from the PD control.
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Fig. 22. Gantry Tracking Response with Adaptive Algorithm X(t)
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Fig. 23. Sway Angle Response with Adaptive Algorithm « (t)
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Fig. 24. Gantry Tracking Response with Adaptive Algorithm Y(t)
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Time(sec)

Fig. 26. Force Input Ux

Uy

w -

NT
%)

Time(sec)

Fig. 27. Force Input Uy



On the Adaptive Tracking Control of 3-D Overhead Crane Systems 299

phit

r N 1 1 N 1 1
] 2 4 G g 10 12 14 16
Time(sec)

Fig. 29. Estimated Parameters ¢1 5 ()



300 Adaptive Control

09

Time{sec)

Fig. 31. Trajectory of K (t)

4.3 Experiments for the Proposed Adaptive Control with Square Wave Tracking

To prove the prevalence of our controllers, experiments on the tracking of square wave, as
shown in Figure 6, is also conducted. The gains are kept the same as in the previous
experiments. Figure 6(a) and Figure 6(c) demonstrate the tracking performance in X and Y
directions, respectively while Figure 6(b) and Figure 6(d) show the suppression results of
sway angles. It is found that good performance can still be preserved is spite of the sudden
change of desired position.
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0.5 T T T T T T

D451 i

04r b

035¢ b

03 b

£ 0251 4

02

D15F b

[IARS b

DOosk B

Time(sec)

Fig. 32. Desired Trajectory
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Fig. 33. Tracking Response X(Z) with Adaptive Algorithm
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Fig. 34. Sway Angle Response (f) with Adaptive Algorithm

POSITION(Y)

03r —‘\_—A—Ak
02r
01

=

ok
o1k
ozt

. I . n

u] 2 4 B 8 10
Time(sec)

Fig. 35. Tracking Response )(f) with Adaptive Algorithm
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Fig. 36. Sway Angle Response [3(f) with Adaptive Algorithm
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Fig. 37. Trajectory of k(t)

5. Conclusion

In this chapter, a nonlinear adaptive control law has been presented for the motion control
of overhead crane. By utilizing a Lyapunov-based stability analysis, we can achieve
asymptotic tracking of the crane position and stabilization of payload sway angle for an
overhead crane system which is subject to both underactuation and parametric
uncertainties. Comparative simulation studies have been performed to validate the
proposed control algorithm. To practically validate the proposed adaptive schemes, an
overhead crane system is built up and experiments are also conducted. Both simulations
and experiments show better performance in comparison with the conventional PD control.
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APPENDIX A

Mathematical Description of The Dynamic Model
The dynamic equation of the 3D overhead crane system can be derived by using

Largrange-Euler formula and shown in the following

M(q)g+C(q,9)+G(q) =7

where
m, +m, 0 m,lcosa 0
B 0 m,+m,+m, —mlsinasinf mlcosacosp
mJlcosa —m/lsinasinf m,l 0

0 m [ cosa cos B 0 m 1* cos’ a
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-m,la’sin
) —m(a*+ B*)cos asin f—2m lafsin acos f
C(q7q): 252 -
m_ " sin a cos &

2 - 5H -
-2m " afsin acos a

0

G@=| o
D= —m_glsinacos 3
—m,glcosasin
T=[I/lx u, 0 O]T

g=px vy a Bf

To satisfy property P2 as stated in section 2 the vector C(g,g) can be re-arranged as
C(q,9)=B(4,q)q where

0 0 ~m la’sin a
, 0 0 —-m/lacos asinﬁ—mclﬁ’sin a cos [
B(q.q) =
0 0 0
0 O —mclzﬂsinacosﬂ

0
-m_ lasin acos f - mclﬂ cos a sin f
m 1% sin a cos

2 . .
-m[°asin a cos S

It can be easily checked that
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0 0
M -2C = 0 , _ 0 .
—-mJlasma —m/lacosasinff—mlBsinacosf

0 0

m_ lasina 0

mcldcosasinﬂ+mclﬁsinacosﬁ 0

0 —2m I* fsin acos B
2m,I? fisin a cos f3 0

which is skew-symmetrical matrix.
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1. Introduction

In recent years, control Lyapunov functions (CLFs) and CLF-based control designs have
attracted much attention in nonlinear control theory. Particularly, CLF-based inverse
optimal controllers are some of the most effective controllers for nonlinear systems [Sontag
(1989); Freeman & Kokotovié¢ (1996); Sepulchre et al. (1997); Li & Krsti¢ (1997); Krsti¢ & Li
(1998)]. These controllers minimize a meaningful cost function and guarantee the optimality
and a stability margin. Moreover, we can obtain the optimal controller without solving the
Hamilton-Jacobi equation. An inverse optimal controller with input constraints has also
been proposed [Nakamura et al. (2007)]. On the other hand, these controllers assume that
the desired state of the controlled system is an equilibrium state. Then, if the controlled
system does not satisfy the assumption, we have to use a pre-feedback control design
method to the assumption is virtually satisfied. However, a pre-feedback control design
causes the luck of robustness. This implies that a stability margin of inverse optimal
controllers is lost. Hence the designed controller does not asymptotically stabilize the
system if there exists a parameter uncertainty in the system.

In this article, we study how to guarantee a stability margin when the pre-feedback
controller design is used. We consider a magnetic levitation system as an actual control
example and propose an adaptive inverse optimal controller which guarantees a gain
margin for the system. The proposed controller consists of a conventional inverse optimal
controller and a pre-feedback compensator with an adaptive control mechanism. By
introducing adaptive control law based on adaptive control Lyapunov functions (ACLFs),
we can successfully guarantee the gain margin for the closed loop system. Furthermore, we
apply the proposed method to the actual magnetic levitation system and confirm its
effectiveness by experiments.

This article is organized as follows. Section 2 introduces some mathematical notation and
definitions, and outlines the previous results of CLF-based inverse optimal control design.
Section 3 describes the experimental setup of the magnetic levitation system and its
mathematical model. In section 4, we design an inverse optimal controller with a pre-
feedback compensator for the magnetic levitation system. The problem with the designed
controller is demonstrated by the experiment in section 5. To deal with the problem, we
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propose an adaptive inverse optimal controller in section 6. The effectiveness of the
proposed controller is confirmed by the experiment in section 7. Section 8 is devoted to
concluding remarks.

2. Preliminaries

In this section, we introduce some mathematical definitions and preliminary results of CLF-
based inverse optimal control. We also refer to ACLF-based adaptive control techniques.

2.1 Mathematical notations and definitions
We use the notation R., =[0,00).

Definition 1 A function sgn(y) is defined for y € R by the following equation:

-1 (y<0)
sgn(y)=40 (y=0) @
1 (y>0).

In this section, we consider the following input affine nonlinear system:
x=f(x)+g(x)u, @

where x € R"is a state vector, ueU < R" is an input vector and U is a convex subspace
containing the origin u =0. We assume that f :R" — R" and g:R" — R™" are continuous
vector fields, and f(0)=0. Let L,V and |_gV be the Lie derivative of f(x) and g(x)

respectively, which are defined by

oV
LV(X) = ™ f(x), 0)

LV ()= g(x). “

For simplicity of notations, we shall drop (x) in the remaining of this article. We suppose

that a local control Lyapunov function is given for system (2).

Definition 2 A smooth proper positive-definite function V:X — R, defined on a

neighborhood of the origin X < R" is said to be a local control Lyapunov function (local
CLF) for system (2) if the condition

LQE{ LV+L\V-u}<0 @)
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is satisfied for all x € X \{Q} . Moreover, V(x) is said to be a control Lyapunov function
(CLF) for system (2) if V(x) is a function defined on entire R" and condition (3) is satisfied
forall x e R" \{C}.

If there exists no input constraint (U =R™), a smooth proper positive-definite function
V:R" —» R,, isa CLF if and only if

LV =0=L,\V<0,Vx=0. (6)

In this article, we guarantee the robustness of controllers by sector margins and gain
margins.

Definition 3 A locally Lipschitz continuous mapping ¢(u) e R™ is said to be a sector

nonlinearity in (¢, 8) with respect to ue R™ if the following conditions are satisfied:

au"u<u'g(u) < fuTu,Yu =0,

#(0) =0, @)

Definition 4 System (2) is said to have a sector margin (¢, £) with respect to u e R"™ if the

closed system
x = f(x)+g(X)é(u) ()

is asymptotically stable, where ¢(u) is any sector nonlinearity in («, ) with respect to
ueR™.

Definition 5 System (2) is said to have a gain margin (¢, §) with respect to ue R™ if the

closed system (8) is asymptotically stable, when ¢(u) is given as follows:

#(u) = xu, x € (a, ). ©)

By the definition, gain margins are the special case of sector margins. If system (2) has a
sector margin («, ), it also has a gain margin (a, ).

2.2 Inverse optimal controller
We introduce the inverse optimal controller proposed by Nakamura et al [Nakamura et al.
(2007)]. The following results are obtained for system (2) with input constraint

1

Ug =Juerl :(Zuj <cl, (10)



310 Adaptive Control

where 1<k < o is a constant and C(x) >0 is continuous on R".

Theorem 1 We consider system (2) with input constraint (10). Let V (x) be a local CLF for

system (2) and a, > Obe the maximum number satisfying

inf {L,V + L,V -uf<0,
uely (11)
vxeW, = {x|V(x)<a,}.

Then, W, is a domain in which the origin is asymptotically stabilizable. If V (x) is a CLF,
then a = and W, =R".

Theorem 2 We consider system (2) with input constraint (10) . Let VV (x) be a local CLF for
system (2) , P(x) be a function defined by

LV

" eIV 1)

and a, € (0,a,) be the maximum number such that the condition

inf {Lfv +k—_1L V-u}<0,
c k 9

ueU (13)
VxeW, ={x|V(x)<a,}
is satisfied, and d be a positive constant. Then, input
= ( )
c=———|L V*sgn(L, V I=1...,m),
= eV ) ”
1 1
@+ aL,v [V
- " = T (V=0
(x) = m(P+\P\)+q(x)HLgVHg 1)
2
TN (L V= 0)!
q(x) ?

1

q(x) = dC*1(x) (16)
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asymptotically stabilizes the origin in W, , and minimizes the cost function:

J =T{I(x)+Rkl(X)ut}dt,

I(x) = "klR(l)HLVHH LV,

17)

Moreover, it achieves at least a sector margin (a,p) in W, .

2.3 Adaptive control problem

We consider an adaptive control problem for nonlinear systems. In this section, we
introduce some definitions and properties. We consider the following input affine nonlinear
system:

= f,(x)+ f,(x)8+g(x)u, (18)

where x € R" is a state vector, u € R™ is an input vector, and @ € R" is a constant unknown
parameter vector. We assume that f :R" —-R", g:R" —>R™ and f,:R" - R™ are

continuous vector fields, and fO (0)=0. Note that there exists no input constraint.

The stabilizability of the system with unknown parameters is defined as the following.

Definition 6 Let  be an estimate of §. We say that (18) is globally adaptively stabilizable
if there exist a function a(x,é) continuous on R" \{(0} x R with (0, é) =0, a continuous
function T(x,é), and a positive definite symmetric px p matrix I", such that the dynamic

controller

u= a(x,é), (19)

6=Tz(x,0) (20)

guarantees that the solution (x,é) is globally bounded, and x — 0 as t — o for any value

of the unknown parameter § € R”.
For the stabilization problem, we introduce an adaptive control Lyapunov function (ACLF)
as the following.

Definition 7 We consider system (18) and assume that V_(x,8) is a CLF for system (18).
Then, V,_(x,8) is called an adaptive control Lyapunov function (ACLF) for system (18) if
there exists a positive-definite symmetric matrix I" such that for each 6 € R", Vv, is a CLF

for the modified system
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o v, )
Xx=fo(X)+ fl(x)(eﬂ"( 69) }L g(x)u. (21)

Krstié et al. (1995) proved the following theorem.
Theorem 3 The following two statements are equivalent:

(1) There exists a triple (¢,V,,I") such that (X, é) globally asymptotically stabilizes (21) at
x =0 for each § € R" with respect to the Lyapunov function V_(x,6) -
(2) There exists an ACLF V_(x,0) for system (18).

3. Magnetic Levitation System

3.1 System configuration

We consider a stabilization problem of a magnetic levitation system shown in Fig.
1[Mizutani et al. (2004)]. The system consists of a magnet with a disk, a glass guide rod,
upper and lower magnetic drive coils that generate a magnetic field in response to a DC
current and two laser-based sensors that measure the magnetic position using the reflection
of the disk surface.

3.2 Mathematical model of the system
In this article, we control the position of the magnet using attractive force generated by the
upper drive magnetic coil. The force diagram is illustrated in Fig. 2. £ is the position of the

magnet from the upper coil, and F, is an attractive force for the magnet generated by the

upper drive magnetic coil.
The dynamical equation for the magnet is described by

mé =F, —mué —mg,, (22)

where m is the mass of the magnet, ; is a friction constant. g, is the gravitational

acceleration.

Fig. 1. Magnetic levitation system
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Electromagnet

Iy -G

Disk Magnet|

MG mgo

Fig. 2. Force diagram of the magnetic levitation system

Here, F, is modeled by

u

TR )

where a and b are constants determined by numerical modeling of the magnetic
configuration, and u is a control input voltage for the upper coil. The position & is
measured by the upper laser sensor.

Let { be the desired position of the magnet, x, :é‘—f*, and x, = x,. We set x =[x, XZ]T.
Then we obtain the following state equation:

x=f(x)+g(u, (24)
where f(x) and g(x) are defined as
X 0
f(X){ 2 },g(x)= 1 (25)
— X, — 0 ma(-x, — & +Db)*

The system parameters are shown in Table 1.

m H Jo a b
[kg] [-] [m/s?] [V/N-m?] [m]
0.12 45 9.80665 40118.9 0.056464

Table 1. Parameter values of the magnetic levitation system
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There exists the following input constraint in system (24):
Jul, =u? <5IV]. (26)

By the above discussion, the control problem is reduced to the stabilization problem of
system (24) with the input constraint (26).

4. Pre-feedback Gravity Compensation

In system (2), we assume that f(0) =0. However, f(0)= 0 in system (24). Therefore, we
cannot directly apply the inverse optimal controller (14) to system (24). To achieve f(0) =0,

we design a controller to compensate for gravity by a pre-feedback input.
We consider the following gravity compensation input u.(x) as

U (X) = mgoa(_x1 - f* + b)4- (27)

Substituting (27) into (24), the gravitational acceleration g is successfully canceled. Then,

we split the input u(x) using u,(x) as
u(x) =ug (X)+ug(x), (28)

where y_ is an asymptotic stabilizing input for system (24) when g, =0.

By using (26) and (28), the input constraint is rewritten to
()|, =[u. () +u(x)[, <5. (29)

To handle input constraint (29) as a norm constraint, we rewrite (29) as
luy (]| < H5—\uc(x)\ H2 =C(x). (30)

(30) represents a constraint depending on the state. Note that constraint (30) is more severe
than the original constraint (29). The problem of designing controller (28) is reduced to the
problem of designing controller u_(x) with input constraint Hus ()()H2 <C(x)-

To apply inverse optimal controller (14), we construct a CLF for system (24). In general, the
controller performance often depends on a CLF. However, it is unclear which CLF achieves
the best control performance. Hence, we construct a CLF with a design parameter. Using the
integrator backstepping method, a CLF V (x) can be carried out as

V(x) = %(r2 +)x,7 XX, + % X, (1)
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where r is a positive constant and also a design parameter.
Now, we construct input u_. Let f (x) be the function defined by

Xz
(9= (0 |goo={_ yx} (32)
By using (31), we can calculate | v and L,V as
Ly V :{(r2+l)—,uI’}X1X2+(I’—,u)X22, (33)

Lot
ma(-x, —¢& +b)

Substituting (33) and (34) into (14) and (15), we get the following input u_(x) -

1
u (x) =-— LV,
0=k 5
2+q(X)|L,V[)IL,V
el g
Rl(x) = 2(P1+‘P1‘)+Q(X)HL9VH2 (36)
a(x) !
P(X) = ———r,
! C(x)HLgVH2 (37)
q(x)=dC(x):dH5—\uc(x)\ H2 c8)
According to Theorem 2, u_(x) has a sector margin (1/2, ).
Finally, the following controller u(x) is obtained:
. 1
u(x) =mg,a(-x,—& +b)* - LV. (39)

R(x) *

5. Experiment 1

We apply controller (39) to the magnetic levitation system. We set x(0) :[—1_4, 0_0]T and
£ =-2.0[cm]. The controller is implemented by MATLAB/SIMULINK. The sampling



316 Adaptive Control

interval is 1x 107 [sec] and control parameters are r =8 and d =1.25x107, respectively.
The time response of the controlled system is shown in Fig. 3. Although the velocity x,

vibrates due to sensor noise, the input constraint (26) is satisfied. However, the position x,

does not converge to zero (an offset error remains). Then, the actual magnetic levitation
system is not asymptotically stabilized by the proposed controller (39).
The biggest reason for the offset error is the lack of robustness with respect to u_. If there

exists a parameter uncertainty in g(x), the gravitational acceleration g, is not completely
canceled by the pre-feedback Uy (X) - Therefore, the proposed controller u(x) does not
guarantee the robustness for the system (24) even if the stabilizing input u_(x) guarantees

the sector margin (1/2,c0) for the system

x= f,(x) + g (x)u,. (40)

w
(=]

20

offset error

Ju—
(=)

o

Tolem/s]

—
=)

|
[\~
(=]

-30

i 5 5 0 0 2 i 6 8 10
Time|[sec] Time][sec]

Time[sec]

Fig. 3. Experimental result of controller (39)

6. Adaptive Inverse Optimal Controller Design

6.1 Robustness recovery via adaptive control
To solve the problem stated in section 5, we propose a controller that guarantees a gain
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margin for u. We apply an adaptive control technique to achieve a gain margin for input u.
Before applying the adaptive controller, we rewrite the system (24) to

x= 1,00+ .09, + g(xu , (41)

where f (x) is defined by (31) and f,(x) = [0,—1]T . Additionally, to consider a gain margin

for (41), we rewrite the system to
X = f,(x)+«f, (X)0+ xg(X)u , (42)

where x is an unknown constant and 4 =g o/ x is a constant unknown parameter. Note

that the range of x, in which the origin of the system (42) is asymptotically stable, is a gain
margin for input u. Furthermore, we consider the following input:

u(x,é) = uc(x,é)+u§(x,é), (43)

where § = g,/k and K is an estimate of k. We suppose that input ug(x,é) asymptotically
stabilizes the system (40) and guarantees the gain margin (1/2,0). Let ug (X, é) be a gravity

compensation input defined as follows:
u,(x,0) = mad(-x, — & +b)*. (44)
Remark 1 In this section, we do not mention whether the input constraints exist or not.

Then, we construct an adaptive law é such that the input (43) stabilizes the system (42) and
show the input (43) has a gain margin (1/ 2, ).

In this section, we use an ACLF to construct an adaptive law. The following lemma is
available for constructing an ACLF.

Lemma 1 We consider system (42). Let V (x) be a CLF for system (41). Then, V (x) is an
ACLF for system (42).

Proof: If V(x) is an ACLF for system (42), V (x) is a CLF for the following system:

. oV
X = fo(x)+ Kfl(X)(e + 766’) + xg(X)u, (45)
where y is a positive constant. Note that 3V /90 = 0, the above system is rewritten to

X = fo(X)+&f,(X)0+ &g (X)u. (46)



318 Adaptive Control

Sytem (46) is asymptotically stabilized by the input
u(x) =, (x) +u, (x), (47)

whereu_(x) and u (x) are defined by (27) and (35) respectively. This implies all CLFs for
system (41) are ACLFs for system (42).

By Lemma 1, CLF (31) is applicable to an ACLF for system (42).

Lemma 2 We consider system (42) and assume that an ACLF V (x) for (42) is obtained. Let
V'(x, é) be a function defined by

o A\ _ K on e _ K 52
\ (X,H)—V(X)+2y(6’ o) —V(X)+279 , (48)

where 1/2< x < and @ :=0—0 . Let the adaptive law é be
A oV
O=rr()=r— L. (49)

Then, V'(x, é) is a Lyapunov function for the closed loop system of (42).

Proof: Let the origin of system (42) be (x,é) =(0,0) . Then, V' is a positive definite function.

Assume U is input (43) and note that 0 = —é. Then,

V'(x,0) = 2 [, + w{£,000+ 900U, (x.6) + 1 (x.H) ]
OX (50)
_ %\; [, + g (XU (x,6)] <0.

Since the input u;(x,é) has a gain margin (1/2,), \]’(x,é) is less than or equal to zero.
Then V'(x,é) is a Lyapunov function for the closed loop system of (42) and the origin
(X,é) =(0,0) is stable.

Remark 2 Lyapunov function (48) contains an unknown constant x . However, it does not
become a problem because both input (43) and adaptive law (49) do not contain « .
Lemma 3 We consider system (42) and assume that an ACLF V(x) for (42) is obtained.

Then, if 1/2<x <o, x — 0t — o) and 0 O(t — ) are achieved by input (43) and
adaptive law (49).
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Proof: By Lemma 2, we can construct a Lyapunov function V’(x,é) (47) for system (41).
The input and the adaptive law are given by (42) and (48), respectively. Then, we obtain
V"(x,é) < 0(x # 0) because the input ug(x,é) has a gain margin (1/2,0). Let S be a set
defined by

S :={(x,é)N’(x,é) -0,xeR",0cR},

R R (51)
={(x,e)\x=o,9e R}.

We show that the largest invariant set contained in S consists of only a point (x,é) =(0,0) .

Consider the following solution of (42) belonging to S :
x(t)=0,t>0. (52)

Note that u’ (o, é) =0, we obtain the following equation for (42):

%= f,(0)+ x{f,(0)0+ g (0)u(0,6)}
= k{1,000 + g(O)u, (x.0)} (53)
=if,(0-6)=0,

where x #0 and f,(0)=0, we obtain §=6. On the other hand, if x=0 and 0+ 0, we
obtain x =0 by (50). Therefore, the largest invariant set contained in S is a set {(0,8)}.

Finally, we obtain x — 0 and 6 — 0 when t — oo by LaSalle’s invariance principle [Khalil
(2002)].

The following theorem is obtained by Lemmas 2 and 3.

Theorem 4 We consider system (42), controller (43) and adaptive law (49). Then, the
controller has a gain margin (1/2,).

6.2 Adaptive inverse optimal controller
We calculate @ of (49) by using CLF (31) as:

% 0
0=;/[(r2+1)x1+rx2 rx1+x2]{ J

=—y(rX, +X,).

(54)

Furthermore, taking into consideration the input constraint, we obtain the following
controller:
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u(x,0) =u, (x,0)+u’(x,0) =mad(—x, — & +b)* +u’(x,0),

(55)
ul(x,6) Ly,
s R,(x,0) 9 (56)
+a0 AL,V ])V],
) - (LyV =0)
R, (x,0) ={ P, +[P,)+a(x, 9)H'-9VH2 57
) (57)
i (L,V =0)
q(x,0)
. L,V
P(X,0) = ——=i—,
cx. ALV, (58)
q(x,6) = dc(x,d), (59)
C(x,0) = HS— (60)

where we use u,(x) given by (35) as u;(x,é) . Then, note that the input constraint C(x) is
rewritten to C(x, é) given by (60). According to Lemma 2 and the result of [Nakamura et al.

(2007)], we can show the input ul(x, é) minimizes the following cost function:

R (X 0) ,2

J= _[I(x ) + 2y %, (61)

where

I(x,0) = VLV 62)

2R, (x,0)

It is obvious that a gain margin (1/2,00) is guaranteed for controller (55) at least in the

neighborhood of the origin.

7. Experiment 2

In this section, we apply controller (55) to the magnetic levitation system and confirm its
effectiveness by the experiment. To consider the input constraint, we employ the following
adaptive law with projection instead of (54):
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. 0 é:ZQO,rx1+x2>0
6= 0 6=0,rx+X,<0 . (63)
—y7(rx, +X,) otherwise

We set the adaptation gain y =160 and the initial value of the estimate é(O) =820. The

other experimental conditions and control parameters are the same as in section 5. The
experimental result is shown in Fig. 5. Position x, converges to zero without any tuning of
control parameters. The gain margin guaranteed by the adaptive law seems quite effective.
We can observe that the input is larger than the non-adaptive controller (39), however, the
input constraint is satisfied. The parameter estimate 6 also tends to converge to the true
value 0. As a result, the effectiveness of the proposed controller (55) is confirmed.

2 4 6 8 10 0 2 4 6 8 10
Time|sec|

4 1000
980 ¢
960 ¢
940 |
«@ 9204
900
880
860
840

) 2 4 6 8 10 820 0 2 4 6 8 10

Time[sec| Time|sec|

Time[sec|

Fig. 4. Experimental result of controller (55)

8. Conclusion

In this article, we proposed an adaptive inverse optimal controller for the magnetic
levitation system. First, we designed an inverse optimal controller with a pre-feedback
gravity compensator and applied it to the magnetic levitation system. However, this
controller cannot guarantee any stability margin. We demonstrated that the controller did
not work well (offset error remained) in the experiment. Hence, we proposed an improved
controller via an adaptive control technique to guarantee the stability margin. Finally, we
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confirmed the effectiveness of the proposed adaptive inverse optimal controller by the
experiment. As a result, we achieved offset-free control performance.
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Adaptive Precision Geolocation Algorithm with
Multiple Model Uncertainties

Wookjin Sung , Kwanho You
Sungkyunkwan University, Department of Electrical Engineering
Korea

1. Introduction

In the unmanned ground vehicle (UGV) case, the estimation of a future position with a
present one is one of the most important techniques (Madhavan & Schlenoff, 2004).
Generally, the famous global positioning system (GPS) has been widely used for position
tracking because of its good performance (Torrieri, 1984; Kim et al., 2006). However, there
exist some defects. For example, it needs a separate receiver and it must have at least three
available satellite signals. Moreover it is also vulnerable to the indoor case (Gleanson, 2006)
or the reflected signal fading.

There have been many researches to substitute or to assist the GPS. One of them is the
method of using the time difference of arrival (TDoA) which needs no special equipment
and can be operated in indoor multipath situation (Najar & Vidal, 2001). The TDoA means
an arrival time difference of signals transmitted from a mobile station to each base station. It
is the basic concept of estimation that the position of a mobile station can be obtained from
the crossing point of hyperbolic curves which are derived from the definition of TDoA.
Including some uncertainties, there have been several approaches to find the solution of
TDoA based geolocation problem using the least square method, for example, Tayler series
method (Xiong et al., 2003), Chan’s method (Ho & Chan, 1993), and WLS method (Liu et al.,
2006). However in case of a moving source, it demands a huge amount of computational
efforts each step, so it is required to use a method which demands less computational time.
As a breakthrough to this problem, the application of EKF can be reasonable.

The modeling errors happen in the procedure of linear approximation for system behaviors
to track the moving source’s position. The divergence caused from the modeling errors is a
critical problem in Kalman filter applications (Julier & Uhlmann, 2004). The standard
Kalman filter cannot ensure completely the error convergence because of the limited
knowledge of the system’s dynamical model and the measurement noise. In real
circumstances, there are uncertainties in the system modeling and the noise description, and
the assumptions on the statistics of disturbances could be restrictive since the availability of
a precisely known model is very limited in many practical situations. In practical tracking
filter designs, there exist model uncertainties which cannot be expressed by the linear state-
space model. The linear model increases modeling errors since the actual mobile station
moves in a non-linear process. Especially even with a little priori knowledge it is quite
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valuable concerning the strategy.

Hence, the compensation of model uncertainties is an important task in the navigation filter
design. In modeling or formulating the mathematical equations, the possible prediction
errors are approximated or assumed as a model uncertainty. The facts discussed above leads
to unexpected deterioration of the filtering performance. To prevent the divergence problem
due to modeling errors in the EKF approach, the adaptive filter algorithm can be one of the
good strategies for estimating the state vector. This chapter suggests the adaptive fading
Kalman filter (AFKF) (Levy, 1997; Xia et al., 1994) approach as a robust solution. The AFKF
essentially employs suboptimal fading factors to improve the tracking capability. In AFKF
method, the scaling factor is introduced to provide an improved state estimation. The
traditional AFKF approach for determining the scaling factors mainly depends on the
designer’s experience or computer simulation using a heuristic searching plan. In order to
resolve this defect, the fuzzy adaptive fading Kalman filter (FAFKF) is proposed and used as
an adaptive geolocation algorithm. The application of fuzzy logic to adaptive Kalman
filtering gains more interests. The fuzzy logic adaptive system is constructed so as to obtain
the suitable scaling factors related to the time-varying changes in dynamics. In the FAFKF,
the fuzzy logic adaptive system (FLAS) is used to adjust the scaling factor continuously so
as to improve the Kalman filter performance.

In this chapter, we also explain how to compose the FAFKF algorithm for TDoA based
position tracking system. Through the comparison using the simulation results from the
EKF and FAFKEF solution under the model uncertainties, it shows the improved estimation
performance with more accurate tracking capability.

2. Geolocation with TDoA analytical methods

When the mobile station (MS: the unknown position) sends signals to each base station (BS:
the known position), there is a time difference because of the BS’s isolated location from MS.
The fundamental principle of position estimation is to use the intersection of hyperbolas
according to the definition of TDoA as shown in Fig. 1.

The problem of geolocation can be formulated as

4 =ls-]
d,=ct, =ct —ct,

b =col{x,y},i=12,3 -, m
s =col{x,y}

where b, is the known position of i-th signal receiver (BS), s is the unknown position of
signal source (MS), and c is the propagation speed of signal. In Eq. (1), d, means the
distance between MS and i-th BS and f; is the time of signal arrival (ToA) (Schau &

Robinson, 1987) from MS to i-th BS. Hence f, becomes the time difference of arrival
(TDoA) which is the difference of ToA between {, (from MS to the i-th BS) and ¢ (from



Adaptive Precision Geolocation Algorithm with Multiple Model Uncertainties 325
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Fig. 1. Geometric method using hyperbolas.

MS to the first BS). The distance difference of d,, results from the multiplication of TDoA

and c.

Generally it is possible to estimate the source location if the values of ToA could be
provided exactly. However, it is required to be synchronized for all MS and BS’s in this case.
To find the TDoA of acknowledgement signal from MS to BS’s, the time delay estimation
can be used. As shown in Fig. 1, the estimation of geolocation can be obtained by solving the
nonlinear hyperbolic equation from the relation of TDoA. If there are three BS’s as in Fig. 1,
we can draw three distinct hyperbolic curves using distance difference from TDoA signal. It
is the principle of geometric method that the cross point becomes the position estimation of
MS.

To find the position estimation (s) of the unknown MS in an analytical method, let’s rewrite
the distance difference equation (1) as

d =d +d,, i=2,3,,m. )

By squaring Eq. (2) with the relation of (d,)’ = <s-bl.,s-bl.>, the nonlinear equation for

positional vector of s can be formulated as following.

"S"2 - ZbiTS + "bi "2 = "5"2 - 2b1TS +||b1 "2 + Zdldn + (dn )2/ i= 2/' L (3)
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To represent the solution in linear matrix equality form, Eq. (3) can be simplified as
2 2 .
Io ] =6 + (@)’ =2(b—b,,s) —2d,d,,, i=2,--, m (4)

Using the distance from MS to the first BS, (d, )* = (x—x,)’ +(y—,)*, and with b, as the
origin of coordinates, i.e., b, =col{0, 0}, we can obtain the position estimation from the

following two nonlinear constraints.

l .
E(_"bi"2 +(di1)2) = —(b,.,s>—d1 dl.l, i=23,-,m 5
X4yt =(d) =0

To find the solution of s, Eq. (5) is rewritten in linear matrix equation. Now the source vector
s can be acquired by solving the following MS geolocation problem.

Gs=h+pd,
(d1)2=<S,S>
1 ||b2||2—(d21)2
h=> o =5d=p°p)
b, -, (6)
d21 <b29b2>
p=—| : |,d= :
dml <bm’bm>

where Gz[bzmb

m

]T and e means the Hadamar operator.

3. Geolocation with model uncertainty

This section describes the geolocation using the estimation filter in state-space. As stated in
the section 2, the conventional analytical methods are focused on solving the nonlinear
hyperbolic equations. In this section, we introduce the fuzzy adaptive fading Kalman filter
to get the precision estimation for multiple model uncertainties.

3.1 System modeling
In the real case, TDoA signal can be distorted by the timing error due to non-line-of sight or
by additive white Gaussian noise. To find the precision geolocation in real case, the system

modeling must include the model uncertainty. Let #, be the ideal TDoA signal and Af# is
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the distorted amount by external noises. The real value of TDoA is changed as =17 +Af.

If the real value of TDoA is used in Eq. (6), it becomes more complicated nonlinear equation
and this complexity may cause huge computational efforts in the real-time process. As a
breakthrough to this problem, the Kalman filter which needs relatively less computational
time can be an alternative solution.

Since the hyperbolic equation of TDoA is nonlinear, the extended Kalman Filter (EKF) can
be used as a nonlinear state estimator. The basic algorithm of EKF is shown as in Fig. 2.

Time update

a) The state projection
§ = f@.m,w)
b) The error covariance projection

R.'_ - A.i.' P}—'A: ’ WtQ.i:W..i:T

correction Measurement update prediction

¢} Kalman gain update

K = Pk_H.:[HkPk_H.: + V?ReV:]q

d) The error covariance update

R, =[{-K.H, ]JD

e) The estimate update with measurement

§, =8 ~ K|z - A1)

Fig. 2. Flow chart of extended Kalman filter.

The first step is the time update in which it predicts the state of next steps from processing
model and it compares the real measurement with the prediction measurement of §
obtained by time update process. For TDoA based geolocation using extended Kalman filter,
the discrete state-equation of the processing and measurement model for MS can be
formulated as

S, =As, +Bu, +w,

1 0 A O 00

010 A 00 @)
A= 5 B:

0 00 O 1 0

00 0 O 01
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where s(k)=[x y % y]", u, is the known velocity of moving MS, A is the time interval
of sampling, w, isan additive white Gaussian noise (AWGN).

From the definition of TDoA, the measurement model can be written as
z, = h(s,,v,)

1
=~ Ms, =5, [| = || Ms, =b; [+,
8
1 000 ®
M =
0100

where v, is the measurement noise in AWGN.
The output result of z, which is the TDoA signal provides the information of MS position.

As an accurate geolocation method, the frequency difference (FDoA) resulted from Doppler
shifts observation can be added in the state equation. However, to make the problem more
simple, we consider only the TDoA signal as an output measurement in this section.

Since the measurement model z, is nonlinear equation, the linear approximation using
partial differential method should be done for the use of EKF.

zy =z, +Hs +V,
Oh Oh
Hk ~ _k, V ~ k (9)

0s, ! a

3.2 Geolocation using fuzzy adaptive fading Kalman filter (FAFKF)

EKF is a very useful method for nonlinear state estimation. However, as EKF is based on the
linearization of nonlinear system using partial differential method, the modeling errors can
easily lead to the divergence problem. To solve this problem, an adaptive fading Kalman
filter (AFKF) with a fading factor can be applied. The application of AFKF to geolocation
estimation is given in the following mathematical expression.

Basically, the fading factor 4, is added in the error covariance projection during the time

update process.
B = ﬂkAch—lAlz‘ +W.0, W;f (10)

where A, = diag(4,,4,,---,4,). In normal case of A, =1, it means the general EKF. If the
estimated value approaches to the steady-state value, the fading factor A, becomes less

than 1. If A, is greater than 1, the divergence could happen. This iterative process is called

as the adaptive fading loop given as follows.
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A, =max{1, & 0]
[E,]

F =C -k, _HkaHkT
E, :HkAkPkAkTHkT

p— 2 ’
’ ﬂ’k¢k¢lz k >1
1+4,

=z,—2,, £, =h(S,v)

where « is a scaling factor and #[-] is the trace of a matrix.

Moreover the measurement estimation of Z, is predicted through the estimation of s, .
That is, if we get more accurate §k , then the more accurate 2k can be obtained. As the
error of output measurement is within the &- neighborhood ie., ||z, -2, ||<¢, and

& — &, =0, it is confirmed that the present estimation performance is guaranteed and the

fading factor becomes 4, <1.

The fuzzy logic adaptive system (FLAS) offers an effective method when the problem is too
complicated or hard to be analyzed in mathematical way. The procedure of general fuzzy
system can be classified as three parts; fuzzification, fuzzy inference, and defuzzification.
The first step of fuzzification is to make linguistic variables from inputs and outputs. The
second step of fuzzy inference is to make rules using if-then expression. Finally the third step
of defuzzification is to decide the degree of the output value.

Using the scaling factor (¢ ) as an output from FLAS, the fading factor in FAFKF is updated
as A, =a-tr[F,]/tr[E,]. According to the following two degree of divergence (DoD)
parameters from the innovation covariance matrix and the trace of innovation covariance
matrix, it is possible to identify the changing degree in dynamics of MS. The first DoD
parameter O is defined as the ratio of the trace of innovation covariance matrix at present
state and the number of measurements used for estimating location.

5 — ¢kT¢k (12)

m
where @, =[d @, --- @, 1, m is the number of measurements (number of TDoA signals).

The second DoD parameter o is defined as the average of the absolute value of the
measurement error ¢, .

1 m
G_Z,Z::‘M' (13)
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The fading factor A, updated through the adaptive fading loop is used to change the error

covariance F,.

Kalman filter

Process

3

Adaptive Fading Loop
oy tr[E]
k1 f?"l Ek J

-

A

Making adaptive error covariance
b= AT:AkPk—IA: +WkQ}:WkT

Fig. 3. Flow chart of the fuzzy adaptive fading Kalman filter process.

Fig. 3 shows how the FAFKF works for TDoA geolocation problem. As a first step in the
process of FAFKF, the two DoD parameters ( J, o ) are obtained from measurement

difference between the real value (z, ) and the estimation result ( Z, ). These DoD
parameters are used as the inputs for the fuzzy system. Finally the FLAS is employed for
determining the scaling factor & from the innovation information. According to the scaling
factor ¢, the estimation accuracy is determined. Using the fuzzy logic system, we can
adjust the fading factors adaptively to improve the estimation performance.

4. Simulation results

The basic circumstance to be used in the simulation is shown in Fig. 4. There are two BS’s
and the signal source of MS is supposed to move at a constant speed but changes its
direction every 2.5 sec. In Fig. 4, the dotted line is an ideal path of MS with no external forces.
The solid line is the real path which is affected by the multiple noises such as the
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measurement noise v, and the process noise w, . The thick solid line is the path of MS

estimated by the standard EKF with no adaptive method. Fig. 4 shows that the performance
of EKF is restricted especially when the MS changes the direction. The accumulated position

error is increased as the MS changes its direction frequently.

To prove the effectiveness of the adaptive fading factor in TDoA gelocation, the simulation

parameters are set close to the real values. Table 1 shows the simulation parameters.

T T T
--------- ldeal Path
5H Real Path
EkF

o _@ BS1(0,0)

B32(12,5) @,

a 2 4

Fig. 4. Simulation circumstance for MS

The FLAS consists of the following 9 rules and is represented in the following if-then form.
The membership functions of input fuzzy variable (DoD parameters: 6 and o ) and

output (scaling factor: « ) are shown in Fig. 5.

i. if 0 isn(negative)and o isn, then « isnb (negative big).
ii. if 0 isz(zero) and o isn, then « isns (negative small).
EKF AFKF FAFKF
Speed Constant Constant Constant.
[J (time interval) 0.1 sec 0.1 sec 0.1 sec
a (scaling factor) None 0.12 FLAS output
A (fading factor) None Constant Fuzzy based

Table 1. Parameters for the TDoA geolocation simulation
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{c) output (a)
Fig. 5. Membership functions in FLAS
if 0 isp (positive)and o isn, then a isz.
if 0 isnand o isz, then a isns.
if 0 iszand o isz, then a isz.
if 0 ispand o isz, then «a is ps (positive small).
if § isnand o isp, then a isz.
if 0 iszand o isp, then o isps.
if 0 ispand o isp, then « is pb (positive big).

1X.

As the DoD parameter (0 ) and the averaged magnitude (o) of @(k) change within

0.003~0.007 and 0.03~0.1 respectively, we define those range as zero for 6 and o . The
output of the scaling factor (« ) is determined as 0.12 following that of AFKF in the
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associated range. Other values can be determined from experiential way. The simulation
result of FLAS and adaptive fading loop is given in Fig. 6.
Fig. 6 shows the change of the scaling factor ¢, and the fading factor A, . The values of

a, and A, change very steeply to correct the position error from the beginning and the
estimate §, gets close to the real value within & -neighborhood about after 1 sec since the

fading factor becomes small.

T T T T T T T T T
ozr Constant o []
— —+—FLAS o
£ 01sf
]
=R R A SRR A AT R S S R et RV S P S SRR
= 01F
[l
B
5 005H
0
0 1 2 3 4 5 ] 7 g 4 10
Time(sec)
(a) Change of Scaling factar
8 T T T T T T T T T
5L + <-4 Constant o ||
- : —— FLAS o
g4t a
=
=3 ! 7
= * :
& 2
=
0

Time(zec)

{b) Change of Fading factor

Fig. 6. Change of scaling factor (& ) and fading factor (A4 ).

Fig. 7 shows the performance of the proposed geolocation algorithm (FAFKF) through the
comparison with AFKF and EKF. The performance is measured in terms of the norm of

positioning error, i.e. "sk -5, " . As shown in Fig. 7, the positioning error of FAFKF is much

smaller than that of EKF. It can be confirmed that the difference of position error between
EKF and FAFKEF is increased as the MS changes its direction more frequently. It means that
the position estimation with FAFKEF is tracking more precisely to the real value of s, than
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Fig. 7. Comparison of error performance

AFKF or the standard EKF.

Fig. 8 indicates the path estimation performance of the proposed geolocation algorithm
through the comparison with AFKF and EKF under the situation of Fig. 4. As the adaptive
fading factor takes the sub-optimal value at each iteration, the error covariance has been
updated and is used to modify the Kalman filter gain adaptively. As shown in Fig. 8, the
trajectory estimation using FAFKF is close to the real value under noise added real
circumstance.

5. Conclusion

In this chapter, we introduced TDoA geolocation algorithm to reduce the position
estimation error. To be more similar to real circumstance, the MS is supposed to change its
direction periodically. The standard EKF which solves a huge computational problem of
TDoA based geolocaion can estimate the location of source through the linearization of
nonlinear measurement equation. However, the linearization from partial differentiation
causes a divergence problem which restricts the performance of the EKF.

To solve this problem, we applied FAFKF algorithm which changes the error covariance
using an adaptive fading factor (A ) from fuzzy logic. The scaling factor & which is used
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Fig. 8. Comparison of path estimation.

to update the fading factor has been decided by the fuzzy logic to minimize the estimation
error. Through the simulation results, it is confirmed that the trajectory estimation using
FAFKEF follows the real one more precisely than EKF. The positioning error from FAFKF is
less than that performed by AFKF.

6. References

Gleason, C.P. (2006). Tracking human movement in an indoor environment using mobility profiles,
M.S. thesis, University of Nebraska-Lincoln, August, 2006.

Ho, K.C. & Chan, Y.T. (1993). Solution and performance analysis of geolocation by TDoA,
IEEE Tr. Aerospace & Electronic Systems, Vol. 29, No. 4, pp. 1311-1322, 1993.

Julier, S.J. & Uhlmann, J.K. (2004). Unscented filtering and nonlinear estimation, IEEE
Review, Vol. 92, No. 3, pp. 401-422, 2004.

Kim K.H., Lee, ].G. & Park, C.G. (2006). Adaptive two-stage EKF for INS-GPS loosely
coupled system with unknown fault bias, Jour. of Global Positioning System, Vol. 5,
pp. 62-69, 2006.

Levy, LJ. (1997). The Kalman filter: navigation's integration workhorse, Annual report in
Applied Physics Laboratory, Johns Hopkins University, 1997.

Liu, J. M., Zhang, C. & Liu, S. (2006). A TDOA location algorithm based on data fusion,
Frontiers of Electronical and Electronic Engineering in China, Vol. 1, No.3, pp. 330-333,
2006.



336 Adaptive Control

Madhavan, R. & Schlenoff, C. (2004). The effect of process models on short-term prediction
of moving objects for unmanned ground vehicles, International IEEE Conf. Intelligent
Transportation Systems, Vol. 1, pp. 471-476, 2004.

Najar, M. & Vidal, ]J. (2001). Kalman tracking based on TDOA for UMTS mobile location,
IEEE International Symp. Personal, Indoor and Mobile Radio Communications, Vol. 1,
pp. B45-B49, 2001.

Schau, H.C. & Robinson, A.Z. (1987). Passive source localization employing intersecting
spherical surfaces from Time-of-Arrival differences, IEEE Tr. Acoustics, Speech, &
Signal Processing, Vol. ASSP-35, No. 8, pp. 1223-1225, 1987.

Torrieri, D.]. (1984). Statistical theory of passive location systems, IEEE Tr. on Aerospace and
Electronic Systems, Vol. AES-20, No. 2, pp. 183-197, 1984.

Xia, Q., Rao, M., Ying, Y. & Shen, X. (1994). Adaptive fading Kalman filter with an
application, Automatica, Vol. 30, No. 8, pp. 1333-1338, 1994.

Xiong, J.Y.,, Wang, W. & Zhu, ZL. (2003). An improved Taylor algorithm inTDOA
subscriber position location, Proc. of ICCT, Vol. 2, pp. 981-984, 2003.



16

Adaptive Control for a Class of Non-affine
Nonlinear Systems via Neural Networks

Zhao Tong

School of Automatization and Electronic Engineering, Qingdao University of Science and
Technology

China

1. Introduction

Adaptive control of highly uncertain nonlinear dynamic systems has been an important
research area in the past decades, and in the meantime neural networks control has found
extensive application for a wide variety of areas and has attracted the attention of many
control researches due to its strong approximation capability. Many significant results on
these topics have been published in the literatures (Lewis et al., 1996; Yu & Li 2002;
Yesidirek & Lewis 1995). It is proved to be successful that neural networks are used in
adaptive control. However, most of these works are applicable for a kind of affine systems
which can be linearly parameterized. Little has been found for the design of specific
controllers for the nonlinear systems, which are implicit functions with respect to control
input. We can find in literatures available there are mainly the results of Calise et al. (Calise
& Hovakimyan 2001) and Ge et al. (Ge et al. 1997). Calise et al. removed the affine in control
restriction by developing a dynamic inversion based control architecture with linearly
parameterized neural networks in the feedback path to compensate for the inversion error
introduced by an approximate inverse. However, the proposed scheme does not relate to the
properties of the functions, therefore, the special properties are not used in design. Ge, S.S.
et al., proposed the control schemes for a class of non-affine dynamic systems, using mean
value theorem, separate control signals from controlled plant functions, and apply neural
networks to approximate the control signal, therefore, obtain an adaptive control scheme.
Furthermore, when controlling large-scale and highly nonlinear systems, the presupposition
of centrality is violated due to either due to problems in data gathering when is spread out
or due to the lack of accurate mathematical models. To avoid the difficulties, the
decentralized control architecture has been tried in controller design. Decentralized control
systems often also arise from various complex situations where there exist physical
limitations on information exchange among several subsystems for which there is
insufficient capability to have a single central controller. Moreover, difficulty and
uncertainty in, measuring parameter values within a large-scale system may call for
adaptive techniques. Since these restrictions encompass a large group of applications, a
variety of decentralized adaptive techniques have been developed (Ioannou 1986).
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Earlier literature on the decentralized control methods were focused on control of large-
scale linear systems. The pioneer work by Siljak (Siljak 1991) presents stability theorems of
interconnected linear systems based on the structure information only. Many works
consider subsystems which are linear in a set of unknown parameters (Ioannou 1986 ; Fu
1992 ; Sheikholeslam & Desor 1993 ; Wen 1994 ; Tang et al. 2000), and these results were
focused on systems with first order interconnections. When the subsystems has nonlinear
dynamics or the interconnected is entered in a nonlinear fashion, the analysis and design
problem becomes even challenging.

The use of neural networks’ learning ability avoids complex mathematical analysis in
solving control problems when plant dynamics are complex and highly nonlinear, which is
a distinct advantage over traditional control methods. As an alternative, intensive research
has been carried out on neural networks control of unknown nonlinear systems. This
motivates some researches on combining neural networks with adaptive control techniques
to develop decentralized control approaches for uncertain nonlinear systems with
restrictions on interconnections. For example, in (Spooner & Passino 1999), two
decentralized adaptive control schemes for uncertain nonlinear systems with radial basis
neural networks are proposed, which a direct adaptive approach approximates unknown
control laws required to stabilize each subsystem, while an indirect approach is provided
which identifies the isolated subsystem dynamics to produce a stabilizing controller. For a
class of large scale affine nonlinear systems with strong interconnections, two neural
networks are used to approximate the unknown subsystems and strong interconnections,
respectively (Huang & Tan 2003), and Huang & Tan (Huang & Tan 2006) introduce a
decomposition structure to obtain the solution to the problem of decentralized adaptive
tracking control a class of affine nonlinear systems with strong interconnections. Apparently,
most of these results are likewise applicable for affine systems described as above. For the
decentralized control research of non-affine nonlinear systems, many results can be found
from available literatures. Nardi et al. (Nardi & Hovakimyan 2006) extend the results in
Calise et al. (Calise & Hovakimyan 2001) to non-affine nonlinear dynamical systems with
first order interconnections. Huang (Huang & Tan 2005) apply the results in (Ge & Huang
1999) to a class of non-affine nonlinear systems with strong interconnections.

Inspired by the above researches, in this chapter, we propose a novel adaptive control
scheme for non-affine nonlinear dynamic systems. Although the class of nonlinear plant is
the same as that of Ge et al. (Ge et al. 1997), utilizing their nice reversibility, and invoking
the concept of pseudo-control and inverse function theorem, we find the equitation of error
dynamics to design adaptation laws. Using the property of approximation of two-layer
neural networks (NN), the control algorithm is gained. Then, the controlled plants are
extended to large-scale decentralized nonlinear systems, which the subsystems are
composed of the class of non-affine nonlinear functions. Two schemes are proposed,
respectively. The first scheme designs a RBFN-based (radial basis function neural networks)
adaptive control scheme with the assumption which the interconnections between
subsystems in entire system are bounded linearly by the norms of the tracking filtered error.
In the scheme, unlike most of other approaches in available literatures, the weight of BBFN
and center and width of Gaussian function are tuned adaptively. In another scheme, the
interconnection is assumed as stronger nonlinear function. Moreover, in the former, in every
subsystem, a RBFN is adopted which is used to approximate unknown function, and in the
latter, in every subsystem, two RBFNs are respectively utilized to approximate unknown
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function and uncertain strong interconnection function. For those complicated large-scale
decentralized dynamic systems, in order to decrease discontinuous factors and make
systems run smooth, unlike most of control schemes, the hyperbolic tangent functions are
quoted in the design of robust control terms, instead of sign function. Otherwise, the citation
of the smooth function is necessary to satisfy the condition of those theorems.

The rest of the paper is organized as follows. Section 2 gives the normal form of a class of
non-affine nonlinear systems. Section 3 proposes a novel adaptive control algorithm, which
is strictly derived from some mathematical and Lyapunov stability theories, and the
effectiveness of the scheme is validated through simulation. Extending the above-mentioned
result, Section 4 discusses two schemes of decentralized adaptive neural network control for
the class of large-scale nonlinear systems with linear function interconnections and
nonlinear function interconnections, respectively. Finally, the Section 5 is concluding
remarks.

2. Problem Statement

We consider a general analytic system

E=g(u), CeR", uek M
y=h@©), yeR

where g(-,-) is a smooth vector fields and /() is a scalar function. In practice, many

physical systems such as chemical reactions, PH neutralization and distillation columns are
inherently nonlinear, whose input variables may enter in the systems nonlinearly as
described by the above general form (Ge et al. 1998). Then, the Lie derivative (Tsinias &

Kalouptsidis 1983) of h({) with respect to g({,u) is a scalar function defined
by Lgh:[ﬁh(g)/ 0c]g(C,u) . Repeated Lie derivatives can be defined recursively

as L;h: Lg([f:h), for i=1,2---. The system (1) is said to have relative degree &
at  (§,,u,) , if there exists a smallest positive integer & such

that oLk /ou=0,0L;h[ou#0, i=1,,a-1.

Let Qg c R"and (), < R be compact subsets containing §,and U, respectively. System
(1) is said to have a strong relative degree ¢ in a compact set D = Qg x Q) , if it has relative
degree & at every point({,u,) € D . Therefore, system (1) is feedback linearizable and the
mapping O(8) =[¢ (€). 4,(6), ¢, ()], with ¢,(§)=1L,'h, j=1,2,-a has a Jacobian

matrix which is nonsingular for allx € ®(), system (1) can be transformed into a normal

form
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)

where f(x,u)=Lh and x = ®'(§) withx = [x,%,, -, %, 1" . Define the domain of

normal system (2) as D [] {(x,u)|x € CD(Qg);u € Qu} .

3. Adaptive Control for a Class of Non-affine Nonlinear Systems via Two-
Layer Neural Networks

Now we consider the n —th order nonlinear systems of the described form as (2). For the
considered systems in the chapter, we may make the following assumptions.

Assumption 1. 9f (x,u)/0u # 0 forall (x,u) e QxR

Assumption 2. f(-): R™' — R, is an unknown continuous function and f'(X,%) a smooth

function with respect to control input © .
The control objective is: determine a control law, force the output, ) , to follow a given

desired output, X, with an acceptable accuracy, while all signals involved must be
bounded.
Assumption 3. The desired signals x,(r)=[y,,y",---,y" "], and X, =[x}, ("] are

bounded, with " X d” <X Y X P! known positive constant.

Define the tracking error vector as

e=x-Xx,, @)
and a filtered tracking error as

r=[A” 1e, 4

with A a gain parameter vector selected so that e(f) — 0 as 7 — 0. Differentiating (4), the

filtered tracking error can be written as
< (Vl) T
T=x,—x; +[0 A" ]e @)

Define a continuous function
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S=—kr+x{"-[0 A'le. 6)

where k is a positive constant. We know Of (x,u)/0u #0 (Assumption 1), thus,
o f(x,u)—0o] / Ou # 0 . Considering the fact that 00 / Ou =0, we invoke the implicit
function theorem (Lang 1983), there exists a continuous ideal control input u in a
neighborhood of (x,u) € QX R, such that f(x,u")—6 =0, ie. 5= f(x,u") holds.
o=f (x,u*) may represent ideal control inverse.

Adding and subtracting O to the right-hand side of X, = f(x,u) of (2), one obtains

X, =fOou)-8—kr+x" -[0 Ale, @)
and yields

T=—kt+ f(x,u)—0. 8)

Considering the following state dependent transformation§/ = X, , where I/ is commonly

referred to as the pseudo-control (Calise & Hovakimyan 2001). Apparently, the pseudo-
control is not a function of the control # but rather a state dependent operator.

Then, Oy /ou =0 , from Assumption 1, Of (x,u)/du # 0 thus [y — f (x,u)]/ou =0 .
With the implicit function theorem, for every (x,u) € QX R , there exists a implicit
function such that i — f(x,u) =0 holds, i.e.i/ = f(X,u) . Therefore, we have

w=f(xu). )

Furthermore, using inverse function theorem, with the fact that [ — f (x,u)]/ ou+#0
and f(x,u) is a smooth with respect to control input, # , then, f(x,u) defines a local
diffeomorphism (Slotine & Li 1991), such that, for a neighborhood of # , there exists a
smooth inverse function and u = f - (x,w)holds. If the inverse is available, the control

problem is easy. But this inverse is not known, we can generally use some techniques, such
as neural networks, to approximate it. Hence, we can obtain an estimated function,

it = f7'(x,17) . This result in the following equation holding;

W= f(x,10), (10)

where lﬁ may be referred to as approximation pseudo-control input which represents

actual dynamic approximation inverse.
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Remark 1. According to the above-mentioned conditions, when one designs the pseudo-
control signal, l/} , must be a smooth function. Therefore, in order to satisfy the condition,

we adopt hyperbolic tangent function, instead of sign function in design of input. This also
makes control signal tend smooth and system run easier. The hyperbolic tangent function
has a good property as follows (Polycarpou 1996) :

0< |77| -n tanh(l) <c¢a, 11)
a

with ¢ =0.2785 , & any positive constant. Moreover, theoretically, l/; is approximation

inverse, generally a nonlinear function, but it must be bounded and play a dynamic
approximation role and make system stable. Hence, it represents actual dynamic
approximation inverse.

Based on the above conditions, in order to control the system and make it be stable, we

design the approximation pseudo-control input {/ as follows:

v=fxu)+tu,+v,, (12)

where u_, is output of a neural network controller, which adopts a two-layer neural
network, V, is robustifying control term designed in stability analysis.

Adding and subtracting 1/7 to the right-hand side of (8), withd = f(Xx, u*) , we have

Z.-:_kz-+f(xau)+!/;_f(x9u*)_uad -V, -6

- (13)
=—kt+A(x,u,u’)+y—0—u,—v,

where A(X,u, u*) = f(x,u)— f(x,u *) is error between nonlinear function and its ideal
control function, we can use the neural network to approximate it.

3.1 Neural network-based approximation
A two-layer NN consists of two layers of tunable weights, a hidden layer and an output

layer. Given a & > 0, there exists a set of bounded weights M and N such that the

nonlinear error A € C(Q) , with compact subset of R", can be approximated by a two-

layer neural network, i.e.

A=M"o(N"x,)+&(x,,), (14)

with x, =[1, x; R e’ ,i/ ] input vector of NN.
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Assumption 4. The approximation error & is bounded as follows:
|g| <égy, (15)

where &, > 0 is an unknown constant.

Let M and N be the estimates respectively of M and N . Based on these estimates, let
u,, be the output of the NN
o7 7T
uad =M O-(N xnn)‘ (16)

Define M =M =M and N=N-N , where we use notations: Z = diag[M,N],

A A

~o A ~ ~12
"Dl 121, | 7
w(Z2'2)<|Z| |2, -7, (17)
The Taylor series expansion of (/N "x " n) for a given X, can be written as:

o(N'x, )=c(N"x, )+c'(N'x )N"x, +O(N"x, ), (18)

nn

with 6 := (N Tx ,)and o' denoting its Jacobian, O(N Txnn)z the term of order two. In

the following, we use notations: o == g(N "x ), O=0 (]\7 Txm

With the procedure as Appendix A, the approximation error of function can be written as
T T oT 7T TT (A AT T At T
M oc(N'x,)-M o(N'x,)=M" (6-0'N'x, )+M 6'N' x, +o, (19)
and the disturbance term @ can be bounded as
@] <[]

x, M6’ (20)

M|

6'N'x, H +||M

1/

where the subscript “F” denotes Frobenius norm, and the subscript “1” the 1-norm.
Redefine this bound as

lo|< p,8,(M,N,x,,), (21)
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N"F ’

where p =max {”M

M”]} and g, = HX,,,,MTG”HF + HG“NTXMH +1. Notice that

b

P, is an unknown coefficient, whereas xgw is a known function.

3.2 Parameters update law and stability analysis
Substituting (14) and (16) into (13), we have

t=—kr+M'c(N'x )- MTO'(NTXM) +y—v. —o0+e(x,,). (22)

nn

Using(19), the above equation can become

t=—kt+M"(6-6'N"x,)+M"6'N'x

nn

+y—-0-v.+w+e. (23)

Theorem 1. Consider the nonlinear system represented by Eq. (2) and let Assumption 1-4
hold. If choose the approximation pseudo-control input ¥/ as Eq.(12), use the following

adaptation laws and robust control law

M= F[(&—&'ann)r—k,]\;lkﬂ,
],

P y{r(gw +1)tanh [M} - MB}
a

v, =—$(9, +1)tanh {—’(‘9“1 - 1)}
o

A

N= R[x,mMTé"r ~kN|z

where F=F">0,R=R" >0 are any constant matrices, K, >0 and y >0 are scalar

design parameters, ¢ is the estimated value of the uncertain disturbance term

¢=max(p,,&,), defining ¢Z = ¢—¢? with (Zz error of @, then, guarantee that all signals

in the system are uniformly bounded and that the tracking error converges to a
neighborhood of the origin.
Proof. Consider the following positive define Lyapunov function candidate as

1 1~ ~ 1~ S
L=—0"+=tr(M"F'M)+=tr(N"R"'N)+=y'¢’ (25)
2 2 2 2
The time derivative of the above equation is given by

L=t +o-(M"F'M)+tr(N"R'N)+ 4 (26)
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Substituting (23) and the anterior two terms of (24) into (26), after some straightforward
manipulations, we obtain

L=—ki*+7M"(6-6'N"x, Y+ M"6'N'x, +(—5)—v, +w+s]
+tr(MTF M)+ o-(NR7NY + 7' 3 @)
=k’ +T(f — ) —1v, + T(w+ &) + ¥ 9 +k |t]tr(Z7 2).
<k’ +r(—8)—1v, + |z’| o(3, +D)+ 7’l¢7¢j +k |T|tr(ZTZ).

With (4),(6),(12),(16) and the last two equations of (24), the approximation error between
actual approximation inverse and ideal control inverse is bounded by

|t/7—5|Scl+cz|r|+c3HZ~‘ (28)

P b
where ¢, C,, C; are positive constants.

Using (11) and the last two terms of (24), we obtain

L <—k* +2(j —8)— td(9, +1)tanh [M}
a

+|7|#(8, +1) —&{r(sw +1) tanh {M} —,1413} +h|dr(Z'Z2) (29
(24

<kt + () - 8) +gha+ A+ k, || tr(Z" Z)

2
, after completing square, we have the following

Applying (17),(28) , and § < w |- ‘5

inequality

L<~(k-c,)|e| +D,|e|+ D, (30)

where D, = ¢, +£(ZM +C—3)2,D2 zlﬂﬂéz +gpa .
4 i, 4

Let D, =\/D12 +4D,(k—c,)+ D,, thus, as long as|T|ZD3/[2(k—Cz)], and kK >c,,

then L < 0 holds.

Now define
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Q,={4| ¢4}, QZ={Z |r|g2(k;_cz)z>3} (1)

Since ZM ,kl,k, DI,DZ,D3,(22,C3 are positive constants, as long ask is chosen to be big

"Z"p Skll(kIZM +c3)}, Q = {r

enough, such that k> ¢, holds, we conclude that Q ¢,QZ and QT are compact sets.

Hence L is negative outside these compacts set. According to a standard Lyapunov
theorem, this demonstrates that ¢,Z and 7 are bounded and will converge

to Q2 e Q,and Q2 . » respectively. Furthermore, this implies € is bounded and will converge

to a neighborhood of the origin and all signals in the system are uniformly bounded.

3.3 Simulation Study
In order to validate the performance of the proposed neural network-based adaptive control
scheme, we consider a nonlinear plant, which described by the differential equation

X =X,
32
X, =—@’x, —0.02(@+x7)x, +u’ +(x +x7)o(u) + tanh(0.2u) + d 2

where @ =047 , o(u) :(l—e_”)/(1+e"”) and d =0.2 . The desired trajectory
x, = 0.17z[sin(2¢) — cos(¢)].
To show the effectiveness of the proposed method, two controllers are studied for

comparison. A fixed-gain PD control law is first used as Polycarpou, (Polycarpou 1996).
Then, the adaptive controller based on NN proposed is applied to the system.

Input vector of neural network isx, =[1, xdT e, ], and number of hidden layer nodes 25.
The initial weight of neural network is M (0) = (0), N(0) = (0) . The initial condition of
controlled plant is x(0)=[0.1,0.2]" . The other parameters are chosen as follows:
k, =0.01,y=0.LA=00La =10, A=2,F =81, , R=5I, , with [, I, corresponding
identity matrices.

Fig.1, 2, and 3 show the results of comparisons, the PD controller and the adaptive controller
based on NN proposed, of tracking errors, output tracking and control input, respectively.

These results indicate that the adaptive controller based on NN proposed presents better
control performance than that of the PD controller. Fig.4 depicts the results of output of NN,

norm values of M, N , respectively, to illustrate the boundedness of the estimates of

M, N and the control role of NN. From the results as figures, it can be seen that the

learning rate of neural network is rapid, and tracks objective in less than 2 seconds.
Moreover, as desired, all signals in system, including control signal, tend to be smooth.
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o 5 10 15 20
time sec

Fig. 1. Tracking errors: PD(dot) and NN(solid).

o 5 10 15 20
time sec

Fig. 2. Output tracking: desired (dash), NN(solid) and PD(dot).

o 5 10 15 20
time sec

Fig. 3. Control input: PD (dash), NN(solid)

2.5

e} 5 10 15 20
time sec

N || (dot), output of NN(solid)

Fig. 4. || 37| (dash),
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4. Decentralized Adaptive Neural Network Control of a Class of Large-Scale
Nonlinear Systems with linear function interconnections

In the section, the above proposed scheme is extended to large-scale decentralized nonlinear
systems, which the subsystems are composed of the class of the above-mentioned non-affine
nonlinear functions. Two schemes are proposed, respectively. The first scheme designs a
RBFN-based adaptive control scheme with the assumption which the interconnections
between subsystems in entire system are bounded linearly by the norms of the tracking
filtered error. In another scheme, the interconnection is assumed as stronger nonlinear
function.

We consider the differential equations in the following form described, and assume the
large-scale system is composed of the nonlinear subsystems:

Xit = Xin

Xip = X3

. (33)
X, = i, Xsm s Xy t) + &1 (X, X550, X,)

Vi =Xy
i=1,2,---n,

where X; € R" is the state vector, X; :[xl.l,xl.z,---,xi,i ]T , U, € R is the input and
¥, € Ris the output of the I — th subsystem.

fl. (xi R ui) :R™ — R is an unknown continuous function and implicit and smooth
function with respect to control input; .

Assumption 5. @fi(xi,ui)/aui # 0 for all (xl.,ui) €eQ xR.

g, (xl,xz,---,xn) is the interconnection term. In according to the distinctness of the

interconnection term, two schemes are respectively designed in the following.

4.1 RBFN-based decentralized adaptive control for the class of large-scale nonlinear
systems with linear function interconnections

Assumption 6. The interconnection effect is bounded by the following function:

, (34)

n
|gi(x1:x2:""xn)|Sz%j‘rj
J=1

where ¥ ; are unknown coefficients, 7 ; is a filtered tracking error to be defined shortly .
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The control objective is: determine a control law, force the output, y; , to follow a given

desired output, X, , with an acceptable accuracy, while all signals involved must be
bounded.

. . . . -7 . nr
Define the desired trajectory vectorx, =[y,, V., =+, V; | and X, :[ydi,ydi,---,yg(ﬁ)] ,
tracking error €, = X, — X, = [el.l,el.z,---,e,.,_ ]T , thus, the filter tracking error can be
written as

7, = [AlT l]ei = ki,]ei + k;,zéz‘ +oet ki,/,.-le,'(ltiz) + e;lfl)' (35)

where the coefficients are chosen such that the polynomial ki |t ki P iy ki HS(/" 2

+5% ™ is Hurwitz.

Assumption 7. The desired signal xdl.(t) is bounded, so that”Xdl.” <X ; » Where )_(di is a

known constant.
For an isolated subsystem, without interconnection function, by differentiating (35), the
filtered tracking error can be rewritten as

£=dy —x +[0 Ale, = £(x.u)+Y, 66

1 1

with ¥, =—x\" +[0 A, ]e,.

Define a continuous function
6, =—kt, =Y, (37)

where k[ is a positive constant. With Assumption 5, we know Of (xl.,ul.)/ au[ =0,
thus, a[f(xi,ui)—(si]/aui # (0. Considering the fact that 55[ /aui =0, we invoke the
implicit function theorem, there exists a continuous ideal control input ul* in a
neighborhood of (x,,u,) € O, x R, such that f(x,,u,’)— 5, =0, ie. 5, = fi(x,,u,”) holds.
51. = fi(xl.,ui*) represents ideal control inverse.

Adding and subtracting 5{ to the right-hand side of fCili = fl.(xi,ul.)+ g, of (33), one

obtains
)'C”i = fi(x,u)+g -6, -kt -Y,, (38)

and yields
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T, =—kz + fi(x,u)+ g — 5. (39)

In the same the above-discussed manner as equations (9)-(10) , we can obtain the following
equation:

W, = f(x,10,). (40)

Based on the above conditions, in order to control the system and make it be stable, we

design the approximation pseudo-control input l/?i as follows:
W, =—kz, =Y, +u,+v,, (41)

where U is output of a neural network controller, which adopts a RBFN, v, is
robustifying control term designed in stability analysis.
Adding and subtracting 1/71. to the right-hand side of (39), with 8, =—k,7, - Y, = f,(x,,u,"),

we have
T ==kt +A(x,u,u’)—u,+y,—0,-v,+g, (42)

where Ai (xl., u,, ul.*) = fi(xl., ul.) - fl.(xl., ul.*) is error between nonlinear function and its

ideal control function, we can use the RBFN to approximate it.

4.1.1 Neural network-based approximation
Given a multi-input-single-output RBFN, let 7;;and m,; be node number of input layer and
hidden layer, respectively. The active function used in the RBFN is Gaussian

ny;x1

function, §,(x) = exp[—O.S(”zi — My ||2)/U,f] ;=1 n,;, k=1,-,m; where z e R"" is input
vector of the RBFN, . € R""™™" and o, € R™" are the center matrix and the width vector.

Based on the approximation property of RBEN, Ai (x;,u,, ui*) can be written as
- . r
A (xuupu; ) =W S(z, 14,0,) + 6(2,), (43)

where &, (Zi) is approximation error of RBFN, W, € R™ a

Assumption 8. The approximation error £(X nn) is bounded by|8i| <&y, withey, > 0is

an unknown constant.
The input of RBFN is chosen as z, = [xlT 2 Tis y}i]T . Moreover, output of RBFN is designed as
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oy

u, =W'S,(z,, i1, 6,). (@4

Define VVl., ﬁ[,é' , as estimates of idealVV[, H;,0,;, which are given by the RBFN tuning
algorithms.

Assumption 9. The ideal values of W), 11,0, satisfy

W< Wars Nl < s> ol < 0. )

where VV;M, H;\r» Oy are positive constants. ”” F and ”” denote Frobenius norm and 2-

norm, respectively. Define their estimation errors as

~ A

W.=Ww-w, /:zi:,ui_,[lia G,=0,-0;. (46)

1 1

Using the notations: Z, = diag[W,, u.,0,], Z dzag[W i,06.], Z dzag[ ,fL,0,] for
convenience.

The Taylor series expansion for a given (4, and O is
~A TR~ ~  ~\2
Sz 150,) = 8,2, 14, 6,) + S, 1 + 85,6, + O(f4;,5,) (47)

where S!. 00 0S,(z,,4,6,) /0, S, [ 8S,(z,,/1,,6,)/00, evaluated at p, =fi, ,

A

o, =0,,0(i, 61')2 denotes the terms of order two. We use notations: S’i =8.(z,4,6,),
S, =8(z,i,6,), S, =8z, 14,0,).

Following the procedure in Appendix B, it can be shown that the following operation. The
function approximation error can be written as

A

wr's -w's WT(S Smﬂ, SG)+WT(SM,UI+S 0)+ (1), (48)

The disturbance term @, () is given by

o,(t) =W (S, —S)+ W (5,41, +$.,6,) - W (S, 4, +5.,0,) (49)

Gll

Then, the upper bound of o, (t) can be written as

[ ] < []}$ e RS AR W Y

WS,

bt el =20l < pud, 60)

i i
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where p,, = max (7|, |, .llo.[.2|7],) - %, = ”SA‘;,[Q Lt S!.6, "F +||pf/iT§;’”. . +||pf/iT§<;i " +1,
with "”1 1 norm. Notice that p  is an unknown coefficient, whereas Swi is a known
function.
4.1.2 Controller design and stability analysis
Substituting (43) and (44) into (42), we have
. T AT S A
G, =—kg + W S, =W S +y,=6,-v,+g,+&(z), 1)
using (48), the above equation can become
. T & or oA TN ol &1~ o1~
T, =—k7, + W (S, - Syl = S,0.)+W, (S;,a‘:uf +S,,6,) (52)

+Y, —0,—v, +g +&(z)+ o).

Theorem 2. Consider the nonlinear subsystems represented by Eq. (33) and let assumptions
hold. If choose the pseudo-control input 1/7 ; as Eq.(41), and use the following adaptation

laws and robust control law

W, = B[, = S = 8,6, 1l Jn] ] )
=G 8, Wz, yit |z . 64

&, = H,| 8.7 Wz, = 16,7 |. (55)

b =7, .9, tanh(%g;) yiall 56)
d =y, (22— 2,d|c)), 67)

v. =43, tanh(z-i?lgl"’i) +dz, (58)

1
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where 19wi = 19wi +1, E = E.T >0, Gl. = GI.T > O,Hi = HiT >0 are any constant
matrices, ¥y, ¥yis ¥ ais ¢i,/1dl. and @; are positive design parameters, ¢l is the estimated
value of the uncertain disturbance term¢[ = max( ,OM.,é‘Nl.), defining ¢l = ¢l —¢l. with

¢i error, dl. > (0is used to estimate unknown positive number to shield interconnection

effect, d ; is its estimated value, with d ;= d e di estimated error, then, guarantee that all

signals in the system are bounded and the tracking error e, will converge to a neighborhood

of the origin.
Proof. Consider the following positive define Lyapunov function candidate as

L= 4 [0 W) e G i)+ H, )+ 4730 ] 9
The time derivative of the above equation is given by
L=, 4t EW) +ir (57 G i)+ (6T H'8)+ 7 g+ 7,0, o0
Applying(52) to (60), we have

_ _kiTi + WN/;T(S,' _S;Jil[li _3;:6-1) + WA/,'T(SLIE +‘§c’r:6-l)

i

+l/;i_5i_vri+gi+gi+a)i (61)
07 F W)+ G )+ (G H, )+, b+ v d,

Substituting the adaptive laws (53), (54) and (55) into (61), and (~) = —(5) ,yields

Li =7 [_kiTi +‘/}i _51' -V, t& t¢& +wi]+7Wi |Ti|tr(Z~z'TZAi)+7;1§5i¢Zi +7/z;ild~id~i
< _kiz-iz +7 (l/;z - 51) V0, T8+ |Ti| (p(uilg(ui + gNi)
+ Vi |Ti | tr(ZiTZi) + 7;;151;1& + 7;‘?;‘?[ (62)
< _kiTiZ +7 ('pz _51) VT, +1.8; +|Ti|¢i'9:)i

el (2T 2) 77+ vidd
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Inserting (56) and (58) into the above inequality, we obtain

1 l()l

_kiriz + Ti(l/;i _é‘z) + T[gi +|T,|¢119 T tanh(T’—lg“”)
(04

i

- (Zl 9. tanh(%) - /1¢[(Z; |T,-| -
a

i

~d, (z} = A d e )+ 7 0| r(Z] Z,) (63)
=—kz! +7,(7,~5)+4, |: tanh( 5 :|+/’i’¢i|Ti|¢?i¢§i
—~dtl+1,g,+ 1 |r |¢; Y |r |tr(Z Z)
Using (11), (63) becomes
~ktl +7.(y, -6 +dsa, —dzl +1.g,
(64)
+ |ri|[/1¢i¢,.¢,. + 2,44, + yWitr(Zfzi)}
By completing square, we have
2
kTl 4T, =) + s+
4d, (65)

+|ri|[/1¢i¢2¢?i + A, Nl T+ ;/W,tr(Z Z )]

With (41), (44), (53)-(58), approximation error between actual approximation inverse and
ideal control inverse is bounded by

|‘//i _51‘|Scli +C2i|Ti|+c3i HZiHF ) (66)
where C;,C,;,C,; are positive constants.

i

L < _(ki _CZi)Tiz + |Ti|(cli ¢y “Zi“F)+¢igia[

+f—c’ll+|ri|[}t¢iq5iq§i+ dd +y,tr(Z Z)]

since 1r(Z 2)) <||Z| |2

b <|d|lp) - || .d.d <|d||d,|-|d[ nold, tre
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above inequality can be written as

L.S—(k c2l T, +|T|(ch+c3,HZH )+¢§,a i}

l (68)
+|r,-|[ﬁ¢,- (all|-12))+ 2\l -|d [+ ra2], 12, —HZZM
By completing square for (68), we get
2
];i S—(kl )z' +05,|T|+|¢|§,a, +fd (69)
(w2l o)
wherec;; = ¢, +¢,; withc,, = ‘m |¢| + Ay |d | Y i: G .
For the overall system, it can be der1ved that the bound as
2
L= ZL <Z{ o AR AR AP +fd} (70)
According to  (34), |gi| < i;/ij|z-j| = ZTF,, , define }(:HT] [Tl T o

I :[7i1’7i2""7in]rf K =diaglk, —c,,k, = ¢y, .k, —¢,, 1 C:[Csncsza”'acs;z]r

, D= Zn:(|¢, | glai) , the above inequality can be rewritten as
=

L's—;/[K—ﬁrirfj;ﬁcfﬁz)=—;/E;(+CTZ+D

i

(B2 +ICll2]+ D

where E=K —(4d,)"'T,T",

as long as ki > ¢,; and sufficiently large dl. , E would be positive definite, and

(E ) the minimum singular value of £. ThenL <0,

mm
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I + DAy, (B) | |C]

I A2 i (E) 2n(E) (72)
612 181|d |21, )2), 2%(7% 2], +c,)
Wi

Now, we define

Q,={z] |zl<4}.2, ={4] |4]<ls

2

73)
HZ"‘F < 1 (yWi ”Zt”F +c3i)
Ywi

le- = {CZ ‘ ‘sz‘ = |di

b, =lJ2],

Since ”Zl.”F ,¢[,dl_, Ywi»Cy; are positive constants, we conclude that Ql , QZ[ , Qf/%
and QO 4; Are compact sets. Hence L is negative outside these compacts set. According to a

standard Lyapunov theorem, this demonstrates that VA i ¢l 5 dl. and J are bounded and will
converge to () P Q 7i v Q g and Q di’ respectively. Furthermore, this implies €, is bounded

and will converge to a neighborhood of the origin and all signals in the system are bounded.

4.1.3 Simulation Study
In order to validate the effectiveness of the proposed scheme, we implement an example,
and assume that the large-scale system is composed of the following two subsystems
defined by
X =X,
Subsystem 1 X‘lz = —(()2)(,'ll + 0.02((()—)6121 ))C12 +u, (74)

+(x), +x7,)o (1) + 0.2 +sin(0.2x,,)

Xy = X
Subsystem 2:9 X, = xzzl +0.1(1+ xzzz )u, + tanh(0.1u, ) (75)
+0.15u,” + tanh(0.1x,,)

where w =0.4r, o(u)=(1-e™ )/(1 +e™). The desired trajectory x,,, = 0.1z[sin(2¢) — cos(¢)],
X,y =0.17r cos(2t).
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Input vectors of neural networks are z, = [xiT’Tiﬂ VQ[]T, i =1,2, and number of hidden layer
nodes both 8. The initial weight of neural network is Vf/l (0) =(0) . The center values and the

widths of Gaussian function are initialized as zeroes, and\/g , respectively. The initial
condition of controlled plant is x, (0) =[0.1,0.2]" x,(0) =[0,0]" . The other parameters are

chosen as follows:

A =5k=5 7,=000Ly,=1y,=1,4,=00L2,=001 , =10 , F =10,

G=21,H=2I_ with [ I I corresponding identity matrices.

i Wi~ i~ oi

Fig.5 shows the results of comparisons of tracking errors of two subsystems. Fig.6 gives
control input of two subsystems, Fig.7 and Fig.8 the comparison of tracking of two
subsystems, respectively. Fig.9 and Fig.10 illustrate outputs of two RBFNs and the change of
norms of I/f/, [, 6, respectively. From these results, it can be seen that the effectiveness of the
proposed scheme is validated, and tracking errors converge to a neighborhood of the zeroes
and all signals in system are bounded. Furthermore, the learning rate of neural network
controller is rapid, and can track the desired trajectory in about 1 second. From the results of
control inputs, after shortly shocking, they tend to be smoother, and this is because neural
networks are unknown for objective in initial stages.

o 5 i 10 15 20
time sec

Fig. 5. Tracking error of two subsystems: 1(solid), 2(dot)

(0] 5 i 10 15 20
time sec

Fig. 6. Control input of two subsystems: 1(solid), 2(dot)
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© oo

xA1>a11
o N ONMbDMO

o
o

5 . 10 15 20
time sec

Fig. 7. Comparison of the tracking of subsystem 1: X, (solid) and X, (dot)

e} 5 ) 10 15 20
time sec

Fig. 8. Comparison of the tracking of subsystem 2: X, (solid) and Xx,,, (dot)

15

10} :

(0] 5 3 10 15 20
time sec

Fig. 9. Subsystem 1: Output of RBFN (solid), norms of W (dash), ,& (dot), & (dash-
dot)
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15

0 5 10 15 20
time sec
Fig. 10. Subsystem 2: Output of RBFN (solid), norms of W (dash), [l (dot), & (dash-

dot)

4.2 RBFN-based decentralized adaptive control for the class of large-scale nonlinear
systems with nonlinear function interconnections
Assumption 10. The interconnection effect is bounded by the following function:

|gi(x1axza"'9xn) Sz;l-zlé:g/(“-j )/ (76)

where fi/(| T, |) are unknown smooth nonlinear function, T ;are filtered tracking errors to

be defined shortly .

The control objective is: determine a control law, force the output, y; , to follow a given

desired output, X, , with an acceptable accuracy, while all signals involved must be
bounded.
Define the desired trajectory vectorx, = [ydi,ydi,---,yf}i’l | . P 7 e --,y;")]T and

tracking errore, = x, —x, =[e

157" € ]T , thus, the filter tracking error can be written as

_ T _ . (;;-2) (;-1)
T, =[A; lle =k e +k,é+ -+ k[,lrle[ +e ", (77)

where the coefficients are chosen such that the polynomial k,, +k, s +---+k,, s> +s"7"
is Hurwitz.

Assumption 11. The desired signal X, (t) is bounded, so that ” X dl_||g X ; » with X P}

known constant.
For an isolated subsystem, without interconnection function, by differentiating (77), the
filtered tracking error can be rewritten as
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=%, ~va +[0 Alle = fi(x,u)+Y, 78)

with Y, =—y% +[0 A e,

Define a continuous function
6, =kt +Y,, (79

where ki is a positive constant. With Assumption 5, we know 6f (xi,ui) / 6u[ =0,
thus, 6[f(xi , ui) - 51 ]/8ul, # 0. Considering the fact that 651. /6141. =0, with the implicit
function theorem, there exists a continuous ideal control input ul* in a neighborhood
of (xl.,ul.) € Ql. xR , such that f(x[,u[*)—@ =0, ie 5[ =fl.(xl.,ul.*) holds.
Here, 5: = fl (x;,u i*) represents an ideal control inverse. Adding and subtracting 5: to the
right-hand side of )'C”l_ = fl (xl. ,u l.) + g, of (33), one obtains

xili = fi(x,u)+g +6,-Y, —kt, (80)
and yields
T, ==kt + f(x,u,)+ g +9,, (81)

Similar to the above-mentioned equation (40), {/ ;= fl (xi, LAti) holds.
Based on the above conditions, in order to control the system and make it be stable, we

design the approximation pseudo-control input lﬁi as follows:
l/}i = _kiTi =Y, —u, - W;Sgiﬂ T |)Ti Vi (82)

where U is output of a neural network controller, which adopts a RBFN, v, is

. . . s . T .
robustifying control term designed in stability analysis, W;,l.S (| T |) is used to

gi
compensate the interconnection nonlinearity (we will define later).
Adding and subtracting lﬁi to the right-hand side of (81), with 51 = kl.Z' Y, = f; (xl. R ui* ),

we have

. ir¢ * AT A
2 :_kiTi +Ai(xi’ui’ui )_uci _W:gngi(| 2 DT:‘ +5z‘ ViV, +&. (83)
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where A[(x[,ul.,u[*) = f[(x[,ul.)—ﬁ(xl.,u[*)is error between the nonlinear function

and its ideal control function, we can use the RBEN to approximate it.

4.2.1 Neural network-based approximation

Based on the approximation property of RBEN, A ; (xi U, ui*) can be written as
~ . .
A (xu,u ) =W S,(z,)+€,(2,), (84)

where W, is the weight vector, Sl. (Zl.) is Gaussian basis function, gl.(Zi) is the
approximation error and the input vector z, € R 7, g the number of input node.
Assumption 12. The approximation error gl.(Zi) is bounded by | & I< &y withgy, >0is

. . T AT
an unknown constant. The input of the RBFN is chosen as z;, =[X; ,7,,1/;] . Moreover,

output of the RBFN is designed as

u, =W'S,(z,). (85)

1

Define W; as estimates of ideal VV; , which are given by the RBFN tuning algorithms.

Assumption 13. The ideal value of W satisfies
Wl W (86)

where VVI ) 18 positive known constant, with estimation errors as VVI = VVI - VVl .

4.2.2 Controller design and stability analysis
Substituting (84) and (85) into (83), we have

t =kt + W 'S, +6,~y,~v,+g, — W;Sgi (7, Dz, +¢(z2) 87)

Theorem 3. Consider the nonlinear subsystems represented by Eq. (33) and let assumptions
hold. If choose the pseudo-control input l/}i as Eq.(82), and use the following adaptation

laws and robust control law

W,- = P;[S;Tz _7WiWi | T 11, (88)
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ng = Gi[Sgi(| Ti |)Ti2 _ygini | Ti |]’ (89)
¢, = Al 7, | +Dtanh(z, /o) - 7,4 | 7, ], (90)
v, =¢( 7, |+ tanh(z, /a,), 1)

where [ = ET >0,G, = GI.T > () are any constant matrices, A 0> Vs Vgis Vg and @ are

positive design parameters, ¢l is the estimated value of the unknown approximation errors,
which will be defined shortly, then, guarantee that all signals in the system are bounded and
the tracking error €; will converge to a neighborhood of the origin.

Proof. Consider the following positive define Lyapunov function candidate as
2 T 1 T -1 -172
2L =1 AW E W AW, G- W, + 4, 9, (92)

The time derivative of the above equation is given by

L=ti +WF'W+W, G W, +1,'44 (93)

Applying (87) and(53) to (59) and (~) = —(5) , we have

L= Ti[_kiz-i +5i _l/?i —V,TE& _Vﬁg?Sgiq 7 DT[ +‘9i]

1

. . (94)
7T 17 77 T 1777 177
+ruW, W, |7, ""ng G, ng +ﬁ’¢i P9,
Using (76), (94) is rewritten as
r 2 ~ n T
L <-kt +7,(5-y,)—v.7, + ri[zj:] é/ (| 7, |)— W, Sgl.(| 7, )7,]
B9 51T 5 T -7
+ 7| ey +/1¢i o0+ rwh, VV[|T5|+ng G, ng
Since é:l/ (+) is a smooth function, there exists a smooth function ¢ U(’ T ), (1<, j<n)

such that fij (| 7, ) =| 7, | é’lj(| 7, |) hold. Thus, we have
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L kg2 41,6 -p) v+ LY & (7, D=, (17, D]
1 &+ A0+ W, | 4,1 GOW,

Since the function d, (|7, |)=Z:’71§”(| 7,]) is smooth and Ti is on a compact set,
d, (|T |) can be approximated via a RBEN, ie. d, (‘Z‘ )= (‘Z‘ D+e¢ o » With

bounded approximation error &, , | €, I< Egni - W  is estimate of ideal W. , with

g1

boundedness || W [[€ W;Ml W;Ml > () a known constant, and the estimation errors as

ng = VVgl - W . Then, (96) becomes

Li < _kiTiz +7; (51 - l/}z) VTt Ti[z ‘fy (‘Tj ‘) - W;Sgi (|Ti |)Ti]
j=1

+|ri|gNi+i¢;‘¢€5i+yle W, .|+VI7.TGI.“VIL/,, 97)

2 A~
~k;t; +7,(0, —y,)—Vv,T, +71, 2t Sgl(|r |)+5g, 1+|T | €

2,88+ 7, W e,

Substituting the adaptive law (89), we obtain

s—kr?ﬂ.(a—y}) VT + 7 | ey + A, B
(98)
+ 7, W, W|T|+}/ ng.|rl.|

Define ¢ = max(e,;,, gNl) with ¢ is its estimate, and ¢ ¢ ¢ with ¢ error. (98) can

be rewritten as
L S—k.r.2+r-(5»—l/7)—""+¢'(Ti2+|ri|)
RS A R A

Applying the adaptive law (56) and robust control term (58), we have
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L <—kz! +7,(5, -, - r,(r,|+ Dtanh(r, /a) + 4, |z.| (7| + D)
—dr,(r,|+ D tanh(z, Ja,) + 7, W W | | + 3 VW, |2 | + /1¢i¢;i¢3i A
=—k1 +7,(6,—y,)+¢|t|(r|+D - 47,(z,|+ D tanh(z, /a,)
1 W]+ 7 W [ ]+ %(‘;i&' |z
= k1! +7,5,~)+4,(r.|+ D[]z -7, tanh(z, /) |
+ 7MVIZTVIZ |rl.| + yginl.TVf/gi |T,-| + /1@4;,.&. |2'l.|

(100)

Using (11), we get

L <kt +7.(5 -y)+d( 1 |+,

A N . (101)
1l W T [+ 7 W W | 7 |47 ,468 1 7, |

With (82), (85), and (88)-(91), the approximation error between the ideal control inverse and
the actual approximation inverse is bounded by |0, -y e e, T

+¢y; || Vf/: || +C,; || ng ||, with ¢,;,C,;,C5;,C,; positive constants. Moreover, we utility the

facts, 5T& SH a |||| a || — || a ||2 , (101) can be rewritten as

2 s )
b -6 )l e e )l B g
+4 |¢;,|(|¢,| —|¢;i|) (102)
=m0
< _(ki _CZi)Tiz +¢y; |Ti|+ ¢igiai +|Ti| +|:_7gi "Vf/gluz + ("Vng" + C4i)||ng||:|
7, |a[ +12]4]
Completing square for (102), we have

L< _(ki — Gy, )Tiz +teg |7 | +oca; (103)

1
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with ¢5; = 7y, [| W, || +¢5, ¢, =V I W, [+¢y; . ¢ :¢i2/4/1¢i +C62i/47/g1‘ +Cs2i/47m' ’

Cyi = € 95,0+ ¢y
For the overall system, we have
L= Z L <Z [ k; Cz, Z; +Cg,|T | +oc,a;] (104)

1", K=diaglk —cy,,k,—¢,,] + C=[Cy»Cer*sCep ]
D= z ¢§,al (104) can be rewritten as

Now, define y = Uz, ], 17,

nl

L<—y"Ky+C"y+D<-1
By completing square, yields

a Yol
i (K )["Z” 5 /1" l'K)j ” "(K)+D (106)

min

KMz IP+IClll 2l +D (105)

‘min

mm

Clearly, L<0,as long ask, > c,,, and

| 4.

e

7l o

i

where 4= \/[||c||2 + DAy, (K)1/1422, (K] +|Cl /122 (K)] with 2., (K) the minimum

singular value of K.
Now, we define

Q, ={7] ld= 4.9, ={d| 3] <4'lal}.

o, ={|7] \\Wuww, 1@ =(7l] Pl <ol

,¢l., VisYwi>Ywei»Csi»Ce; are positive constants, we conclude

Since ng
that Q 4 Q 4 Q

compacts set. According to a standard Lyapunov theorem, this demonstrates that

VVI, gl,¢ and } are bounded and will converge to Q Q QWI. and Qng ,

w; and Qng are compact sets. Hence L is negative outside these

respectively.
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Furthermore, this implies €; is bounded and will converge to a neighborhood of the origin

and all signals in the system are bounded.

4.2.3 Simulation Study

In order to validate the effectiveness of the proposed scheme, we implement an example,
and assume that the large-scale system is composed of the following two subsystems
defined by

X=X
Subsystem 133 %, =~ %, +0.02(@—x.)x,, +u, + (X, +x)o(w,) (109)
+0.1][ x, || exp(0.5]] x, |[)

Xy = Xy
Subsystem 24 %,, = X3, +0.1(14 x2, )u, + tanh(0.1u,) + 0.15u,> (110)
+0.2 || x, [[exp(0.1]| x, [)

where  w=047 , o()=(1-¢e") / (I+e™) . The  desired  trajectory
x,,, = 0.17[sin(2¢) —cos(¢)], X,,; = 0.177sin(2¢). For the RBFNSs as (84), input vectors are
chosen asz, = [xl.T, Ti,l/}i]T , 1 =1,2 and number of hidden layer nodes both 8, the initial

weights Vf/I(O) = (0) and the center values and the widths of Gaussian function zero, and 2,
respectively. For the RBFNs, which used to compensate the interconnection nonlinearities,

both input vectors are [7,,7, ]T , number of hidden layer nodes is 8, the initial
weights Vf/gl. (0)=(0), and the center values and the widths of Gaussian function zero,
and /s, respectively. The initial condition of controlled plant is x,(0)=[0.2,0.2]" ,
x,(0)=[0.3,0.2]" . The other parameters are chosen as follows: A, =Lk =2,
V3 =0.00L7, =0.1,4, =001, @ =10 , F=10I, .G=2I, , with I,.1I,

corresponding identity matrices. Fig.11 and 12 show the results of comparisons of tracking
errors and control input of two subsystems, Fig.13 and 14 the comparison of tracking of two
subsystems, respectively. Fig.15 and Fig.16 illustrate the norm of the four weights in two
subsystems, respectively. From these results, it can be seen that the effectiveness of the
proposed scheme is validated, and tracking errors converge to a neighborhood of the zeroes
and all signals in system are bounded. Furthermore, the learning rate of neural network
controller is rapid, and can track the desired trajectory in less than 3 seconds. From the
results of control inputs, after shortly shocking, they tend to be smoother, and this is
because neural networks are unknown for objective in initial stages. As desired, though the
system is complex, the whole running process is well.
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(o] 5 10 15 20
time sec

Fig. 12. Control input of subsystem1:, , and subsystem 2: 1.,

0 5 10 15 20
time sec
Fig. 13. Comparion of tracking of subsystem 1

x21,xd21

5 . 10 15 20
time sec

Fig. 14. Comparion of tracking of subsystem 2
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Fig. 15. The norms of weights and output of RBFNof subsystem1
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Fig. 16. The norms of weights and output of RBFNof subsystem 2

5. Conclusion

In this chapter, first, a novel design ideal has been developed for a general class of nonlinear
systems, which the controlled plants are a class of non-affine nonlinear implicit function and
smooth with respect to control input. The control algorithm bases on some mathematical
theories and Lyapunov stability theory. In order to satisfy the smooth condition of these
theorems, hyperbolic tangent function is adopted, instead of sign function. This makes
control signal tend smoother and system running easier. Then, the proposed scheme is
extended to a class of large-scale interconnected nonlinear systems, which the subsystems
are composed of the above-mentioned class of non-affine nonlinear functions. For two
classes of interconnection function, two RBFN-based decentralized adaptive control schemes
are proposed, respectively. Using an on-line approximation approach, we have been able to
relax the linear in the parameter requirements of traditional nonlinear decentralized
adaptive control without considering the dynamic wuncertainty as part of the
interconnections and disturbances. The theory and simulation results show that the neural
network plays an important role in systems. The overall adaptive schemes are proven to
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guarantee uniform boundedness in the Lyapunov sense. The effectiveness of the proposed
control schemes are illustrated through simulations. As desired, all signals in systems,
including control signals, are tend to smooth.
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Appendix A

As Eq.(19), the approximation error of function can be written as
Mo-Mé=Mc-Moc+M c-M6=M"(c-6)+M"c
Substituting (18) into the above equation, we have

M'(c-6)+M"o

[6+6'N'x, +O(N"x, )1+ M"[6'N'x, +O(N"x,)*]
G+M'6'N'x,, +MT”NTx +M"O(N"x,,)
G+M"G'N"x, ~-M"6'N'x, +M"6'N'x,, + M"O(N"x,,)’
(6-6'N"x, )+ M"6'N'x, +M"6'N'x, + M"O(N"x, )’

=M"
=M"
M’
g

Define that

wo=M"6N"x, + M O(N"x, )
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so that

Mo-M'6=M"(6-6'N"x )+ M 6'N'x, +w

Thus,
o=M"c-M"é- M"(6-6'N x) ~M"6'N'x
~M"6'N'x

nn

nn

=M"c-M"6+M"'N"x
_agT A T ~rxsT T A1 xiT T ~rnrT
=M'(c-0)+M ¢'N'x,-M 6¢'N'x,-M &'N'x,,
=M"(c-6)+M"'6'N'x —M"6'N'x

Appendix B

Using (46) and (47), the function approximation error can be written as
VZTS. —WS, =W, — WS + WS, ~W'S, =W'S, + WS,
'+ 80+ 80,6, +O(fL, 6. ) 1+ W [S, + 8., /i, + 8,6, +O(j1,6,)" -5

WT(S AL +S 6+ W O(jit, 6. +WT(S L +S )+ W O, 6.)

+8..6)+ W O(i1,6,)
( i /llM O'l l)+W( uﬂt—l_SmUt)—i—VViT(S,i/’ll

oA Tror
(S~ 80~ 8,6+ W (8L, +S

(ﬂ»—ﬁ»)+ L (0, =)+ (S,

+Sm(71) +VVtT0(l[lt’6-t)2
ol 1 ol l ) + a) (t)
define as

a)t(t):VT/tT( ulul+ oi z)+W O(‘LII,O-)

Thus,
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