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ABSTRACT OF THE DISSERTATION

Optimal and Learning-based Output Tracking with
Non-periodic Tracking-Transition: Application to
High-speed Probe-based Nanofabrication

by Jiangbo Liu

Dissertation Director: Qingze Zou

High-speed precision tracking is needed in a wide variety of motion control applications
ranging from high-speed AFM(Atomic Force Microscope) operation, high-throughput
manufacturing, to robotic operations. Challenges still exist in high-speed precision
control of systems such as smart actuators with coupled hysteresis and dynamics. Al-
though output tracking has been well-studied for linear systems, tracking with non-
periodic tracking-transition switching for non-minimum phase linear systems still re-
mains challenging, especially when multiple control objectives need to be achieved,
including smooth transition from one output tracking session to the next one without
inducing post-transition oscillations, input energy minimization without saturation un-
der input amplitude constraint, and furthermore, minimization of the overall transition
time. Moreover, further difficulties also arise in exploring the advantages of iterative
learning control (ILC) in achieving precision but robust output tracking at high-speed
to non-repetitive applications with online-generated desired trajectory, particularly for
systems with complicated input-output behavior such as Hammerstein systems. The
ILC framework can be extended, although for linear systems, to non-periodic output

tracking via the superposition principle (SP), where the system response (output) to a
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linear combination of inputs equals to the same linear combination of the outputs to
each individual inputs. Exploring the notion of the SP beyond linear systems is largely
limited, as the nonlinearities are difficult to be modeled effectively and accurately.
Therefore, challenges still exist in high-speed precision output tracking in emerging ap-
plications.

In this dissertation, a multi-objective optimal tracking/transition under input con-
straints for non-periodic tracking/transition switching problem, and a learning-based
approach for tracking control of Hammerstein systems are proposed. An approach to
extend the previous work on smooth output transition and smooth tracking/transition
switching to further achieve minimization of both input-energy and transition time
under input amplitude constraints is proposed. The constrained input optimization
problem is converted to an unconstrained input minimization problem, and then solved
by utilizing an improved conjugate gradient method. The total transition time is fur-
ther minimized via one dimensional search. The almost superposition of Hammerstein
systems (ASHS) is developed, and then exploited for precision control of hysteresis-
Hammerstein systems. We showed that for Hammerstein operator satisfying a Lipschitz
condition, a weak form of the ASHS—the linear combination of outputs approaches to
the response to the linear combination of the corresponding inputs with a different set
of combination coefficients—exists when there are enough output elements. The strict
form of the ASHS—the coefficients of the output and the input combination match to
each other exactly—holds for a certain choice of the inputs. The number of outputs
in the ASHS is further quantified for hysteresis-Hammerstein system. We then present
the realization of the ASHS for hysteresis-Hammerstein systems in the learning-based
output tracking applications, based on the uniform B-splines for decomposition and
the inverse Preisach modeling for superposition, where two optimizations of the ASHS
for practical implementation are proposed. Moreover, for the trajectory decomposi-
tion problem arose in the ASHS, we further develop an asymptotic online trajectory
decomposition (where the trajectory is only partially known at the decomposition in-
stants) by only using one type of basis functions without truncation. The problem

of trajectory approximation using only one basis function (along with its time-shifted
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copies) is addressed via a least-square minimization approach. The issue of truncating
basis function at the boundaries is resolved via a zero-period extension (i.e., adding
a zero-period to its beginning and end). It is shown that the coefficients of the basis
functions at the initial portion of the extension period approach to zero as the length
of the extension period increases. A sectional interactive decomposition algorithm is
proposed for online trajectory decomposition through a trajectory redesign scheme.
Implementation of the frequency-domain iterative learning control (FD-ILC) in real-
time for high-speed nanofabrication and AFM imaging becomes an issue as the FD-
ILC involves multiple FFT/IFFTs that demand intensive online computation. An al-
gorithm of optimal time-distributed fast Fourier transform and time-distributed inverse
fast Fourier transform (OTD-FFT/TD-IFFT) is proposed to optimally distribute the
FFT computation of a real-time sampled data sequence to minimize the per-sampling
computational complexity without increasing the total computational complexity, and
to obtain the entire Fourier transform sequence without latency. The proposed ap-
proach is extended to real-time IFFT computation, and then combined and applied
to real-time FD-ILC implementation. The computational complexity analysis shows
that the per-sampling computational complexity is substantially reduced by using the
proposed approach.

The proposed optimal and learning-based output tracking and tracking-transition tech-
niques can effectively achieve accurate high-speed nanofabrication. The effectiveness of
the proposed techniques was demonstrated by simulation and experimental examples
in accurate high-speed nanomanipulation utilizing an AFM probe driven by a piezoac-
tuator. The optimal transition design and tracking approach was demonstrated by a
simulation example in the control of the z-piezoactuator in an AFM system. It showed
that the proposed approach can achieve minimal output oscillation and minimal input
energy, and fast tracking under given input constraints. The proposed offline-learning
based control technique was implemented to compensate for both hysteresis and dynam-
ics in a piezoactuator system. It showed that high-speed, large-range precision tracking
of hysteresis-dynamics systems, and considerable accuracy improvement when com-

pared to PID control at different tracking speeds are achieved. A simulation example
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to decompose a trajectory sequentially online has demonstrated the effectiveness of the
proposed online asymptotic trajectory decomposition technique. Finally, real-time im-
plementation of FD-ILC based on an optimal time-distributed FFT was demonstrated

through high-speed trajectory tracking on a piezoelectric actuator in experiments.
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Chapter 1

Introduction

Precision and high-speed trajectory tracking is needed in many advanced applications,
such as Atomic Force Microscope(AFM) imaging [1], nanomanipulation [2], nanode-
position [3], robotic operation [4], and hard-disk control [5]. In these applications,
high-speed and precision tracking is needed, for example, in the AFM imaging pro-
cess, high-resolution and fast-speed sample topography imaging is required. In some of
the applications, such as nanofabrication and nanopatterning, there exists application-
specified trajectory to be tracked and transition between two tracking trajectory ses-
sions to be properly designed. Nonlinearities such as hysteresis, typically involved in
the piezoactuators for high-resolution control, should be well-compensated to achieve
an outstanding tracking performance. Although plenty of techniques have been pro-
posed to solve these problems, challenges still exist due to the complexity of the system
dynamics (limited bandwidth and non-minimum phase), involvement of the hysteresis
nonlinearities, and the online specified desired trajectory (resulting in complicate online
computation). The problem of optimal trajectory design and tracking with non-periodic
tracking-transition switching, when taking the input threshold constraints into consider-
ation, becomes a constrained multi-objective optimization problem, which significantly
complicates the design process, especially for non-minimum phase linear systems and
nonlinear systems; The hysteresis-nonlinearity further poses challenges in high-speed
and large-range tracking. In this dissertation, the optimal tracking/transition with
non-periodic tracking-transition switching is proposed for non-minimum phase linear
systems, and offline-learning technique based on superposition principle is developed
to extend the capability of the iterative learning control for the control of hysteresis-

Hammerstein systems.



These problems in trajectory-tracking/transition for linear and nonlinear system, in-
cluding optimal tracking/transition for non-periodic tracking/transition switching, and
high-speed and precision output tracking of systems with complicated dynamics and
hysteresis, have attracted a great attention due to their importance in a wide range
of applications. Many techniques are proposed to resolve the multi-objective track-
ing/transition with non-periodic tracking/transition switching for non-minimum phase
systems. The optimal boundary states of the transition can be obtained through the op-
timal output transition (OOT) technique [6], which has been further extended to solve
the output tracking problem with periodic tracking-transition switching [7]. Although
the input energy is minimized in the OOT approach, the optimal transition trajectory
obtained can be highly oscillatory for systems of lightly-damped dynamics [8], and this
method is not suitable to output tracking with non-periodic tracking-transition switch-
ing. These two issues have been addressed in the recently developed inversion-based
optimal output transition technique [9, 10], all these approaches cannot guarantee that
the input amplitude is not saturated while the input energy is minimized, and the tran-
sition time is small when the above smooth-output, minimal-input requirements are
satisfied. Therefore, there exists a need to develop techniques to further account for
the input and time constraints in output tracking/transition with non-periodic tracking-
transition switching.

Simultaneous hysteresis and dynamics compensation still remains challenging in the
tracking control of hysteresis systems. Many limitations exist in the current techniques
to compensate for hysteresis. For example, it has been proposed to use the inverse
Preisach model in the controller design [11, 12], or by updating the inverse of Preisach
model through an adaptive scheme [13]. These techniques, however, are limited to
compensating for hysteresis in quasi-static case—accounting of both dynamics and hys-
teresis effects is not adequately addressed. It has been proposed to modify the inverse
Preisach model to account for the rate-dependent hysteresis effect (i.e., the combined
hysteresis and dynamics effects) [14]. However, the compensation of the dynamics effect

is rather constrained since only a handful of the excitation frequencies are considered



in the inverse-Preisach-model based controller design [14]. To improve the dynamics
compensation, techniques based on an extension of neural network [15] [16] and the
inverse rate-dependent Prandtl-Ishlinskii (PI) model [17] have also been proposed. In
these existing approaches, however, heavy online computation and a complex mod-
eling process—prone to modeling errors—are required. The performance-robustness
trade-off involved may not be efficient in accounting for the largely quasi-static uncer-
tainty /variation usually found in hysteresis systems such as smart actuators. These
complexities (in modeling and control) and robustness related issues can be largely al-
leviated in the iterative learning control framework [18, 19]—as an example, the high
tracking performance obtained via the ILC-based techniques can be largely maintained
against model uncertainties and/or system variations through a couple of iterations.
Since iterative learning control are largely limited to the repetitive operations. There-
fore, there is still a need to develop an offline learning-based technique to compensate
for the hysteresis and dynamics online simultaneously.

Online trajectory decomposition problem arises in the offline learning-based technique
developed for the hysteresis systems. However, limitations exist in current techniques
developed for online trajectory decomposition. For example, basis functions constructed
by biarc-spline functions are employed to decompose the trajectory in curve machining
[20]. Since only smoothness is considered for the boundary condition, the basis functions
are not compactly supported to begin and end at a constant, thereby, not suitable for
control applications. The limitation can be alleviated by using uniform B-splines as the
basis functions in the decomposition [21, 22]. These general decomposition frameworks
do not account for the objectives such as tracking precision, and high-order smoothness
as needed in control applications. These control-related objectives can be mostly taken
into account by extending the decomposition technique to ILCs. For example, a task-
based basis function method is employed to extend ILC to micro-robotic deposition
[3]. This technique is limited to specific trajectories with a small amount of repeated
patterns. Rational basis functions are introduced to approximate the system trans-
fer function and the system input so that the ILC can have the extrapolation ability

[23]. Multiple basis functions are identified through ILC from different basic states of



a linear time variant system with slow changes, and the interpolation of these basic
inputs are used to generate inputs for other states [24]. However, considerable different
basis functions are needed in the decomposition, resulting in numerous learning and
computation. A decomposition technique with only a few simple decomposition basis
functions is utilized to decompose the input and output trajectories in ILC, and the de-
composition coefficients are updated online to accommodate for the possible change of
the desired trajectory [25], and an overlapped B-splines based trajectory decomposition
method is proposed to extend the implementation of ILC to more general applications
[26]. However, this overlapped decomposition technique suffers from element trunca-
tion and involves multiple basis elements, which increases the complexity for control
applications. Therefore, there is still a need to develop a decomposition method with
minimal untruncated basis elements for online control applications.

As implementation of the frequency-domain iterative learning control (FD-ILC) in real-
time for high-speed nanofabrication and AFM imaging involves multiple FFT/IFFTs,
the intensive online computation complexity becomes another important issue. Limi-
tations exist in current techniques developed for online implementation of FFT/IFFT.
For example, a pipeline processor based on very large scale integration (VLSI) technol-
ogy has been proposed for computing FFT of fixed-length [27] [28]. The limitations in
FFT computation for fixed data lengths might be addressed through hardware devel-
opment based on field-programmable gate array (FPGA) and digital signal processor
(DSP) technologies, such as a radix-2 single-path delay feedback pipelined FFT/IFFT
processor based on FPGA [29], and a compact online FFT algorithm based on DSP
[30]. Although these FPGA/DSP-based techniques improved the flexibility in online
FFT computation, specially-designed hardware is needed. Alternatively, algorithms
have been proposed to improve online computation of FFT on general purpose micro-
processors (e.g., Intel’s x86 microprocessors), including a distributed FFT algorithm
to process a large block of incoming data [31] that spreads the computation across
smaller blocks of the incoming data, and a multi-rate controller based on a new dis-
crete lifted system model to save computation by reducing the length of input data

[32]. In these efforts, however, the per-sampling-period complexity is still significant,



and latency is induced when the transformed (output) sequence is obtained. Therefore,
there are needs to develop techniques to further improve the real time implementation

of FFT/IFFT, particularly, on general-purpose microprocessors.

The dissertation is organized as follows,

In Chapter 2, an approach that achieves multi-objective optimal output tracking/transition
under the input and time constraints with non-periodic tracking/transition switching for
non-minimum phase linear systems is developed. The proposed approach extends the
technique developed in [9] that attains an optimal smooth output tracking/transition in
non-periodic tracking/transition switching. Particularly, the input-energy minimization
under amplitude constraint is further obtained by optimizing a solution set obtained
by the previous method [9]. We first show that such a constrained minimization can
be converted into an unconstrained minimization problem. Then, the optimal solution
are obtained based on an improved conjugate gradient technique [33] that guarantees
the global optimization without convexity requirement for the underlined cost function
(instead, a mild Lipschitz condition is needed). Then, the transition time is further min-
imized for the obtained optimal output transition trajectory. The proposed approach
is illustrated by a simulation example of nanomanipulation utilizing a piezoactuator.
In Chapter 3, an offline-learning technique based on an almost superposition of Ham-
merstein systems (ASHS) is proposed for the tracking control of hysteresis systems. We
show that for a Hammerstein operator satisfying the Lipschitz condition, a weak form
of the ASHS exists, where the linear combination of outputs matches the response to
that of the corresponding inputs with a different set of combination coefficients, pro-
vided that the outputs are Lipschitz continuous and the number of outputs are large
enough. Furthermore, the strict form of the ASHS—the output and the input combi-
nation coefficients in the linear combinations match to each other exactly—holds for
a certain choice of the inputs. For hysteresis-Hammerstein systems, the number of
outputs needed in the ASHS can be quantified. We further present the realization of
the ASHS for hysteresis-Hammerstein systems in the previewed output tracking based

on the uniform B-splines for output decomposition and the inverse Preisach modeling



for input synthesis, where an optimization of the outputs selection and an online opti-
mization of the combination coefficients of ASHS for practical implementation are also
proposed. This ASHS not only is a powerful tool for Hammerstein system analysis, but
can also be explored for control of these systems. As an example, we illustrate its ap-
plication to simultaneous hysteresis-dynamics compensation in preview-based precision
output tracking, by integrating the B-spline-based trajectory-decomposition technique
for linear systems [26, 34] with the inverse Preisach model for superposition. The effi-
cacy of the proposed approach is demonstrated by an experimental implementation on
a piezoelectric actuator.

In Chapter 4, a single-basis online asymptotic trajectory approximation is further de-
veloped to resolve the remaining trajectory decomposition issue that arose in Chapter
3. The problem of trajectory approximation using only one type of basis function is
addressed via a least-square minimization approach, and it is shown that arbitrary de-
composition precision can be achieved through increasing the number of basis functions
involved. The truncation issue of basis function in approximation is resolved via a
zero-period extension (i.e., adding a zero-period to its beginning). It is shown that the
coefficients of the basis functions at the initial portion of the extension period approach
to zero as the length of the extension period increases. We proposed also a sectional
interactive decomposition algorithm for online trajectory decomposition (where the
trajectory is only partially known) through a trajectory redesign scheme. Simulation
examples by using B-splines as the basis functions are employed to demonstrate the
proposed decomposition method.

In Chapter 5, an OTD-FFT/TD-IFFT technique with direct application to online FD-
ILC is developed. Without increasing the total computational complexity, the proposed
OTD-FFT/TD-IFFT algorithm exploits the butterfly structure of FFT/IFFT to op-
timally distribute the FFT computation of an online sampled data sequence to each
of the sampling period, such that the per-sampling-period computational complexity

is minimized, and the entire Fourier transform sequence is obtained without latency.



Specifically, through the proposed OTD-FFT, the maximal per-sampling-period com-
putational complexity for a data sequence of length 2V is reduced from 2V log 2"V mul-
tiplications and 2V log 2V additions to 2N¥*! — 2 multiplications and 2V*+1 — 2 addi-
tions, respectively. Similar idea is extended to the IFFT computation in the proposed
TD-IFFT algorithm, where, with the frequency domain data of length 2V already
known, the butterfly computation of IFFT is sequentially distributed to the first 2V
sampling periods. The proposed OTD-FFT/TD-IFFT algorithm is applied to online
implementation of FD-ILC, and the computational complexity of the proposed OTD-
FFT/TD-IFFT and the FD-ILC is analyzed. The efficacy of the proposed approach in
online control applications is demonstrated through experimental implementation of a
recently-developed FD-ILC technique [35] to high-speed precision trajectory tracking
on a nanopositioning system.

In Chapter 6, this dissertation is concluded.



Chapter 2

Multi-Objective Optimal Trajectory Design and Tracking
with Non-periodic Tracking-Transition Switching for

Non-minimum Phase Linear Systems

Abstract

In this chapter, the problem of trajectory design and tracking of non-periodic tracking-
transition switching for non-minimum phase linear systems is considered. Such a prob-
lem exists in various applications where the output trajectory consists of application-
dependent tracking sessions and to-be-designed transition sessions. The challenge arises
when multiple control objectives are considered, including the smooth transition from
one output tracking session to the next one without large oscillations during the transi-
tion, smooth tracking-transition switching without inducing pre- and/or post- switching
oscillations, input energy minimization without saturation under amplitude constraint,
and furthermore, minimization of the overall transition time. The proposed approach
extends the previous work that attained smooth output transition and smooth tracking-
transition switching to further achieve amplitude-constrained input-energy minimiza-
tion and transition time minimization. The constrained input optimization problem is
converted to an unconstrained input minimization problem. The optimal output and
input are obtained by using an improved conjugate gradient method. The total transi-
tion time is further minimized via one dimensional search. The proposed approach is
illustrated through a simulation example in probe-based nanomanipulation utilizing a

piezoelectric actuator.



2.1 Introduction

The problem of optimal trajectory design and tracking with non-periodic tracking-
transition switching under input and transition-time constraints is considered for non-
minimum phase linear systems. Such a trajectory design and tracking problem arise in
applications such as nanomanipulation [2], robotic operation [4] and hard-disk control
[5], where the entire trajectory consists of the tracking portions and the to-be-designed
transition portions. The output-transition related control problem has attracted a great
attention due to its importance in a wide range of applications. For example, conven-
tionally the optimal state transition (OST) method (e.g., [36] has been applied. The
solution, however, not only tends to be non-optimal (for output tracking), but also
fails to account for post-transition needs such as maintaining the output at a con-
stant, or tracking a desired trajectory. Although maintaining a constant output can
be achieved via the input shaping technique [37], the choice of boundary condition
is ad hoc and tends to be non-optimal, and the issue of multiple transitions and/or
post-transition tracking are still not considered. The optimal boundary states of the
transition can be obtained through the optimal output transition (OOT) technique [6],
which has been further extended to solve the output tracking problem with periodic
tracking-transition switching [7]. Although the input energy is minimized in the OOT
approach, the optimal transition trajectory obtained can be highly oscillatory for sys-
tems of lightly-damped dynamics [8], and this method is not suitable to output tracking
with non-periodic tracking-transition switching. Although these two issues have been
addressed in the recently developed inversion-based optimal output transition technique
[9, 10], all these approaches cannot guarantee that the input amplitude is not saturated
while the input energy is minimized, and the transition time is small when the above
smooth-output, minimal-input requirements are satisfied. Therefore, there exists a need
to develop techniques to further account for the input and time constraints in output

tracking with non-periodic tracking-transition switching.
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Challenge exists in accounting for the input and transition time constraints in non-
periodic tracking-transition switching for non-minimum phase systems. These two ob-
jectives, transition output and switching smoothness, and input energy minimization
under amplitude constraints being coupled together—particularly for non-minimum
phase systems [38, 39|, impose a constrained multi-objective optimization problem
challenging to solve directly due to the strong coupling and non-guaranteed convexity.
Minimizing the input energy under amplitude constraint is crucial as input saturation
leads to not only tracking performance deterioration, but also slowed response and poor
robustness [40]. Moreover, it is highly desirable that the transition time can be further
minimized when the above output and input requirements are satisfied.

The main contribution of this chapter is the development of an approach that achieves
the optimal transition output trajectory design and tracking under the input and time
constraints in the non-periodic tracking-transition switching with preview for non-
minimum phase linear systems. The proposed approach extends the technique devel-
oped in [9] that attains an optimal smooth output tracking in non-periodic transition
switching. Particularly, the input-energy minimization under amplitude constraint is
obtained by optimizing the design variables on which the optimal output transition
trajectory depends. We first show that such a constrained minimization can be con-
verted into an unconstrained minimization problem. Then, the optimal design variables
are obtained based on an improved conjugate gradient technique [33] that guarantees
the global optimization without convexity requirement for the underline cost function
(instead, a mild Lipschitz condition is needed). Then, the transition time is further
minimized for the obtained optimal output transition trajectory. The proposed ap-
proach is illustrated by a simulation example of nanomanipulation using a piezoelectric

actuator.
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Figure 2.1: The desired output trajectory including tracking and transition sections,
where T}, is the total preview time, and T, is the effective preview time.

2.2 Problem Formulation

Consider the following square linear time invariant system:
i =Ax+ Bu, y=~Cu, (2.1)

where z(-) € R" and u(-), y(-) € RP. The square system is considered below for ease of
presentation—the proposed approach below can be extended to right invertible systems

[41, 42] with minor changes.

Assumption 1. System (2.1) is controllable, observable, and hyperbolic, with a well

defined relative degree r = [r1, ro,. .., Tp]T.

The above hyperbolic assumption (no zeros on the imaginary axis) of the system,
although might be alleviated, for example, via minor perturbation to the internal dy-
namics [43], or equivalently, the desired trajectory [10], is employed here for ease of
presentation. We consider output tracking with a finite preview involving non-periodic
tracking-transition switching, where the tracking portions of the output trajectory are

given, while the transition portions of the trajectory are not specified and need to be



12

designed. As shown in Fig. 1, the entire desired trajectory can be partitioned as

yd() = (quq,dtr(')) U (Umym,dtn(')) , my, g €N (2'2)

where y, gir () is the desired output trajectory in the ¢'" tracking session, Ym.din () 18
the to-be-designed output trajectory in the mt" transition session, and U denotes union.
We define the time interval for the ¢** tracking trajectory, I,, and the time interval for

the m!" transition trajectory, Sy,, to be open and closed, respectively, i.e.,

I, = (tqu, tq+17i), S = [tmﬂ',tmj]. (2.3)

Correspondingly, the control input could be given as

Uiny (+) = (Ugtgtr () U (UmUmin(-)) 5 (2.4)

where g (1) and wp n(-) are, respectively, the control inputs for the tracking and

transition intervals.

Assumption 2. During any given ¢" tracking session, the desired tracking trajectories
Yq.dir (+) of the k" output channel are differentiable at least to the rzh order for allt € I,

and can be described by a finite-order polynomial of time t.

The finite-order polynomial description of the desired output in Assumption 2, from
practical viewpoint, does not further constraint the output. By the development of the
preview-based stable-inversion [39, 44], we define the effective preview time T, utilized
to calculate the inverse input for tracking as the part of preview time 7, so that the

tracking error is negligible for the given tracking precision. Moreover, we assume that

Assumption 3. At any given time instant t., the available preview time T, is at least

twice of the effective preview time Tep, i.e., T, > 2T¢,,.

The above assumption is reasonable as the amount of preview time can be adjusted,
for example, through choosing the time scale of the desired trajectory and the transition
time. Moreover, a long enough preview time also ensures that the minimization of the
input energy under amplitude constraint (the Objective O3 below) is well-defined as

the inputs for the tracking section and the transition section, due to the pre-actuation
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and post-actuation time [43], are coupled together. We realize that the preview time,
although might be substantially reduced and/or avoided through the design of the
desired trajectory in set-point regulation [45], is needed in general output tracking
where the desired trajectory is given.
Under the above Assumptions 1-3, we set out to design the optimal transition output
trajectory and obtain the corresponding input such that:
O1: The entire output desired trajectory yg(-) is smooth up to 7" (the relative degree
of the system) order derivative, i.e., the r** order derivative of the desired output
trajectory is continuous during the entire tracking course.
Os: During each transition session within the previewed time, the energy of the desired
output along with its derivatives is minimized,
. . tm’f T

yg}i?)(Eo,m) = min /tm (HyYam(7))" By (Hy Y ggn(7))dT (2.5)
where R, € 3P*P is a positive semidefinite matrix, ¢, 4, t,, s are the beginning and end
time of the m!" transition, respectively, Y g, (-) is the vector of designed desired output

transition trajectory and its derivatives in that transition, i.e.,

Yan(t) = [Eraen(®) T 9 (8), E2ata )T 052000, - Epam(®T, 4050 (] (2.6)

with
_ T
d"™ Yy aen ()

Ek,dtn(t) = |Yr,din(t), Ukdin(t), -, T : (2.7)
and Hy is a given block diagonal matrix,
HY = diag([HyJ, Hy72, ey Hy7p]>, (28)

with Hy, € R vectors comprised of the coefficients of a monic Hurwitz polynomial
in increasing order.

Under the condition that Objectives O; and Oy are satisfied, achieve the following
Objectives O3 and Oy:

O3: At any given time instant ¢. € I, the energy of the preview-based inverse input
(specified later in Sec. 3) within the effective preview time, w;n,(t) for t € [t., tc+Tep), is

minimized under the condition that the input amplitude is within the given threshold,
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ie.,
P ptetTe
minZ/ U5 iy (1) dt, (2.9)
j=1"te
subject to
1w ine()llpoo < Mjy, for j=1,2,...,p, (2.10)

where [|1.inv(-)||p.co = SUP |2 iny(+)], and M, is the given threshold for the j** input-
output channel.

Oy4: Furthermore, the total transition period in the previewed time is minimized,
S
min » T, (2.11)
m=1

where T, = t,, f —tm,; is the transition time duration for the m*" transition section, and
s is the total number of transitions in the effective preview time interval [t;, t. + T¢p).
Objective Oy ensures that the corresponding input—by the stable-inversion theory [38]-
is continuous, which is preferred over inputs with “jumps” and/or “spikes” in practice.
Moreover, as revealed later (Sec. 3) the weight matrix Hy specified in Objective Oy

serves as the design parameters to achieve Objective Os.

2.3 Optimal Output Transition with Non-periodic Tracking-Transition
Switching

The proposed approach comprises two parts. First, the candidates of the transition
trajectories and the corresponding inputs are designed to meet Objectives O1 and Os.
Second, the optimal desired transition trajectory is sought from these candidates to

meet Objectives O3 and Oy.

2.3.1 Design of Candidate Desired Transition Trajectories for Objec-
tives O; and O,

The candidate desired trajectories that meet Objectives O; and O can be readily
obtained through the optimal transition trajectory design and tracking (OTTDT) ap-

proach proposed in [9], summarized below. Under Assumptions 1 and 2, system (2.1)
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can be transformed into the following output tracking form,
§(t) = Lyt (t) + Bey™ (1),
is(t) = Asins(t) + As2b(t) + Bsy (1), (2.12)

Nu(t) = Auinu(t) + Au2é(t) + Buy(r) (t),

where
y Ot =" @), ..., ¥, (2.13)
() =16, &7, &0, (2.14)

with &(t) given by (2.7), and
Ly = diag([[unl, Lupo, - Iupﬂ“p])v (2.15)

with I, 5 = [0, Ii; 0, 0]y, xr, and Iy, a (1 — 1) X (ry — 1) identity matrix, such that
for any given desired trajectory y,(+), exact output tracking can be obtained by using

the following inverse input
Ujny (t) = Mgf(t) + Mn;s (t) + Munu(t) + Mry(r) (t) (2'16)

In (2.12), ns and 7, are the stable and unstable subspaces of the internal dynamics
with eigenvalues of A1 and A, all in the open left and open right half plane, respec-
tively. Readers are referred to [39, 44] for details (e.g., the expressions for matrices
Me¢, My, My, M,, B, By).

By using a state feedback controller Hy,

y"(t) = Hel(t) + (1),  with (2.17)
He = diag([He,1, Heo,..., Hepl), and (2.18)
Hg’k = [_hk,la —hk72, ey _hk,rk]7 (2.19)

the output subdynamics in (2.12) is stabilized as
E(t) = Agf(t) + Bey(t),  where, (2:20)
Ag = diag(mg,l, A&Q, ce ,A§7p]), and (221)

Bg = diag([Bgyl, B§72, N B&p]), (2.22)
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. 0 I
A{,k‘ — 9
ngk T XTk (2 23)
0
By =
1
rE X1

Objectives O and s are satisfied by solving the following optimal state transition
problem [36] for the stabilized output subdynamics (2.20), which, by (2.6, 2.17), can

be rewritten in the form of (2.5) in Objective Oa,

tim, s
min/ YT () Ry (t)dt
() tm,i

= min [ O + OO R (HEO +O 00 (229

()
tm,f
= min / (Hy Y aen ()T Ry (Hy Y gy (t))dlt,
v tm.i
with Hy = [-Hg, 1]. The solution to (2.24) is given as
¥ (t) = R B At =G (D) Lt b ), (2.25)

where

T . .
G(Twm) :/0 eAf(Tm_T)BgR;lBgeAg(Tme)dT,

(2.26)
ﬁ(tm,ia tm,f) - gdtn(tm,f) - eAg(tm’f_tm’i)‘Edtn(tm,i)-
With (2.25), the desired output is given by,
g0 (£) = Helam(t) +*(t), for t € R, (2.27)

where yg;zz() and &4, (-) are as defined in (2.13, 2.14) corresponding to the desired
output, respectively.

Note that the solution v*(¢) to the optimization problem of (2.24) becomes trivial, i.e.,
v*(-) = 0, only when L(ty,;,tm ¢) in (2.25) is zero, i.e., only when the final output state
(the desired output value at the end of the transition) falls on the initial-condition state
curve. Such a case virtually does not exist in practices or can be easily avoided via the
design of the stabilized feedback gain H¢ and a small perturbation to the transition

time T, otherwise. Thus, without loss of generality, we assume
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Assumption 4. The state transition L(tmq,tm,f) in (2.25) is non-zero, and the optimal

solution v*(t) to the optimization problem in (2.24) is non-zero.

For the given transition boundary condition and the transition time, the only de-
sign variable of the optimal transition input-output is the weighting matrix Hy (see
(2.12, 2.16, 2.25-2.27)). Next, we achieve Objective Oz through the design of the

weighting matrix Hy .

2.3.2 Objective O3: Optimal Transition Trajectory with Minimal In-
put Energy under Amplitude Constraint

The optimal transition trajectory that meets Objective O3 is obtained in two steps:
First, the constrained optimization problem of Qs is transformed to an unconstrained
optimization for ease of solving. Second, the solution is obtained through an improved

conjugate gradient method.

An Equivalent Unconstrained Input Optimization Problem

To convert the amplitude-constrained input energy minimization problem (2.9, 2.10)
to a practically equivalent unconstrained minimization problem, we note that for the
k" output with k =1, 2,---, p, the state-feedback gain H¢ . is nothing but the coef-
ficients of the characteristic polynomial of the stabilized output subsystem subsystem

(see (2.19)), i.e.,

Pr(s) = 8™ + hpr, 8™ 4 B —15™ 2 4 By

= (5= M1)(5—=Ag2) - (5= Akry)

(2.28)

where A1, Ag2, ..., Mg, are the eigenvalues of A&k. Thus, the design of the state-
feedback gain H; for the k" output (k = 1,2,---,p) is equivalent to designing the
eigenvalues of the stabilized output subsystem state matrix flg,k, My Ak2s ovey Mg
Since oscillations of the desired output can be completely eliminated when all the eigen-
values Ai 1, Ar2, ..., Mg, have negative real, we consider, without loss of generality,

the eigenvalues in designing the output trajectory for the m!”* transition section from
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a set of negative real finite numbers,

A m m m m m m
V)\’m - [ 1’1, 1,2, ey 17,,.1, 2’1, ceey p717 ey )\p,Tp]7 m = 1,2, e ,8, and (229)

Vam € D, 2 {(9, So,...,9n,) Sy € Rand S, <0, forallv=1, 2,..., Ny},
(2.30)
where Ny = >%_,rg. It is challenging, however, to directly solve the amplitude-
constrained input energy minimization problem in Objective O3, as the given threshold
must be satisfied at every time instant over the entire transition period. Thus, the

following unconstrained optimization problem is solved instead:

P ptetTep c(u?, (t)—Mz2,)
ing(Vy) = min > 2 (1) + M2 Jiiny ) e, (2.31
AT =y 0 p( ME, >

where ¢ > 0 is a large enough constant (specified later), and
Vi=[Wr1, Vags-oos Vasl €D 2Dy x Dy... x Dy (2.32)

is the vector of eigenvalues used in designing the output trajectories of all the transition
sections during the entire effective preview time at time instant t., [te, t. + T¢p], and
D is the the corresponding set of eigenvalue vectors, Vy, with D; x D; = {(z, y) : z €
D;, y € D;}, and Dy x Dy --- x D, defined similarly.

We next show that in practice, the constrained minimization problem Qs is virtually
equivalent to the above unconstrained minimization problem, provided that the inverse
input does not contain any flat period at the threshold (i.e., the corresponding input
is not stationary at the threshold in any finite-length time interval). The following

Lemma 5 shows that such a condition on the inverse input does hold.

Lemma 5. Let Assumptions 1 to 4 be satisfied, and let the desired output trajectory
within the effective preview time, yq(t) fort € [te, te + Tep|, be given by (2.2), with the
portions in the transition periods satisfying Objectives O1 and Os, then for any positive
finite M < oo the inverse input win,(t) in (2.16) is not stationary during any finite
time interval, i.e., m({t : |ujino(Va,t)| = M,VVy\ € D}) = 0 (m(A) is the Lebesgue

measure of set A).
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Proof. We proceed by contradiction. First we show the inverse input (2.16) can be
represented as a finite summation of exponents and polynomials of time ¢. Consider
the case that the system does not have repeated zeros. By Assumption 2, y(t) =
Zé:o a;t!, te€ R, 1 €N, wherea; € R and a;s are not all zero, thus the j** component
of the stable state 7s(t), 7s,;(t), can be represented as

t r
Nls,j (t) = €A"t773,j (t(]) + / eAj(t_T) Z As27 jpy(p)(T) + Bs,jy(r_'_l)(T) dr
t() [):1

(p) ! (r+1)
:e)‘jtnsyj(tg)+/ A (t=7) ZA52 ip (Zaz > + By j (ZCMTZ) dr
i=0
t .
= eAjtns,j (to) + Z/ 6)‘j(t_7)a§72d7',
i=0 /1?0

= e (ns j(to) +bj) + Y Fiit,
i=0

(2.33)
where i € N, j € N, pe N, \; € C are the minimum-phase zeros of the system, b; € R
and F = (Fj;) € R=*+D is a coefficient matrix with the j™ row and " column
element Fj; depend on a; and \j, with ngs the number of stable states.
Similarly, when there are no repeated non-minimum phase zeros, the unstable dynamics
Nu(t) can also be represented as a summation of exponents and polynomials as in (2.33).

Thus by (2.16),

n—r l
Uk ino(t) = Y ket + > dpit, (2.34)
j=1 i=0
where
Crj = ij (nj (to) + bj) (2.35)

with n = [ n!]T, and G = [My, M,] of full row rank, and di; depend on Mg, M,, As,
Ay, y(t). As the set Qp = {f;(t) = thieNt 1 k; € ZT, \; €C, i=1, 2,--- ,N;, N; €
N, and N; < oo} is linearly independent for distinct k;s or distinct \;s in any finite-
length time interval [46], uy, in,(t) equaling to a constant in a finite time interval implies
that ¢; = 0 for each j =1, 2,..., n— 7 and dy; = 0 for each i = 1, 2,..., [, which
by (2.35), in turn, forces Gyj = 0 for each j =1, 2,..., n —r—as n;(ty) + bj, being

initial condition dependent, cannot be always zero. As a result, G does not have a full
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row rank—a contradiction.

For the case where the system has repeated zeros, there are repeated poles in the inverse

A A

system (2.12), and the term e?!! in computing 7,(t) or the term e*s1* in computing

ns(t) generates extraneous terms tFe* in addition to terms e

. By replacing those
terms of e* in (2.34) with the terms of tFe*, for finite k € Z*, the same argument
above can be applied to show that the same conclusion holds.

During the transition sections, y(t) in (2.25), thereby £(¢), ¥ () in (2.20, 2.27), can
be expressed as a summation of finite elements in the set {1 = {tkie)it} then the same
procedure can be applied to represent the inverse input as a finite sum of exponents and
polynomials of . Although the expressions of £(t), y(r) (t) involve exponents of ¢, rather
than only polynomial as for the tracking trajectory, the set of exponents corresponding

to each internal state, i.e., each component of n,(t) and 7,(t), are still distinct to each

other, thereby the same argument above applies. This completes the proof. ]

Lemma 6. Let the finite constant M > 0 be given, and the function f(x,t) € Loo:
f:D xla,b = R, with0 < a<b< oo, be continuous in x and piecewise continuous
in t, and the Lebesque measure of the set V.= {t: |f(x,-)| = M,VYz € D}, m(V) =0,
then for any given € > 0, there exists a finite constant ¢ > 0, such that the solution x*

that minimizes the cost function,

J(x) = /ab f2(x,t) + M?exp <c (fQ;;f;t) — 1)) dt

has the following properties:

o || f(x*,)|loo <M , where || f(x,")||co is the infinity norm w.r.t time t.

o For any x satisfying ||f(x,)||cc <M,
b
() < / P2, )t + €.

Proof. Let By = {t: |f(x,t)] < M} NJ[a,b], By = {t:|f(x,t)|=M}NJa,b], and Bs =

{t : |f(x,t)] > M} NJa,b]. Since m(Bz) = 0, then the cost function in the Lebesgue
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integral form can be represented as

J(x) = f2+M2</ h+/ h+/ h)
[a,b] B1 Bo B3
= f2+M2</ h+/ h>,
[a,b] B1 Bs

where h(x,t) £ exp(c(% —1)).
Let D1 = {x: ||f(x%,")]lcc <M} ND and Dy = {x: ||f(X,)]|oc > M} N D. Then for

any x € Dy, m(By) =b—a, m(Bs) =0, and

J(x € D) = f2+M2/ h,
[a,b] B1

As for all x € Dy, h(,-) — 0 when ¢ — oo, there exists a finite C; such that h(-,-) <

m for any given € > 0, and any ¢ > C;. Hence for any x € Dy,

J(x € Dy) < fPHe<M?(b—a)+e
]

Similarly, for any x € Do, m(B;) > 0, m(Bs) > 0, and h(-,-) — oo when ¢ — oo, there
exists a finite Co such that h(-,-) > (b — a)/m(Bs) + € for all ¢ > Cy. Thereby for any
X € Do,

J(x € Dy) > fP4+M (b —a)+e
[a.]

By setting ¢ = max(Cy,Cs2), we have J(x € D) < J(x € D3), and the two claimed

properties follow. This completes the proof. O

The above Lemmas 5 and Lemma 6 imply that the original optimization problem
in (2.9, 2.10) can be solved with arbitrary precision as the unconstrained optimization
problem (2.31). The constant ¢ can be chosen a priori as both the threshold value
M;,, and the transition time period are known. Moreover, note that the threshold
value needs to be appropriately chosen: for the j** input, the threshold value M., >

b HG;il(-)HOOHyMT(t)Hoo, with Gj; the linear operator from the j** input to the "
output, and y; +(t) the ith channel output trajectory. Such a condition generally holds

and can be checked in practice.
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Optimal Solution based on the Improved Conjugate Gradient Method

We propose an approach based on the improved conjugated gradient method [33] to
obtain the optimal input that meets Objective O3 through minimization of the cost
function in (2.31). As the inverse input (-, -) implicitly depends on the eigenvalues
of flg, we utilize the concept of variation calculus to obtain the gradient of win,(,-)
w.r.t. a given eigenvalue A}",. The gradient of the cost function (2.31) with respect to
eigenvalue Ay is

OJ(V)\) u /tC+T6p C(’LL? inv M?u) auj inv
=92 2 2 1 i inv : dt. 2.
3/\731 Z 5 cexp Mj2u + uj, 5 AZ,LI (2.36)

j=1
To calculate the derivative of u; ;. with respect to /\Z?l, consider the perturbed dynamics
due to the variation of the eigenvalues of flg, 0Hg, during the m'" transition section.
By (2.12, 2.16),

0E(t) = AgO€(t) + BeSHeE(t) + Bedry(t). (2.37)

Similarly, the corresponding perturbed dynamics of the internal dynamics can be ob-

tained as
815 (t) = As10ns(t) + As20(t) + Booy"(t),
(2.38)
O17u(t) = Aurdnu(t) + Au2dé(t) + Buoy™(t),
and the corresponding variation of the inverse input becomes
Sttiny () = MSE(E) + Mons(t) + Mudnu(t) + M5y (t). (2.39)

The initial conditions for the above variational dynamics (2.37, 2.38) are zero, then
the variation of the inverse input can be readily represented as a linear function of
the variation of the output dynamics, 0 He, and that of the external input, dv(t) (both
caused by the eigenvalue variation). The variation of the output dynamics during the
transition period can be obtained as

SE(t) = /t AT B (SHee (v) + 64(7))dr, -

6y (1) = SHEE(t) + HeSE(t) + Bed (1),
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and 6¢(t) = 0, 0y (t) = 0 during the tracking sections. The variation of the internal
dynamics can be readily obtained as

ons(t) = / t A1 A 08¢ (7) + Booy™ (7)]dr,
fe (2.41)

tc+Tep
S (t) = e~ AnlletTen) g (T,)) — / e AT [ A4,55€(7) + Buoy' (7)]dr.
¢
The variation of the internal dynamics contains a stable and an unstable portion, where
the variation of the portion dn,,(t) is calculated with the effective preview time T,. The
unknown future boundary condition, 67, (7%p), is set to zero with negligible truncation-

caused error (see Assumption 4).

Since
L& Oiny m
5uz7w(t) = Z EING 6Ak,lv (242)
k=1 1=1 k,l
p T
0H¢ _ ..
SHe() =Y N Zfz AT, (2.43)
k=1 1=1 ,
B p Tk afy .
YO = DD N, (2.44)
k=11=1 kil

the gradient of the inverse input w.r.t. any given eigenvalue )‘Z,llv Qiny/ (9)\2?1, could be

obtained by combining (2.39-2.41) with (2.42-2.44),

Oiny (t) 8€(t) ons (t) oy, (t) 8y(r) (t)
- M M, M, M, : 2.4
oy, eaam T ey T g T o, (2.45)
where
LA OH (1)
A&(t_T)B £ Y f _ '
O8(t) _ /tm,ie ¢ 3>\Z?l§(7) " ON dr, fort € S = [tmi, tm.sl;
ONZY
0, otherwise,
(2.46)
OH¢ 9¢(1) alQ)
0y(e) _ | o, Hegrg, + Begagy Tort € Sm =l tnu) (2.47)
N, .

0, otherwise,
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Ons(t) _ /t A (t=7)
te

N, s N N,

(r)
4, %0) | p oy <T>] o

Onu(t) _ / ) 2,20 | Buay(ﬂ(r) dr, with
N, . SO 0N (2.48)
OH; . OH¢ |
—d 0,0,... K 0,...,0
N, g([ N D
8H§,k _ | 8hk71 _ 8hk72 8hk Yltk,ry
0N ONL oA Ny |

Egs. (2.45-2.48) show that to compute the derivative of the inverse input w.r.t. a given
eigenvalue, the only unknown term is the derivative of the inverse input to the given

eigenvalue, 0v(t) /O] By Eq. (2.25), 0v(t)/OA}) is given by

AT
W) _ o pr |00 L ATt 500G (Tn)
v =Ry Be | ——5on 9 (Tw) +e7em™I Y ——— =2 L(tmiy tim, )
N, v e oA, N,
~ _ 8 A{(tm’f—tmyi)
+Rng§eAg“m’f DG—(T,n) x _e—mfdt'r(tm,i) ,
oA,
with
oG 1 (Trn) 1 0G(Tm) 1
e = =G (T ),
N, g )aAzj, G~ (Tm)
9G(Tom) /T’” deAe(Tm—1) T(Ton 1)
= —————DB¢R;'Ble AL Tn=) g
N, 0 N, €
+/Tm Ae(Tm—) B, Ry lBTL e T)dr.
0 oA,
(2.49)

Examining the above (2.49) reveals that finding Ou;pn, /A", amounts to computing the
derivative of A€+t w.r.t. Ak To that end, we consider the similarity transform Ag,k =

PyApP7', and hence,

delert QP de
N, ax;nkl W+ By o (2:50)

Once the gradient of the inverse input w.r.t. the eigenvalues is obtained, we pro-
pose to obtain the optimal vector of eigenvalues that meet Objective O3 by using the
improved conjugate gradient method in [33]: for a given cost function J (V) and its

gradient g(Vy), i.e

TV T (V) 0T (W) 1"
) U I ) U

g(WVy) £
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with
0T(Vy) [TV 0T (V) aTWy) 17
Mom  [OVam(1) OWVam(2) 7 OVam(N)

The optimal eigenvalue vector, V5, is obtained via the following iterative process,
Vit = VE 4 audy, (2.51)

with

— g for k=1,
d; = (2.52)

— 8 + Brdi—1 for k > 2,
where g;, £ g(V}), ay is the step length, obtained by one dimensional search such that

the following Condition 2 (specified immediately below) is satisfied, and S is a scaler

chosen as
—Be it gt < =R,
Br = PRt PR < pIR (2.53)
Ot BT > BT,
where

B = llgell®/llge-1lI*, and (2.54)

BER = (g, g1 — gr_1)/llge_1]% (2.55)

with (g, g;) = g-,g - g; the inner product of g; and g;.

It has been shown in [33] that the vector of the optimal eigenvalues that reaches the
global minimal of J*(V,), can be obtained via the above iteration process provided
that the following two conditions are satisfied:

Condition 1: For any given two sets of eigenvalues, Vy,, V. € D (given by (2.29, 2.32)),
there exists a positive constant L > 0, such that the gradient of the cost function [J (V)

in (2.31) satisfies the following Lipschitz condition,
IgWx.) = gWMa)ll < LIV, = Vall, (2.56)

for any V,,, V. € D.

Condition 2: At each iteration step k, the steplength «j can be chosen such that
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either one of the following two conditions is satisfied: (1) the Wolfe condition,

j(Vf + akdk) < j(Vﬁf) + U1ak<gk, dk>, (2.57)

(g(VX + axdy), di) > o2(gy, di), (2.58)

for any 0 < 01 < 02 < 0.5;

or (2) the ideal line search condition,
T (V§ + axdy) < T(V3 + dgdy), (2.59)

where dy, is the smallest positive stationary point of the function ¢y (a) £ J (V5 +ady),
i.e., the smallest positive a satisfying doy(a)/da = 0.

Note that the improved conjugate gradient method does not require that the cost func-
tion to be convex, [33], as usually needed in other optimization methods. Next, we show
that the cost function [J(V,) satisfies the above two conditions. First, the existence of
oy, that satisfies the Wolfe Condition in (2.57, 2.58) or the ideal line search condition in
(2.59), by [33, 47], is guaranteed by the continuously differentiability and boundedness
of the cost function J(V)), and the existence of the local and global minima of the
cost function J(V)), respectively-Condition 2—can always hold by adjusting the step
length «y during the search process. As «y is the only parameter to be determined
in Condition 2, one dimensional search method, such as the bi-section method or the
golden-section method [48], can be utilized to find such an «ay. The following Lemma

shows that Condition 1 also holds.

Lemma 7. For the inverse inputl win,(t) given by (2.16) and the the desired transition
trajectory given by (2.27), the gradient of the cost function J(Vy) w.r.t V\ satisfies

Condition 1 for any V) € D.

Proof. The proof amounts to showing that the partial derivative of 7 (Vy), T (Vx)/OVxm(v)
(as in (2.36)), is continuous and bounded w.r.t. any given eigenvalue V) ,,(v). First,

by (2.36), the continuity of 0 (Vy)/0Vm(v) follows by the continuity of w;n,(t) and
Oiny(t)/OVam (V) I Vi (v).

Next, we show that 07 (Vx)/0Vam(v) is bounded. Note that the inverse input wn,(t)
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is bounded. As —C' < V) ,(v) for some finite C' > 0, and the transition time T, is
limited, thereby eAet is bounded and ~v(t), &(t), y"(t), are all bounded (by Egs. (2.25),
(2.20) and (2.27), respectively). Thus, it remains to show that Ouin,(t)/0Vrm(v) is

bounded. Since

X n gn—i_ 0A¢  zic1
AL /n! B HZi:l Ag 6VA,m§(v)A§ . o oy
Mm() || n! ~ (n—-1)V
where o1 = HA£||O’7 o9 = |]8A5/8V,\7m(v)||a, and ||A||, denotes the maximal singular

value of A,

O+ Agt + A2 )2+ -+ Ayt nl + ..

Haeﬁst /avm(v)HU -

8VA7m('I})
DAct 0A%? QAL /)

= + bt +

WVam(v)  WVam(v) OV m(v)

o2oot? o Loyt

< t 2 1 AT S T
< o9t + o109t + 5 (n—1) +
= €Ult02t,

is bounded at any finite ¢ and thereby, by (2.49), 0v(t)/0Vx m(v) is bounded also. Thus,
the boundedness of the derivative 0.7 (Vy)/0Vx m(v) follows by that of Ou; iny(t)/OVam(v)
(by (2.45, 2.48)). This completes the proof. O

We summarize below the algorithm [33, 49] to obtain the optimal desired output

that meets Objective Os:

Algorithm 1 Input-output Engery Minimization

For the given cost function J (V) in Eq. (31). The conjugate gradient method is
presented as following.

Step 1. Initialization: At k = 1, choose an initial point V)l\, so that g; # 0, then set
d; = —gy;

Step 2. Compute an «j > 0 that satisfies Condition 2 utilizing bi-section method;
Step 3. Let V];H = V¥ +aydy. If |g,, 1| > € (the chosen computation error threshold),
compute [ by Eq. (58) and then update dy, by dxi1 = frdi — g Let k:=k+1, go
to Step 2. If (g, 1| < &, stop.
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2.3.3 Objective O4: Optimal Transition Trajectory with Minimization

of Transition Time

Once Objective O3 is satisfied, we further minimize the transition time for a given
weighting matrix Hy, under the condition that the obtained inverse input amplitude
stays within the given threshold value. Such a time minimization for each transition
can be obtained by one dimensional search method, for example, the multi-dimensional
bi-section method, the golden-section method, or the Fibonacci method [48].

We realize that in the proposed approach, Objective O3 is achieved with the transition
time 717, fixed, thereby, might be compromised by the above time optimization process.
Such an issue can be alleviated through an iteration process, by repeating the above two
optimization steps, until the transition time cannot be reduced further (i.e., the change
of the transition time is small enough). This iteration process leads to a sub-optimal

minimal time solution that is optimal in the sense of Objectives O1-Os.

2.4 Simulation Example

We demonstrate the proposed approach through a simulation example of non-periodic
tracking-transition in nanomanipulation applications. As the design of the optimal
transition trajectory that achieves Objectives O; and 02 and its tracking have been
demonstrated in [9], central to the simulation is to illustrate that in addition to Ob-
jectives O and Q2. Objectives O3 and O4 can also be achieved by using the proposed

approach.

2.4.1 Simulation Model

Probe-based nanomanipulation (PBM) [9] provides an ideal scenario for applying the
proposed approach where non-periodic tracking-transition switching is involved in the
operation with one complete operation consisting of precision tracking of a given desired
trajectory to perform trajectory dependent tasks (e.g., to push a nanotube to a specific

location)—the tracking section, and swift repositioning the probe to the desired locations
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(e.g., to relocate the probe close to the nanotube where the next operation takes place)—
the transition section. In the simulation, the following piezoelectric actuator model for
nanomanipulation operation as in [9] was considered:

4

6
G(s) = K H(s — Zq) H(S —Pr)s (2.60)
r=1

g=1

with the Laplace transform variable s in rad/ms, and

K, = 29.28,
2q = 9.274 + 41.659i, —2.484 + 30.434i,

pr = —0.188 £ 31.326¢, —0.857 £ 24.5707, —20.263, —15.198.

2.4.2 Implementation of the Proposed Approach

Without loss of generality, we consider that the entire operation consists of three track-
ing sessions and four transition sessions in alternation (see Fig. 1). First, the candidate
transition trajectories that meet Objectives O; and Oy were obtained by using the
OTTDT technique [9], as summarized in Sec. 2.3.1. Then the optimal desired trajec-
tory that meets Objectives O1—0O3 was obtained by following the steps described in
Sec. 3.2. Finally, the transition time was further minimized for the obtained optimal
transition trajectory (Objective Oy), with comparison to the solution obtained by using
the OTTDT technique. When converting the constrained minimization problem (see
(2.9)) to the unconstrained one (see (2.31)), the coefficient ¢ = 100 in the cost function
J (V) was chosen through a few tests so that it is sufficiently large to guarantee the
equivalence of the unconstrained cost function in Lemma 5.

Next, the set of optimal eigenvalues for each transition session in the effective preview
time was obtained. For the relative degree of two in system (2.60), a total of 8 eigen-
values were to be determined. The threshold of the input was set at M, = 5, and
the length of the transition sessions, S1, S2, S3, Sy (see Fig. 2(a)), were initially set
at {T,,} = {1.20, 1.20, 1.20, 0.60} ms according to the average speed of the adjacent
desired trajectories. To determine the domain D over which the optimal eigenval-

ues to be searched, we noted that as the optimal solution for Objectives O; and O,
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Figure 2.2: The comparison of the proposed multi-objective optimal method and the
OTTDT method before the minimization of the time intervals.

v*(t), was symmetrical w.r.t each eigenvalue of the stabilized state matrix of the out-
put subdynamics A, so were wjn,(t) and J(Vy), the range of the eigenvalues could be
determined by one dimensional search method by choosing a large enough upper bound
for the input amplitude during the search. The search range of the eigenvalues for each
transition Sy, So, S3, S4 were chosen as, respectively, D1 = [—19,0] x [-19,0], Ds =
[—18,0] x [-18,0], D3 = [-15,0] x [-15,0], D4 = [—42,0] x [—42,0].

2.4.3 Simulation Results and Discussion

The optimal set of eigenvalues and the corresponding minimal transition time intervals

were at:
Si: Va1 =[-817, —819], Sy: Vyo=[-7.65, —T7.56],
S3: Va3 =[-T7.04, —6.94], Sy: Vy4=[-6.30, —6.69],
{T;} ={0.22, 0.30, 0.25, 0.14}.

The transition trajectories and the corresponding inputs obtained by using the pro-
posed method are compared with those obtained by using the OTTDT technique (with
Hej, = [31.62 32.61] for each transition session) in Fig. 2 for the initial choice of tran-
sition times (i.e., without minimizing the transition time). The minimized transition

time intervals obtained above were employed in the OTTDT technique [9], and the

obtained entire output trajectory and the corresponding input are compared to those
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Figure 2.3: The comparison of the proposed multi-objective optimal method and the
OTTDT method after the minimization of the time intervals.

obtained by using the proposed method in Fig. 3, and the input differences between
these two methods are compared in Fig. 3(e).

The simulation results with the fixed (not minimized) transition periods clearly showed
the improvements of the proposed approach over the OTTDT technique in minimizing
the input-energy under amplitude constraint. As shown in Fig. 2, although smooth
transition output trajectories were obtained by using both methods, the input ob-
tained by using the OTTDT method exceeded the threshold value of 5, with the in-
put energy over 53.3% larger than that by using the proposed approach (Compared
Fig. 2(b) to Fig. 2(d)). We note that the output obtained by the proposed approach
varied in transition periods So and S3 (Compared Fig. 2(a) to Fig. 2(c)), however,
no large input oscillations occurred and the output was still smooth. Such an out-
put energy and input energy minimization trade-off can be easily achieved by using
the proposed approach. Therefore, the proposed approach provided an effective mean
to the amplitude-constrained input-energy minimization in optimal output design and

tracking in non-periodic tracking-transition switching.
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The advantage of the proposed approach are further demonstrated via additional tran-
sition time minimization. With the minimized transition periods, the control input
obtained by using the proposed approach still stayed within the threshold value at 5
(see Fig. 3(b)), whereas the input obtained by using the OTTDT technique violated the
amplitude constraint at even more places, with larger oscillations (Compared Fig. 3(b)
to Fig. 3(d)), and thereby, larger energy (15.9% higher) than that by the proposed ap-
proach. We further note that the similarity of the output in contrast to the significant
input difference (see Fig. 3 (d)) manifested the efficacy of the proposed approach in
achieving multi-objective input-output optimization for non-periodic tracking transi-
tion switching. The proposed approach can be further enhanced for robustness in the
presence of system dynamics variation and disturbances and online numerical compu-
tation efficiency. These robustness and computation related issues will be addressed in

future work.

2.5 Conclusion

In this chapter, a multi-objective optimization technique to trajectory design and track-
ing with non-periodic tracking-transition switching is proposed for non-minimum phase
systems. The proposed approach extended the previous work on trajectory design
and tracking of non-periodic tracking-transition switching to further minimize the in-
put energy under amplitude constraint and then the transition time. It is shown that
the amplitude-constrained input-energy minimization problem can be converted to an
unconstrained one. Then the optimal parameters in designing the transition output tra-
jectory were sought through an improved conjugate gradient method, and the minimal

transition time was further obtained via one dimensional search.
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Chapter 3

On Superposition of Hammerstein Systems: Application
to Simultaneous Hysteresis-Dynamics

Compensation—Piezoelectric Actuator Experiment

Abstract

Superposition principle (SP)—the response (output) of a linear system to a weighted
combination of inputs equals to the same weighted combination of the outputs each
corresponding to the individual inputs, respectively—is one of the most fundamental
properties of linear systems, and has been exploited for controls, for example, in the
development of model predictive control. Extension of the SP beyond linear systems,
however, is largely limited. In this chapter, the almost superposition of Hammerstein
systems (ASHS) and its application to precision control of hysteresis-Hammerstein sys-
tems is studied. We first show, under some minor conditions, the existence of a non-
strict form ASHS, and under one further condition, the strict-form ASHS. We then
present one application of the ASHS—simultaneous hysteresis and dynamics compen-
sation in output-tracking of hysteresis-Hammerstein systems, where offline tracking of
output elements based on iterative learning control is integrated with online input syn-
thesis based on an inverse Preisach modeling. The proposed ASHS-based technique is
further enhanced through two online optimization schemes. The proposed technique is

demonstrated through experiments on a piezoelectric actuator.

3.1 Introduction

Superposition principle (SP), where the response (output) of a system to a linear com-

bination of inputs equals to the same linear combination of the responses (outputs)
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each corresponding to the individual inputs, respectively, is one of the most funda-
mental properties of linear systems (e.g., [50]). The superposition principle not only
significantly simplifies the analysis of linear systems, but also finds important applica-
tions in control areas [51, 3, 26]. Extending the SP beyond linear systems, however,
is rather limited, and nonlinear superposition principle (NSP) has only been shown
for specific types of nonlinear systems [52]. Contrary to its importance in physics to
study, for example, the supersymmetric quantum mechanics [53], NSP has rather lim-
ited implementation in controls. However, SP provides a natural and conceptually
straightforward avenue to exploit a priori offline learning for online tracking. These
challenges and needs motivate this work to study the almost superposition of hysteresis
systems (ASHS) and its application to the control of smart actuators.

SP plays an important role in controls in both theoretical and applicational perspectives.
For example, the superposition principle is central to modeling multi-input-multi-output
systems when implementing the model predictive control (MPC) in industries such as
petroleum factories and chemical plants [54, 51|, where system modeling constitutes
the major cost of the MPC implementation [54, 51]. Beyond modeling, recently, the
superposition principle has also been explored for precision tracking/regulation in ad-
vanced manufacturing applications beyond repetitive tasks [3, 55]. The idea of exploit-
ing the advantages of iterative learning control (e.g., high performance, good robustness
against system variations, and ease of implementation) beyond repetitive operations has
been extended to general output-tracking of online-specified, partially-known (i.e., pre-
viewed) desired trajectory for linear systems [26, 34]. Nonlinear superposition principle,
however, is only known for the so called Lie dynamic systems [52], where the general
response of the system can be given by a known function (e.g., a rational function) of
a few specific responses. Contrary to its impact on the analysis of these systems (e.g.,
stability) [56, 57], the NSP has limited use in tracking/regulation of nonlinear systems.
Particularly, the input-output behavior of hysteresis systems does not admit the form
of Lie dynamic systems, but that of Hammerstein systems instead—a static nonlinear
operator followed by a linear dynamics [19]. Thus, study of the superposition principle

of Hammerstein systems is needed to, for example, compensate for both hysteresis and
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dynamics in the control of these systems.

Currently, simultaneous hysteresis and dynamics compensation still remains challenging
in the control of hysteresis systems. For example, the Preisach model has been explored
in a feedforward-feedback control manner [58]. The Preisach-based feedforward con-
troller, however, is complicated to implement. Instead of finding the Preisach model
then inverting it, it has been proposed to directly use the inverse Preisach model in
the controller design [11, 12], or update the inverse of Preisach model adaptively [13].
These techniques, however, are limited to compensating for hysteresis in the quasi-
static case—accounting for both dynamics and hysteresis effects was not adequately
addressed. Alternatively, it has been proposed to modify the inverse Preisach model
to account for the rate-dependent hysteresis effect (i.e., the combined hysteresis and
dynamics effects) [14]. However, the compensation of the dynamics effect is rather
constrained as only a few excitation frequencies are considered [14]. To improve the dy-
namics compensation, techniques based on an extension of neural network [15, 16] and
the inverse rate-dependent Prandtl-Ishlinskii (PI) model [17] have also been proposed.
These existing approaches, however, require a complicated modeling process—which
is prone to modeling errors and heavy online computations. Also, the performance-
robustness trade-off involved in these approaches may not be efficient in accounting
for the usually quasi-static uncertainty/variation in hysteresis systems such as smart
actuators. These robustness and complexity (in both modeling and control) related
issues can be largely alleviated through the iterative learning control (ILC) framework
[18, 19], as the high tracking performance obtained via the ILC-based techniques can
be maintained against model uncertainties and/or system variations through a couple
of iterations. Therefore, the superposition principle of hysteresis systems can serve as
a bridge to extend ILC techniques for more general non-repetitive tracking/regulation.
The main contribution of this work is the development of the ASHS. First, we show that
for Hammerstein operators satisfying a Lipschitz condition, a non-strict form ASHS ex-
ists, where the difference between a linear combination of outputs and the output to
the linear combination of the corresponding inputs can be rendered arbitrarily small,

provided that there are sufficiently large number of inputs (or outputs) satisfying some
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minor conditions, and the coefficients of the output combination and the input com-
bination are allowed to be different. Under one further nonlinearity condition of the
Hammerstein operator, the strict-form ASHS also holds, where the coefficients of the
input combination and the output combination are the same. The ASHS can not only
be a powerful tool for the analysis of Hammerstein systems, but also be exploited for
control of these systems. As an example, we present, in this work, its use in simul-
taneous hysteresis-dynamics compensation in preview-based precision output tracking,
where online output decomposition (via uniform B-splines) and input synthesis (via an
inverse Preisach modeling) is integrated with a priori off-line ILC-based learning of the
input-output elements mapping. In this approach, the ASHS provides the foundation
to exploit offline, a priori learning for online tracking/regulation, thereby, decoupling
“training” from “execution” in output tracking. Such a decoupling might be an effective
avenue to alleviate complexities and challenges in modeling and control of Hammerstein
systems [26, 34]. The efficacy of the proposed approach is demonstrated through ex-

periments on a piezoelectric actuator.

3.2 Superposition Principle of Hammerstein Systems

3.2.1 Problem Formulation

We consider a Hammerstein system consisting of a rate-independent Hammerstein op-
erator H[-] followed by a linear dynamics, where the static Hammerstein operator,
H[-] : R — R, given by

v(t) = Hu(b)) (3.1)

satisfies the following assumption:

Assumption 8. The Hammerstein operator H|-| is bounded input, bounded output(BIBO)
stable and bi-Lipschitz, i.e, for any given continuous input u(t), there exists a constant

Ly, € ®F such that for any given two time instants tq, ts,

Llh\U(tl) —u(t)| <fo(tr) —v(t2)] < Lafu(t) — u(tz)]. (3.2)
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Without much restriction, we further assume that the output trajectories are all

Lipschitz continuous:

Assumption 9. The output trajectories vg(-)s to be tracked by system (3.1) are com-
pactly supported, and belong to the set of Lipschitz continuous functions, V, i.e, for any
va(:) € V, there exists a Lipschitz constant L, € Rt such that for any given two time

mstants t1, to,

|’Ud(t1) — Ud(t2)| S Lv|t1 — t2|. (3.3)
The above two assumptions imply that the input of system (3.1) is also Lipschitz:

Lemma 10. For any given Hammerstein system (3.1), let Assumption 8 hold, then
for any given output v(t) satisfying Assumption 9, the corresponding input u(t) is also

Lipschitz, and the Lipschitz constant L, equals to LyL,,.

Towards the superposition of Hammerstein systems, we consider the input elements
u;(t)s corresponding to those outputs in set V, i.e., H[u;(t)] € V, are from a set Upy,
Un = {ui(D)] Hlu; ()] €V, i=0, 1,..., M,

(3.4)
M € N (N : Set of natural numbers)},

and satisfies the following assumption:

Assumption 11. The input elements u;(t)s € Ups are smooth and compactly supported.
Moreover, for any given M > 2, M € N and any 2 < N < M, N € N, the following

set of distinct time instants

Srv &{t;] (j — DT /N <t; <jT/N, 35)

T € R, satisfies the condition that for any two different time instants t,,, t, € St N,
m # n, the set of input elements that are non-zero at t,, is different from that at t,,
i.e., for any two time instants ty,, t, € ST N, Om NOS # 0 and OF, N O, # 0, where
set ©; is defined as ©; = {u;j(t)| uj(t;) # 0, uj(t) € Upns}, and OF is the complement

set of set O.
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The set of output elements each corresponding to those inputs in Uy, respectively,
is denoted as V).
In control applications, Assumption 11 can be satisfied through the design of the inputs
set Uyy, for example, by constructing Uy, as a set of compact-supported spline function

(e.g. B-splines) and its time-shifting copies.

3.2.2 Non-strict Almost Superposition of Hammerstein Systems

Definition 12. Non-strict Almost Superposition of Hammerstein Systems
(Non-strict ASHS) Let Assumptions 8, 9, and 11 be satisfied, then the Non-strict
ASHS is to, for any given € > 0 and any given finite summation of M distinct number

of output elements from set Vy, v4(t), defined in a compact domain [0, T, T € R,

M
va(t) £ gev(t), t €0, T, vk(t) € YV, (3.6)
k=1

obtain a finite number M* € N and a sequence of coefficients p,; = [p1, p2,..., pu|’

)

such that for the following finite summation of the corresponding input elements u(-)s €

U, u(t),

M
k=1
almost superposition (AS) holds for any M > M* in the sense that
lew(l 2oz = lua(t) —ut)lleer <€ (3.8)

holds, where in Eqs. (3.6-3.8), gis, prs € R are constants, ug(-) is the exact-tracking
input for the summed output vy(-), ie., |[va(t) — Hug(t)]llzor = 0, and [[f()|lcor

denotes the L norm of f(-) restricted to a finite time interval [0, T}, T' < oc.
Lemma 13. Let the conditions given in Definition 12 be satisfied, then

e For any given M > N and time T € R, there exists a set of time instants St n,
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such that rank(U.) = N, where

ul(tl) ’U,Q(tl) - ’U,M(tl)
_— ui(ta) wa(ta) ... wup(ta) (3.9)
ul(tN) ’U,Q(tN) . uM(tN)

NxM

o For any given € > 0, the constant M™* for which the Non-strict ASHS holds is
given by
M* £ [2T L, L, /€], (3.10)

where [x] denotes the ceiling function (i.e., the smallest integer larger than x),

and Ly and L, are as given in Eq. (3.2, 3.3), respectively;

e And the corresponding vector of coefficients py, is given by an equivalent class
defined as
{Uduq + p| p € Null(U,)}, (3.11)

where ug = [ug(t1), ua(tz),..., ug(tn)]", X9 denotes the Moore-Penrose pseu-

doinverse of matriz X, and Null(U.) denotes the null space of the matriz U,.

Proof. First, we show that rank(U.) = N. Assumption 11 implies there exists a finite
set of N < M number of time instants in St y, such that the matrix U, has full row
rank, i.e., rank(U.) = N.

To show the second and third statements, matching the linear combination of the input

elements and the desired input uq(t) at the time instants Sy n yields
M
u(ty) = pruk(ty) = ua(ty), (3.12)
k=1
which can be rewritten in matrix form as
UePy = Ud, (3.13)

where U, is given by Eq. (3.9). The above Eq. (3.13) implies that the non-trivial solution
of p,s falls into an equivalent class determined by the null space of U, and a special

solution depending on uy.



40

As the maximal time interval between two successive time instants in set Sty is given
by 0tmax = max;—1,2,. N—1(tj+1—t;) < 2T/N, and the input and the summation of the
input elements are all Lipschitz with Lipschitz constant Ly L, for any given € > 0, the
superposition error can be rendered to be below € by selecting N > N* £ [2TLj, L, /€],

and thereby, M > M*, such that
ot < €/(LpLy).

As N < M, M* = N*, and the corresponding vector of coefficients p,, is as given by

Eq. (3.11). This completes the proof. O

3.2.3 Strict Almost Superposition of Hammerstein Systems

As clearly the strict almost superposition of Hammerstein systems holds when the

Hammerstein operator HJ[-] is linear, it is further assumed that

Assumption 14. The Hammerstein operator H[-| is nonlinear almost everywhere, i.e.,
m(H[z] = rz) = 0 for any given x € R, and any r € R (m(Z): the Lebesgue measure
of any measurable set Z C R). Moreover, v(t) = Hlu(t)] = 0 if and only if u(t) =0 for

any t € R.
With this Assumption, the Lemma below can be easily verified.

Lemma 15. Let Assumptions 8, 11, and 14 hold, then the properties of the inputs as

stated in Assumption 11 also hold for the corresponding output elements.

Definition 16. Strict Almost Superposition of Hammerstein Systems (Strict-
ASHS) Let Assumptions 8, 9, 11, and 14 be satisfied, then the Strict-ASHS is to, for
any given € > 0, and any given set of distinct output elements from V,; with M > M*,
obtain a finite M* € N and a sequence of coefficients g,; = [g1,92,...,9:m] ", such
that the linear superposition holds in the above AS sense for any M > M™ between
the following finite summation of output elements, vg(t), defined in a compact domain

[0, T], T € R,

M
va(t) £ groi(t), t € [0, T], vi(t) € Var, (3.14)
P
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and the corresponding summation of the respective input elements ug(-)s € Uns, u(t),
M
u(t) =Y gruk(t), teo, T). (3.15)
k=1
Lemma 17. Let the conditions in Definition 16 hold, then

e For any given M € N, there exists a finite set of N number of time instants St n,

such that rank(W,) = 2N for 2N < M, where

We=[V."U", with (3.16)
’Ul(tl) 'I)Q(tl) - ’UM(tl)
. vi(ta) walte) ... wva(te) (3.17)
Ul(tN) 'UQ(tN) - ’UM(tN) Nl
and
ul(tl) ’U,Q(tl) - ’U,M(tl)
U — ’u,l(tg) UQ(tQ) . ’U,M(tg) ) (3.18)
ul(tN) ’LLQ(tN) - uM(tN) Nl

e For any given € > 0, the constant M* for which the Strict-ASHS holds is given by
M* £ [AT L, L, /€], (3.19)
where Ly, and L, are given in Eq. (3.2, 3.3), respectively;

e The corresponding vector of coefficients g, s given by an equivalent class defined
as

{Welvg ug]'" + gl g€ Null(We)}, (3.20)

where vy = [va(t1), va(ta), ..., va(tn)]", and wg = [ua(tr), wa(ta), ..., wa(ty)]".
Proof. First, we show that there exists a finite set of N number of time instants St n,
such that rank(W,") = 2N for any given 2N < M. Assumption 11 implies that the

matrix U, has full row rank, i.e., rank(U.) = N, and, consequently, by Lemma 15,

rank(Ve) = N. Moreover, by Assumption 14, any row in matrix Vg, V. ;, for j =
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1, 2,..., N, is linearly independent with the corresponding row in matrix U,, U, j, and
linearly independent with all other rows of matrix U,., as each row in matrix V,, V. ;,
for j =1, 2,..., N, has zero elements at locations where any other row of matrix U,
Ue; for i # j is not zero. Therefore, rank(W,) = 2N.

To show the second and third statements, matching the linear combination of the input

elements and the desired input v(¢) at the time instants St,N gives

M
valty) =Y grvr(ty), (3.21)
k=1

and the matching of corresponding outputs yields,

M

ul(ty) = gruk(ty) = ua(ty). (3.22)

k=1

Representing the above Egs. (3.21, 3.22) in a matrix form yields
W gnr = [va gl (3.23)

where W, is given in Eq. (3.16). The above Eq. (3.23) implies that the non-trivial
solution of g,, falls into an equivalent class determined by the null space of W, and a
special solution depending on [v;lr u;—]T.

The rest of the proof is similar to the counterpart in Lemma 13, and thereby omitted

to save the space. This completes the proof. O

3.3 A Realization of ASHS to Hysteresis Systems

Next, we present a realization and implementation of the ASHS for hysteresis systems—
one type of Hammerstein systems with wide applications, where the input-output map-

ping of the hysteresis operator H[-| in
o(t) = Hu(t)], (3.24)

satisfies Assumptions 8, 14, and furthermore, can be described by a Preisach model
[59]. Particularly, the proposed approach below exploits uniform B-splines for output
decomposition and an inverse Preisach modeling for input synthesis. With output

tracking in mind, we assume that
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Assumption 18. The output trajectory vy(t) is smooth enough, and at any given time
instant t., the future desired trajectory is known (i.e. previewed) for a finite amount of

preview time T, < oo.

The previewed desired output trajectory is then decomposed/approximated as

M
va(t) = Y grve(t), (3.25)
k=1

with the approximation error small enough (with respect to the desired tracking pre-
cision). Provided that the conditions in the Non-strict ASHS are satisfied, the corre-

sponding control input can then be synthesized as

M M
ug(t) =Y prun(t) = Y higrur(t), (3.26)
k=1 k=1

when the number of input elements u(t)s are large enough, and furthermore, provided
Assumption 14 is satisfied, pr = gg, i-e., hix = 1. We seek to obtain hgs analytically
based on an inverse Preisach model. We start with the construction of the library of

input-output elements, L, based on uniform B-splines.

3.3.1 Uniform B-spline-based Library for Trajectory Decomposition

The main advantage of using uniform B-splines for trajectory decomposition is that
only a few types of output elements are needed for the decomposition [26]—in offline
learning, tracking of only a few different output elements needs to be obtained. As
hysteresis effect is range-dependent, it is beneficial to employ output elements of differ-
ent amplitudes in the decomposition—to exploit the input-output mapping for hysteresis
compensation. Thus, we propose a library of nestle structure where the main library £

consists of sub-libraries Lf; each containing output elements of the same amplitude:
Ly = {L‘H,la ,CHQ, ey EH,NH}u with (3.27)

ﬁH,’L == {(Ue,k('77-i)7 ue,k(HTi))‘ k= 17 27 ey N6}7 (328)

where v, (-, 7;)s are output elements of amplitude 7; € [Tiin, Tmax), and Ng, Ne are the

number of total sub-libraries (i.e., number of output amplitude levels) and the number
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of total elements in each sub-library, respectively. Without loss of generality, the output
range of 7;8, [Tmin, Tmax], are uniformly discretized into Ny levels, with the step length
AT given as

AT = (Tmax — Tmin)/ (N — 1). (3.29)

The output elements v, (-, 7;)s satisfying Assumption 9 are homogeneous with respect
to 7;, i.e.,

Ve (t, i) = Tile(t), for k=1, 2,..., N, (3.30)

where 0, (t)s, with no loss of generality, are the output elements at a pre-chosen ampli-
tude (called the base output elements below), and w. i (t, 7;)s € R are the exact-tracking

input elements corresponding to v, (¢, 74)s.

B-spline-based Library Construction Without loss of generality, we present
the construction of the base output element ¥ x(t) via B-splines only (the output ele-

ments of any given sub-library Ly ; are specified via Eq. (3.30) accordingly),

'[}e,k(t) = Bk,s(t)v (331)

where By, 4(t) is one of the sth-degree B-spline basic functions obtained recursively via

t—t

Bkys(t) :t — ¢ Bk,sfl(t)
k+s+1 —
+ B (t),
Uts+1 = thy1

where

t, = kAT (3.33)
is the decomposition knots, with AT = T},/m the knot period. Initially,

]-7 tk‘ <t< tk-i—l;

Bio =

0, otherwise,

fork=-s+1, —s+2,..., m+s—1, and m is the total number of the decomposition

intervals in [t.,t. + T},]. The decomposition coefficients gis can be obtained through a
linear quadratic programming scheme [22] [60]. Moreover, the uniform B-splines and

the corresponding inputs satisfy Assumptions 9, 11.
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Note that usually in the decomposition, truncation of the B-splines are usually needed
to match the beginning and the end portions of the trajectory to be decomposed, i.e.,
the output elements in sub-library L, in Eq. (3.28) consists of one uniform B-spline
and other truncated ones that are extended and smoothly transited to zero (so that
exact tracking of the truncated ones exists and can be obtained a priori via ILC) [26].
However, as shown in [61], such a truncation can be avoided by shifting the decomposi-
tion instants and redefining the decomposition coefficients gis. Thus, each sub-library
L, consists of only one element (N, =1 in Eq. (3.28)). This is attractive in practices
when output elements of different amplitudes are used.

As there is only one element in each sub-library, we simplify, in the rest of the chap-
ter, the notation of input-output element, v, x(t, 7;) and wr(t, 7;), as ve(t, 7;) and

ue(t, 7;), respectively.

3.3.2 Superposition of Hysteresis Systems via an Inverse Preisach

Model
Preisach Model and Its Inverse[59] [12]

Next, we propose an inverse hysteresis model based on the Preisach modeling approach.
The output of the Preisach model is represented by the integral of the hysteresis operator

over the interesting range, i.e.,

o) = [ /S 0, B)Aaplu(t)]dad, (3.34)

where p(a, ) is the weighting function of the Preisach model, which could be deter-
mined experimentally, vog[u(t)] is the Preisach hysteresis operator shown in Fig. (3.1a)

and the region S is defined by

SE{(a.8):a> B, acl-an, ad,
(3.35)

B € [Bo, — Bol,for ag € RT, By € R},
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Figure 3.1: a. The hysteresis operator; b The hysteresis curve.

Observing from the Preisach plane shown in Fig. (3.1b), the above Eq. (3.34) can be
transformed as

o(t) = 2 / / (e, B)dadp — C, (3.36)

S+

where S denotes the region upon which the values of hysteresis operator 4,45 is 1, C' =
[[fs (e, B)dadp is a constant. Note that S; = 37— (—1)S,,, where Sp, represents
the region encircled by the vertical and horizontal line pass the vertex p;, p;d, p; f, and
the straight line @¢ defined by o = . Thus, the output of the hysteresis operator can

be written as

o—1
u(t) = Z(_l)zf(apmﬁpi) -G, (3.37)
i=0
where p;, © = 0, 1,..., o — 1 are the vertexes corresponding to the remaining past

local maxima and minima, p, is the vertex corresponding to the current input with

o

ap, = u(t) when o is even and 3, = u(t) when o is odd, and the function f(,-) is
defined as

F (g Bp) 2 / /S 2y, B)dadB, (3.38)
where [ay,, Bp,] are the coordinates of any pZint p; € S in the Preisach plane.

Next, the inverse Preisach model is established under the following assumption,

Assumption 19. The weighting function pu(c, B) of the Preisach model is positive, i.e.,

u(a, B) > 0.
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This assumption only requires the branch of any given hysteresis loop to be com-
posed by a monotone increasing or decreasing curve, which is satisfied in most applica-
tions. Under Assumption 1, the existence of the inverse of f(-,-) in both directions is

guaranteed. The inverse functions with respect to a and g are defined, respectively, as

Gi(a,y) 2 fHa )yl Ga(y,8) = (- B)lyl- (3.39)

Then the inverse Preisach model is represented below,
o—1 A
Gi(ap,,v(t) — > (=1)"'f(ap,, Bp;) + C), when o is even;

ur(t) = o—1 i (3.40)
Go(v(t) =Y (1) f(eps, Bpi) + C, Bp, ), When o is odd.

i

I
o

Il
o

The output of the above inverse Preisach model (3.40) serves as the reference input,
ug(t), in the proposed B-spline based decomposition process below—to be matched by

the synthesized input u(t) (see Eq. (3.7)).

Inverse-Preisach-Model-based Decomposition via Uniform B-splines

We use the 3rd-order B-splines as an example to present the proposed realization—
the same approach can be easily extended to other orders B-splines. To simplify the
implementation, we consider that, at any given decomposition instant, only one sub-

library is used,

M M
u(t) = pruc(t —tag, 7) = higrtie(t —tag, 7). (3.41)
k=0 k=0
Note that for the 3rd-order uniform B-splines,
uelk —jl=0, k—j#-1,0, 1, (3.42)

where uc[k] £ ue(kAT,7). Thus, at any given decomposition knot tyx = t. + kAT,
k=0, 1,..., M, only three output elements are involved (see Fig. 3.2). Then, in the
interval Tj, £ [tqk,tax + (AT], matching the summed (synthesized) input in Eq. (3.41)
with the inverse Preisach model based input u4(¢) in Eq. (3.40) at the decomposition
knots k, k+1,..., k+l—1,fork>1,1>2 k+1<M,and k € N, [ € N, yields

AH, =0y, (3.43)
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~Y

~Y

0 k-1 kk+l - ktl m

Figure 3.2: The B-spline decomposition and input synthesis process.

where
9k CqGk+1
Cp9k  Gk+1  CqYk+2
A= : (3.44)
Cp9k+1-3  Gk+1-2  CqGk+i-1
CpJk+1-2  Gk+i-1
T
H; = (hk hryr oo hpgi—o hk+l—1> ) (3.45)
and
Uglk] — hk—195—1¢p
ﬁd[k‘ + 1]
Uy = : , (3.46)
uglk +1—2]

Ualk +1— 1] — hg19k+i1¢q
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with 4g[k] = ualk]/ue[0], ualk] £ ua(tar), cp = ue[—1]/uc[0] and c; = ue[1]/ue[0]. Note
in Egs. (3.44, 3.46), 0 < ¢, < 1, 0 < ¢4 < 1 (as u[0] is the maxima of the input
element).

By Lemma 13, the coeflicient vector H; exists as the copies of time-shifting B-splines
satisfy Assumption 11, and the inverse Preisach model, the desired output vy(t), and
thereby, the inverse input uy(t) and the synthesized input u(t), by Assumptions 8 and
9, are all Lipschitz. However, as the first and the last elements in U,4; depend on the de-
composition coefficients hg—1 and hy4; that are both outside the decomposition period,
the exact solution of H; requires the entire desired trajectory to be known a priori—mot
feasible in preview-based tracking. Thus, we propose to obtain the compensation fac-
tors his successively via a moving horizon, and show that the truncation-caused error
can be rendered arbitrarily small by choosing a small enough knot period AT

As det A; = [T'_, Gigrriz1 with Gi =1 — ¢p¢,/Gi_q1 wheni =2, 3,..., land Gy =1,
grs and Gjs are all non-zero, det A; # 0, A; is invertible, the solution for the compen-

sation factor vector is readily given by
H =A'Uy,. (3.47)

In the proposed approach, only the first element of the matrix H;, hg, is computed, the
rest of the compensation factors, hy, for k =k+1, k+2,..., k+1—1 are computed in
a moving horizon manner, i.e., hy41 is obtained by moving the truncation horizon one
step forward (the horizon can always be moved in the preview window as 2IAT < T,

in practice). To find hy, obtain the first row of Al_1 as

s—1
_ s s— det ¢;11
(A, Dys= (=D cp ! Hglﬁ»iidetA: ; (3.48)
i=1
where ¢;41 = Aj(i+1:1,i+1:1), and
-1
det i1 = H Gj—iGr+j- (3.49)
j=i+1
and the first element in the matrix H; as
1 -1 (_1)(1+i)c;;1 ) '
hy = T(“d[k] — hg—19k-1¢p) + ; Uglk +1i—1]
9 i—2 9k Hk:l—i-H Gk
(3.50)
(_1)(1+l)cl—1
+ —p(ﬂd[k + l — 1] — thngcq).

1
9k Hk:l Gy
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The above Eq. (3.50) implies that the influence of the input element decays exponen-
tially as the coefficient ¢, € (0, 1), and thereby, can be truncated to [ step with arbitrary

precision by having a small enough knot period AT,

" (ualk] ~ )+ - e, [k +i—1] (3.51)
= — ud — k‘flgk‘flc Ud 1 — . .
9kGi ? i=2 9k Héc:lfiJrl Gr

Lemma 20. Let Assumption 18 hold, and at the k" decomposition knot, let the com-

hy,

pensation factor hy be obtained with [ step-truncation given by Eq. (3.51), then there
exists a lg € N such that for any given € > 0, the truncation-caused error |ex| < € for

any given | > ly.
The proof is omitted to save space.

Lemma 21. Let Assumption 18 hold, the decomposition knot period AT be given by
Eq. (3.33), and the element amplitude be discretized as in Eq. (3.29), then the input

superposition error e,(t) can be bounded as
lew(t)| < LpL AT, t € [te, te+ Tp). (3.52)

Based on the congruency property of the Preisach model [59], the number of output
elements in the decomposition-synthesis process (i.e., M* in Eq. (3.8)) for the Non-strict
ASHS to hold can be further quantified. The Lipschitz constants in Assumption 8 for

hysteresis system is range-dependent, i.e.,
Lh = Lh(X)7 (353)

where x is the displacement range of a hysteresis loop, i.e, x is the difference between

two consecutive local extremas of the output v(t).

Lemma 22. Let Assumptions 8, 9, 11 hold, for any given € > 0, and output trajectory
with finite number of local extremas at the time instants t. = t] < t5 < ... < t)y =
te + Ty, then there exists M > M* output elements vi(t), va(t),..., vam(t) and its
corresponding input elements ug(t)s, such that the Non-strict ASHS holds for system

(8.24) for any M > M*, where
N-1

M 223 (L)Ll — £)/e]
=1
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Proof. The Lemma can be shown by applying Lemma 13 to each monotonic session
of the input ug(t), and finding the corresponding M for any given € > 0 as given in
Eq. (3.10), and finally, adding the needed number of elements in each session together.

O

3.3.3 Optimization for Implementation

Two optimizations are proposed to enhance practical implementations of the proposed

ASHS for output tracking.

Optimization of the Compensation Factors

We first optimize the selection of the input-output elements to maximize the hysteresis
compensation at the element mapping level, i.e., we aim to select the input-output
element of optimal amplitude at which the compensation factor hr — 1 in Eq. (3.26).
Specifically, the optimal input/output amplitude factor, 7*, is obtained by minimizing

the superposition-caused input error with respect to 7 at the decomposition knots for

hy=1with k=-1, 0, ..., m+1,ie.,
2
m m+1
min J (1) = minz Z Gj/Tue((k — J)AT, 7) —uq(kAT) |
! T k=0 \y=—1 (3.54)

= min[GU.(7) — Ud]T[GUe(T) - Uy,

-
where g;s are the decomposition coefficients when the base output elements o (t)s in

Eq. (3.30) are utilized in the output decomposition,

a=| " 7 " a (3.55)
Im—1 gm  Gm+1
Uc(7) = [ue(AT, 7) ue(0, 7) ue(—AT, T)}T/T, (3.56)

and

Uy = [ug(0) ug(AT) ... ug(mAT)]". (3.57)
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Note that in the above Eq. (3.54), we employed the fact that u.((k — j)AT, 7) = 0 if
|k — j| > 2. The solution to Eq. (3.54) can be obtained by setting

270 euir) - vl e (559

Solution to Eq. (3.58) depends on the expression of U.(7) that can be established
experimentally. In practice, we can assume that the input elements with different

amplitude are linearly dependent to each other, i.e.,

U,(r) = Tﬁ(Tl)) U, (3.59)

with U, = [6ie(AT) 4c(0) e (—AT)]T and

o(1) = SLtlplue(t, 7). (3.60)

Then the solution is obtained as

- =¢'(), (3.61)

or

o(15)  w()U]GT,
7 U/ cTaU,

and the optimal value of 7% is given as

(3.62)

" =argming (1), with © = {Tmin, 7+ T, Tmax}-
TEO

Online Adjustment of the Decomposition Coefficients

We present the online optimization of the compensation factors his to account for
uncertainties and disturbances by using the 3rd-order uniform B-splines as an exam-
ple. For 3rd-order uniform B-splines, at any given time instant, there are four output

elements involved in the decomposition at any time instant, i.e.,

k+2

va(t) = Y give(t, 7)/7, tE I, (3.63)
j=k—1

with I = [kAT, (k+ 1)AT], and the corresponding synthesized input is then updated

online by using correction factors A; for j =k —1, k, k+1, k+2 as

k+2

u(t) = Y (g + aXuelt, 7)/7, tE L (3.64)
j=k—1
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where o € R is the DC-gain of the system (can be easily determined through experi-

ment). The optimal sequence of adjusting factors,
P PYSISID VAP VSO VA
can be obtained by minimizing the £2 norm of the predicted tracking error,
mAin||Y(t)TA —Q(t,e(t) gy, tE I, (3.65)

where || f(-)|lz, is the Lo norm restricted on I, Y(t) = [ve(t — tagp—1, 7) ve(t —
tak, T) Ve(t —tags1, T) Ve(t — tagsa, 7)]7, e(t) is the tracking error, and Q(t,e(t)) is

an innovation function to predict the tracking error e(t) for ¢ € I,
Q(t,e(t) = e(t — AT) + st — AT, e(t — AT)),

where k < 1 is the forgetting factor and Q(¢,e(t)) = 0, for t € [0, AT].
The solution to the above least-mean square minimization problem (3.65) can be readily

obtained as

A= ( Y(t)Y(t)Tdt> - Q(t,e(t))Y (t)dt. (3.66)
I, Iy,

As each element in Y (t), corresponding to the value of output elements, is always
selected to be positive, the first term in Eq. (3.66) is guaranteed to be positive definite,

thereby, invertible.

3.4 Application: Decomposition-Learning based Simultaneous Hysteresis-

Dynamics Compensation

We demonstrate one application of the proposed ASHS: Simultaneous hysteresis and
dynamics compensation in preview-based output tracking for smart actuators such as
the piezoelectric actuator. The corresponding input-output mapping of the system,

u(t) — v(t) is given as
y(t) = Gv(t)], with v(t) = Hlu(t)], (3.67)

and we assume that
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Assumption 23. The linear operator G|-| is stabilizable, detectable, and hyperbolic

with a well-defined relative degree 7.

The above assumption is utilized to facilitate practical implementation of the ASHS.
Specifically, the stability condition is needed for practical implementations of ILC. The
hyperbolic condition, i.e., the linear dynamics part of the system has no pure imaginary
zeros, and the detectability condition are needed, based on the stable inversion theory
[38, 44], to guarantee that the pre- and post- actuation time for exact tracking of a
given trajectory exponentially decays to zero, and can be truncated to a finite time
[26]. All these conditions in Assumption 23 can be verified via experiments.

The output tracking problem now is to find a synthesized input u(t) in the form of
Eq. (3.6) to track the desired output of the whole system (3.67), yq(t). We propose
a two-step scheme: First, the superposition principle is employed to account for the

dynamics part of system (3.67) by finding the intermediate output v4(t) as [26]

n
va(t) = ng@e,z’k (t—tak,s), (3.68)
k=0

with the decomposition coefficients gis given by the decomposition of the desired tra-
jectory yq(t), i.e.,
n
valt) = gieir (t — tak, s), (3.69)
k=0

where (Ye i, (t,5), Ve,i, (t, 8)) are the input-output pairs selected from the library con-

structed for dynamics compensation,
‘CD = {(geyi(" 5)7 1767’5('7 5)) D= 17 2, ceey ND? s € %+}a (370)

with gei(t, s) = Ue(t/s), where J.(t)s are output elements at a pre-chosen speed, i.e.,
s is the speed factor of the element, and Np is the number of elements at the same
speed. Thus, tracking of the intermediate input vg(-) leads to the tracking of the desired
output yg(-).

Then secondly, the Non-strict ASHS proposed in Sec. 3.3 is employed to account for
the hysteresis part of system (3.67) by finding the synthesized input wug4(t), such that
the required tracking precision of the desired intermediate output vy(t) is achieved.

The first step—finding the intermediate output v4(-) via the superposition principle in
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Egs. (3.68, 3.69)-has been addressed recently [26]. Particularly, note that finite pre-
and post- actuation (i.e., truncation) is needed when applying the synthesized input,
i.e., when using the synthesized intermediate output vg4(-) in Eq. (3.68) as the desired
output in the second step. The needed finite pre- and post- actuation time for achieving
the desired tracking precision has been quantified— readers are referred to Ref. [26] for
the details.

Note that the output elements v, ;(-, 7)s in (3.28) can be chosen differently from those
Ue,i(+,s)s in (3.70) to facilitate the decomposition, i.e., the original basis ¥ (-, s)s in
Eq.(3.70) have been convoluted with the dynamics of system (3.67) (in order to com-
pensate for the dynamics of system (3.67)), thereby may not have the desired properties
for hysteresis compensation in the second step.

Implementation of the above two-step approach requires decoupling dynamics and hys-
teresis compensation in both offline library construction and online decomposition-
synthesis process. We propose a temporal and spatial scale scheme based on, respec-
tively, the range-dependence of the hysteresis and the rate-dependence of the dynamics
effects. Specifically, during offline library construction, the dynamics-compensation li-
brary Lp can be obtained by keeping the amplitude of output elements g ;(-, s)s small
enough, and the hysteresis-compensation libraries Ly ;s can be obtained by keeping the
speed of the intermediate output elements v, ;(-,7)s slow enough. Moreover, different
speeds can be applied to the output elements 7. ;(-, s)s and different amplitude to the
intermediate output elements v ;(-, 7)s, respectively, such that in online tracking, the
elements with different speed factors s;s in library £p can be utilized to compensate
for the dynamics in different frequency ranges, and elements of different amplitude co-
efficients 7;s in sub-library Ly ;s can be utilized to compensate for the hysteresis in
different amplitude ranges, respectively.

During online implementation, the previewed part of the desired output y,4(t) is spatially

scaled down first as:
ya(t) — oya(t), fort € [te,tc+Tp), (3.71)

such that for a pre-chosen amplitude threshold value M (i.e., below which the hysteresis
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effect is negligible for the desired tracking precision),

Ute[tcs,ltliTp] lya(t)| < My, (3.72)
where o € (0,1) is a pre-chosen constant, and both ¢ and My can be easily determined
in practices. Then the scaled-down previewed desired output oy,(t) is taken as the
desired output to obtain the desired pre-intermediate output 4(¢) and the correspond-
ing decomposition coefficients ggs, i.e., replace yq4, v4 and gx in Egs. (3.68, 3.69) with
Yd, Vg and gg, respectively, and the real desired intermediate output and corresponding

decomposition coefficients gis are obtained as
valt) = 5a(t)/o, and gy = g/ (3.73)

Then secondly, the above desired intermediate output vg(t) is temporally scaled (slowed)

down by using a time-scale factor 7,
va(t) — vg(t/n), fort € [tc,t.+ Ty, (3.74)

such that the dynamics effect of the system can be ignored. The corresponding input
ug(t/n) as in
va(t/n) = Hlua(t/n)] (3.75)

is obtained by using the proposed hysteresis-compensation decomposition approach in
Sec. 3.3.2, and Sec. 3.3.2. Finally, the obtained input wu4(¢/n) is scaled back in time

domain to obtain the control input w(t) for implementation.

Library Construction To construct the libraries Ly ;s and Lp a priori, the
inversion-based iterative learning control (IIC) technique [19] is used to obtain the
corresponding input elements. As an example, we present below the inversion-based

iterative learning control (IIC) [34],

Ur(jw) = U1 (jw) + p(jw) G (jw) (Ya(jw) = Yi-1(jw)), (3.76)

where for k € Nt, Up(jw) and Yj(jw) are the Fourier transform of the kth iteration

input and output, respectively, with Ug(jw) = 0 and %(jw) = 0 initially, p(jw) is
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the weighting coefficient, Yd( jw) is the Fourier transform of the desired trajectory, and
G(jw) is the transfer function model of the system.

It has been shown and demonstrated in experiments that the IIC techniques can account
for both hysteresis and dynamics in piezoelectric actuators [34], achieving high-precision
tracking. Moreover, the effect of model uncertainties and/or system variations can be

largely removed by simply updating the decomposition library via IIC.

3.5 Experimental Implementation

3.5.1 Experiment Setup

We demonstrate the proposed ASHS approach for output tracking by implementing
it to the trajectory tracking of a piezoactuator for lateral scanning (x,y direction) on
an atomic force microscope (Dimension-ICON, Bruker Nano. Inc.). The first resonant
frequency and the bandwidth of the piezoactuator were at ~ 650 Hz and ~ 450 Hz,
respectively, with full displacement range around 72 pm. The control algorithm was
designed and implemented in the MATLAB-xPC-target (MathWorks, Inc.) via a data

acquisition system (PCI-6259, National Instrument Inc.).

3.5.2 Implementation of the Proposed ASHS Approach
Library Construction

The 3rd-order uniform B-spline of 20 different amplitudes were used to construct the
hysteresis-compensation library Lg of 20 sub-libraries, Ly ; with¢ =1, 2,---,20. With
a time duration of over 30 seconds—compared to the time constant of the piezoactuator
at 0.5 second, the B-splines were slow enough to avoid exciting the dynamics of the
piezoactuators, and the IIC technique above was utilized to obtain the corresponding
input elements, as shown in Fig. 3.3(a). The function ¢(7) (see Eq. (3.60)) for optimiz-
ing the output element amplitude in Sec. 3.3.3 was obtained experimentally as shown
in Fig. 3.3(b).

For dynamics compensation in different frequency ranges, a library Lp consisting of 3
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Figure 3.3: (a) The input elements for the uniform B-spline based outputs at 20 different
amplitudes; (b) The ¢(7) function, and (c) The input elements for the uniform B-spline
based outputs at 3 different speeds.

different speeds (Np = 3) was constructed in the similar way, as shown in Fig. 3.3(c),
where the amplitude was kept at 2um (2.8% of the total displacement range), so that

the hysteresis effect can be ignored.

Inverse Preisach Modeling of the Hysteresis

The weighting-integration function f(-,-) of the inverse Preisach model, as shown in
Fig. 3.4 was identified by using a sinusoidal wave with decaying amplitude as an exci-
tation signal, after the local memory effect had been removed by driving the piezoac-
tuator to the full range. The model was validated by using a sinusoidal wave of vary-
ing amplitude as the input, and comparing the experimentally measured output to
the model-predicted one, as shown in Fig. 3.5(a). The major hysteresis loop pre-
sented in Fig. 3.5(b) demonstrates that the hysteresis effect was, indeed, significant
in this piezoactuator system. Monotonic in both directions, the identified weighting-

integration function f(-,-) was then employed online at each decomposition instant ¢. to
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Figure 3.4: The weighting-integration function f(-,-) of the Preisach model identified
through experiment.

obtain the values of the reference input u4(t) at the decomposition knots in the interval

[te, te + Tp).

Online Output Decomposition, Input Synthesis and Optimization

To demonstrate the proposed approach for simultaneous hysteresis-dynamics compen-
sation, a trajectory with peak-to-peak amplitude of 67.6um (94% of the total displace-
ment range) at three different speeds were chosen as the desired trajectory. Only a
finite preview of the desired trajectory with preview time of 7, = 500, 40 and 20 ms,
respectively, was used in the tracking at the low, medium, and high speeds, respec-
tively.

In online implementation, first, during each decomposition period, the correspond-
ing portion of the previewed desired trajectory yq(t) was spatially scaled down by 20
times and then decomposed by using the dynamics-compensation library L£p via lin-
ear superposition to obtain the intermediate output decomposition coefficients gis (see
Eqgs. (3.68, 3.69)) and the intermediate input vg(t) (after scaling the signal back); Sec-

ondly, the intermediate output v4(t) was slowed down by 210, 2625, and 5250 times
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Figure 3.5: (a)Validation of the inverse Preisach model ; (b) The major hysteresis loop
of x-axis piezoactuator.

for the low, medium, and high speed, respectively, and then decomposed by using the
hysteresis-compensation library Lp. Finally, the compensation factors his was ob-
tained by Eq. (3.51), and then online updated via Eq. (3.66), and then combined with

the intermediate decomposition coefficients gis to obtain the control input.

3.5.3 Tracking Results and Discussion

For comparison, tracking by using a well-tuned PI controller and the DC-gain method
(where the control input was obtained by simply scaling the desired output by the DC-
gain of the system) were also conducted in the experiment, as shown in Figs. 3.6-3.8
for the low, medium and high speed, respectively. The comparison of the open-loop to
the closed-loop frequency response in Fig. 3.9 showed that with the Pl-controller, the
bandwidth of the system was well maintained while the resonant peak was removed.
The corresponding relative RMS tracking errors were compared in Table. 5.1.

The experimental results clearly demonstrated the performance of the proposed method
in compensating for both the dynamics and the hysteresis effectively in achieving accu-
rate tracking, particularly, during high-speed, large-amplitude tracking. At low speed
(where the hysteresis effect was pronounced, see Fig. 3.6, in which the tracking error

of the DC-gain clearly showed the hysteresis effect), the hysteresis effect was almost
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Figure 3.6: Comparison of (a) the tracking results by using the proposed ASHS ap-
proach to those obtained by using a well-tuned PI controller and the DC-gain method,
and (b) the corresponding tracking error for low-speed tracking.

completely removed by both the proposed method and the PI feedback. However, in
medium and high speed tracking, where both the hysteresis and the vibrational dynam-
ics effects were pronounced, the tracking error of the DC-gain method clearly showed
the combined hysteresis-dynamics effects (see Fig. 3.7 and Fig. 3.8). The tracking of the
Pl-feedback control degraded as the spectrum of the desired output approached to the
bandwidth of the closed-loop system, whereas with the proposed technique, precision

tracking of only 3~4% RMS tracking error was still maintained (see Table 5.1).

Table 3.1: The relative RMS tracking error of the three methods
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Figure 3.7: Comparison of (a) the tracking results by using the proposed ASHS ap-
proach to those obtained by using a well-tuned PI controller and the DC-gain method,
and (b) the corresponding tracking error for medium-speed tracking.

Low (%) | Medium (%) | High (%)
ASHS 1.84 3.35 3.96
PI 2.12 10.34 22.79
DC-gain 18.32 17.28 26.59

The experimental results also demonstrated the efficacy of the proposed approach in

exploiting the benefits of offline learning to avoid the complexity in modeling, controller

design and implementation in output tracking of hysteresis-Hammerstein systems. For

example, in the high-speed tracking with preview time 7, = 20 ms (half of the total

time duration), only 20 input-output elements were used in the decomposition-synthesis

process, and the online computation was distributed to ~100 sampling periods. In each

sampling period, the input synthesis process only amounted to a couple of simple multi-

plications and additions. Moreover, quasi-static uncertainties in day-to-day operation,
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Figure 3.8: Comparison of (a) the tracking results by using the proposed ASHS ap-
proach to those obtained by using a well-tuned PI controller and the DC-gain method,
and (b) the corresponding tracking error for high-speed tracking.

such as day to day variation of the piezoactuator, can be accounted for with minor to
no loss of tracking performance by updating the input-output libraries Lr, Lp and a
simple weighting-integration function f(-,-) of the Preisach model regularly through a

straightforward offline process.

3.6 Conclusion

In this chapter, the superposition of Hammerstein systems has been studied through
the development of the almost superposition principle of Hammerstein systems. It

has been shown that the superposition error can be rendered arbitrarily small, i.e
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Figure 3.9: (a) The Bode plot of the z-axis open-loop response; (b) The Bode plot of
the z-axis PI feedback close-loop response.

the almost superposition holds for Hammerstein systems, provided that the number of
output elements is large enough. A realization of the ASHS for output tracking has been
proposed by combining uniform B-splines for trajectory decomposition with an inverse
Preisach model for input synthesis. Two optimization schemes are further proposed to
enhance the implementation of the ASHS in practice. Moreover, the proposed ASHS
has been implemented for simultaneous compensation of hysteresis and dynamics in
precision output tracking. Experiments were performed to control the piezoactuator on
an AFM system in different frequency range, and the results demonstrated the efficacy

of the proposed method.
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Chapter 4

On Single-basis Online Trajectory Decomposition for

Control Applications

Abstract

In this chapter, the problem of decomposing a trajectory online by using single basis
function (and its time-shifted copies) is considered for control applications. Trajectory
decomposition has been explored in control areas including fuzzy and neural-network
control, system identification, and learning control, where a given trajectory is decom-
posed (approximated) by using a set of basis functions. The existing decomposition
methods, however, are limited to special applications (e.g., contour tracking in ma-
chining), and/or requires truncation of the basis functions. Although these limitations
might be alleviated by, for example, using additional basis functions, the complexity in
implementations is inevitably increased. This work aims to achieve online asymptotic
decomposition of a partially-known trajectory by using only one basis function and its
time-shifted copies without truncation. First, we consider the problem as a least-square
minimization problem, then truncation of the basis functions in the decomposition is
resolved through a zero-period extension of the trajectory (i.e., extending the beginning
of the trajectory at its initial value for a finite period). It is shown that as the length of
the extended period increases, the decomposition coefficients at the beginning portion
of the extended period approach to zero. Finally, a sectional interactive decomposition
algorithm is proposed for online trajectory decomposition. Numerical example by using
B-spline as the basis function is presented to demonstrate the proposed decomposition

approach.
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4.1 Introduction

In this chapter, the problem of decomposing a trajectory using only single basis func-
tion and its time-shifted copies is considered for control applications. Trajectory de-
composition has been explored in areas including data regression [62, 63|, signal anal-
ysis [64], and dynamics and control [65, 26, 66]. Particularly, in control areas, tra-
jectory decomposition has been utilized in fuzzy-neural network control to approxi-
mate/interpolate the input-output mapping [66], in system identification to approxi-
mate the linear parameter-varying systems [65], and in iterative learning control (ILC)
to extend ILC to non-repetitive operations [26]. In these areas, it is very much desired
to achieve accurate decomposition by using only few types of basis functions (as few
as, possibly, only one type), and without intensive computation. The existing methods,
however, not only involve truncations of the basis functions and extraneous steps to
address truncation-caused issues, but also demand heavy computations, thereby, not
suitable for online implementations. These needs in trajectory decomposition and the
challenges involved motivate this work.

Limitations exist in current techniques for online trajectory decomposition. For exam-
ple, although precision trajectory decomposition can be obtained by using B-splines as
the basis functions [21, 22|, these methods do not account for control objectives such as
high-order smoothness of the trajectory and ease of obtaining the control input for pre-
cision output tracking. These control-oriented objectives can be taken into account by
integrating the decomposition technique with iterative learning control (ILC). For ex-
ample, a task-based basis function method is employed to extend ILC to micro-robotic
deposition [3]. However, this technique is limited to specific types of trajectories with
limited variations (e.g., sinusoidal and/or triangle waves, and concatenations of these
trajectories). To broaden the applications of ILCs, model-based rational basis func-
tions have been proposed for tracking more general trajectories through extrapolation
[23, 25]. Alternatively, multiple basis functions each corresponding to a different basic
state of a linear time variant system can be identified through ILC, and inputs for other

states of the system can then be obtained via interpolation [24]. However, the number
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of the types of basis functions used are increased significantly, rendering the learning
processing time consuming and the computation complicated. The complexity caused
by the large number of basis function types (used in the input-output decomposition)
can be alleviated by using uniform B-splines based basis functions [26]. All these meth-
ods, however, require multiple types basis functions and, when the trajectory is only
partially known, truncation of the basis functions at the boundary of the decomposition
period [26], thereby, increasing the complexities in the applications.

In existing trajectory decomposition methods, truncation of the basis functions in the
decomposition has resulted in extraneous difficulties and complexities. For example,
to exploit the advantage of iterative learning control (ILC) in attaining both high-
performance and robustness (against quasi-static and slow system dynamics variations)
in high-speed tracking, it has been proposed to combine online decomposition of the
partially known (i.e., finite previewed) desired trajectory via B-spline-based basis func-
tions with ILC based offline tracking of the basis functions via ILC for general output
tracking of linear dynamic systems [26]. Such an idea of offline-learning, and online-
decomposition-synthesis has also been extended to Hammerstein systems [67]. Trun-
cation of basis functions is needed to decompose partially-known (finite-previewed) of
desired trajectory that, in general, does not start and/or end at zero. However, it is
rather difficult (if not completely impossible) to track such truncated basis functions
without inducing pronounced transient tracking error [68]. Although the discontinuous-
beginning-end-caused tracking error can be addressed by smoothly extending and tran-
siting the truncated basis functions to zero, extra basis functions are induced, resulting
in not only extra work (in redesigning the new basis function), but also additional types
of basis functions and possibly, extraneous tracking error, complicating the decompo-
sition procedure. Therefore, there are needs to study online trajectory decomposition
by using minimal types of basis functions without truncation.

The main contribution of this work is the development of an asymptotic trajectory de-
composition technique by only using single type of basis functions without truncation.
First, the problem of trajectory decomposition using single basis function (and its time-

shifted copies) is considered via least-square minimization. It is shown that arbitrary
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decomposition precision can be attained by using enough number of single-type basis
functions. Then the issue of truncating basis functions in the decomposition is resolved
via a zero-period extension of the trajectory (i.e., by extending the beginning of the
trajectory at its initial value for a finite period). The decomposition coefficients in
the beginning portion approach to zero as the length of the extended period increases.
Finally, we proposed a sectional interactive decomposition algorithm for online trajec-
tory decomposition (where the trajectory to be decomposed is partially known). The
proposed decomposition method is illustrated through a numerical example by using B-
spline as the basis function. Although the basic idea of the proposed approach has been
explored in our recent publication [61], the development in [61] is rather preliminary.
In this chapter, much more rigorous theoretical treatment, including the proof of the
asymptotic decomposition, the completeness of the sectional interactive decomposition
scheme, and a numerical technique to further reduce the online computation complexity
are presented, along with more simulation results and discussions that demonstrate the

proposed approach more clearly.

4.2 Problem Formulation: Single-basis Trajectory Decomposition

We assume, without loss of much generality, that

Assumption 24. The trajectory yq(t) : R — R is smooth and compactly supported in

a given period [0,T).

Assumption 25. The basis function B(t) : R — R is positive, smooth, compactly

supported in [—T1, o] with 71, 72 > 0, and 11, 1o K T, and Lipschitz, i.e.,
[B(t1) — B(t2)| < Lylt1 — taf, (4.1)

for any ty, to € [—T1, To], with L, € R a positive constant. Moreover, the global mazima

of B(t) occurs att =0, i.e., supB(t) = B(0).
¢

The requirement of supB(t) = B(0) in Assumption 2 is employed to aid the presen-
t

tation later, and can be easily satisfied via time-shifting.
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To facilitate the implementation, we consider the decomposition of the trajectory in

discrete domain, i.e.,

Ya = [al0), yall], . ., yalNo]] (4.2)

with

yalt] = ya(iTs), =0, 1,...,Np, and N, = |T/T;],

where T, € R is the sampling time, and [-] is the floor function (i.e., [z] is the biggest
integer smaller than x € R). Thus, the trajectory to be decomposed and the corre-
sponding basis functions are the discretized counterparts of those satisfying Assump-

tions 24, 25, respectively.

Definition 26. (Decomposition Library) The library of decomposition basis, L, is

an equivalent class of the basis function B[] generated via time-shifting,
Lo ={By[]: Bili] = B(iTs — k¥), k€N, i € Z}, (4.3)

where N and Z denotes the set of natural and integer numbers, respectively, and ¥ € R*
with

v<T (4.4)

is the decomposition knot period, i.e., the time shift between two successive basis func-

tions, which determines the density of the basis functions in the decomposition.

It can be easily verified that the decomposition library L. defined above is indeed

an equivalent class [69)].

Single-basis Asymptotic Trajectory Decomposition (SBATD) The SBATD
problem is to, under the above Assumptions 24, 25, achieve the following three objec-
tives:

O1: For any given trajectory y, in Eq. (4.2), find a set of decomposition coefficients
grs such that for

Na+q
k=—p
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asymptotic decomposition is achieved in f3-norm, i.e.,

lim T (y4, %) = lim [lyg = yll2 =0, (4.6)

where
Ys = [ys[0], ws[1], -, ys[NB]], (4.7)
p=In/¥], q=n/¥], (4.8)

and Ny € N is the total number of knot periods within the decomposition period T,
and ||y||2 denotes the ¢o norm of a discrete sequence y = [y[0], y[1], -, y[N]].

Oy: For a given decomposition knot period ¥, and any € > 0, find the length of
zero-extension period Tyt p, = Tery = (s + Im)¥ (ls, I € N) to extend the trajectory
at its beginning and its end (called the head extension and the tail extension below),

respectively, such that for the zero-extended trajectory y, defined as
0, fori=-K,,—Ko+1,..., —1,

Yalil = § waqli], i=0, 1,..., Ny, (4.9)
0, for Ny+1, Ny+2,..., Ny + Ko,

the decomposition coefficients at the beginning of the head-extension period and the

end of the tail-extension period are smaller than € for any I, > I} and any [, > I,

lgpl <€, fork=—p—1Iln,—p—Ilm+1,....q—ln,

(4.10)
and Nd—p+ls,Nd—p+lS—I—l,...,Nd—l—q—{—lS,
where in Eq. (4.9), Ko = [Tex.n/Ts).
Os: For any given finite partition of the trajectory y,,
v
Ya = U Yds» (411)
s=1
with
Yas = WalKs—1 + 1], yalKe1+2], ..., yalK]], (4.12)
for s =1, 2,..., v, redesign each section of the trajectory y, ; as y, ; with an extension

and smooth transition to zero of period length K,, such that the decomposition coeffi-

cients of y, ;, grs, approach to those obtained by decomposing the entire trajectory as



71

a whole, i.e.,

lim gk — g4l = 0, (4.13)
stl—lco—>0
for each s =1, 2,..., v and each kK = ms_1, ms_1+1,..., mgs — 1, where K,_1, K,

are the first and the last original index of the s section, respectively, and ms € N is
the index of the last decomposition coefficients in the st section (globally indexed from

the first section).

Note that Objective O; addressed the basic question of decomposing a trajectory
using only one type of basis functions. However, the solution obtained requires, in
general, truncation of the basis functions, as the domain of the basis functions (involved
in the decomposition) is larger than that of the trajectory y, itself. Thus, Objective
05 is proposed to avoid the truncation of the basis functions via a zero-extension of
the trajectory. Finally, Objective Oj is to address two needs in online decomposition
where the trajectory is not completely known and heavy online computation needs to

be avoided.
4.3 Objective O;: Trajectory Decomposition based on Least Square
Minimization

In this section, we first present the decomposition solution, then show that the solution
is asymptotic.
By minimizing the fo-norm of the decomposition error J(y,, ¥) in (4.6), the optimal

decomposition coefficients

G =[9—p, Gop+ls ---s INstq) (4.14)

can be readily obtained via the least-square-minimization [22, 60],

G*'=WM"M)"'M"y,, (4.15)
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where y,; is given by (4.2), and

[ BL0) Bopa0) ... B0 |
M= Bp(1) prJ.rl(l) BNdJ'Fq(]') 7 (4.16)
B_p(Ny) Bpt1(Ny) ... Bnyq(Ns)

L 4 N/ x N},
with N] = Ny + 1 and N, = Ng+p+ g+ 1. Typically, N] > N/, as in practices
the number of elements employed in the decomposition shall be smaller than the total

number of sampled points. By Assumption 25,
Byli] =0, for i<|[(k—q¢q—-1)¥/Ts], or i>[(k+p+1)¥/T],

and each k = —p, —p+1,..., Ng+ ¢q. This implies that at each time instant, only
p + g number of basis functions are involved in the decomposition, and M is a banded
matrix [70], ie., foralli= 1, 2,..., Ny,
M;; =0, forl<j<max{l, i—p+1}
(4.17)
or min{i +q—1, Nj} <j <N
where A; j denotes the element of any matrix A € R**™ at the i'" row and j* column

for any 1 <i <nand 1< j<m. The approximation error is given by [22]

leya Nl = (vd (1= M@aTM) 7M7) y)V2, (4.18)

Next, we show that the decomposition error approaches to zero as the knot period ¥
decreases to zero, or equivalently, as the number of the basis functions used in the

decomposition increases.

Lemma 27. Let Assumptions 24 and 25 be satisfied, and let the decomposition coeffi-
cients and the corresponding decomposition error be given by Eqs. (4.15, 4.18), respec-
tively. Then, for any given € > 0, there exists a decomposition knot period ¥ satisfying

0o<v<T/ (Né — (m)2>, such that the approzimation error ||e(yy, Nj)|l2 < €.

Proof. proof We proceed by noting that M € RVo*Na has full column rank, thereby, in

the decomposition error e(y,, N7) in Eq. (4.18), the matrix multiplication M (M "M)="t M T
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can be rewritten via the singular value decomposition of M,

M=UxV" (4.19)
as

MM ™M) M =UsvT(vETUTUSV ) WWEU T = UL,U" (4.20)

where

I ! / 0
Ly = | N Na : (4.21)
0
N]xN]

U e RNo*No and V € RVe*Na are both unitary matrix, and ¥ € RVo*Na is a diagonal

matrix. Thus by Eq. (4.20), the decomposition error e(y4, Nj) can be quantified as

1/2
le(a Np)llz = (4 U = Lus)U Tya)

1/2
N} /

= Z (yJ ui)? : (4.22)

i=N}+1

VN = NaNgllyall

where u; is the " column vector of U. The proof is completed by choosing N >

’ € 2 /(€ )2
Ny~ (gpiar ) e ¥ < T/ (N = (i ) -

IN

4.4 Objective O,: Trajectory Decomposition without Basis Function

Truncation

Next, we show that the truncation of the basis functions can be avoided by adding a
zero-extension period at the beginning and the end of the trajectory to be decomposed.
As the matrix

MEMMT (4.23)

is a banded matrix (for M itself is a banded matrix), the decomposition coefficient g,
for k=—p,—p+1,..., Ny + ¢ can be obtained from Eq. (4.15) as

Ny

gk =Y (M sy, (4.24)

=1
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where
Ny
Oyud = 2 Mjyali). (4.25)
=1

Thus, central to show that g — 0 as k — +o00 is to quantify (/\/l_l)iyj for any given

i and j. Such a quantification is given by the Theorem below [70].

Theorem 28. [70] Let S = {1,2,--- N}, £(S) = {{z, ), : N 22 < o0} be a

n=1*n

Hilbert space (£2(S): Set of all square summable sequences {x, }_, ) [71], and B({2(S))
be a Banach space on the Hilbert space l2(S), then for any A and A= in B(l2(S)),

(A1) < CLANA)L. (4.26)
where

1. If A is positive definite and m-banded,

MA) = f2(y/cond(A)) (4.27)
with y
flx) £ (i " 1) , (4.28)

cond(A) £ [AIAT],  [|All = maz{s : s € o(A)},

and o(A) the singular value of matriz A,

C(4) = [|A7 g(v/cond(A)), (4.29)
where g(z) = max{1, (1 + x)?/(222)}.

2. If A is non-positive definite but still m-banded, quasi-centered, bounded and in-

vertible,

AA) = f(cond(A)) (4.30)

and

C(A) = (m + DA™ (A)|| A~ || cond(A) g(cond(A)). (4.31)

The matrix M € RV:*N; in (4.23) satisfies the conditions in the above Theorem as

M is invertible by design (through the adjustment of the sampling instants).
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Lemma 29. Let Assumptions 24, 25 be satisfied, and for any given k™" decomposition

knot, let yq[i] be zero for i = x(k —1s), x(k—1s)+1,..., x(k+ L), where
x(k) = [k¥/T], (4.32)

and the decomposition coefficients be given in Eq. (4.15), then for any given € > 0,

there exist ls and L, € N with

> [ 2200)

oDyl /In A(M) —|—p-‘ , (4.33)

and
(1= A(M))
= [1 COD vl

such that the decomposition coefficients of the it" decomposition element g;, satisfying

/I A(M) + qw : (4.34)

lgi| < e, where N(M) and C(M) are given in Theorem 28 (with A replaced by M ), re-
spectively, and [-] and ||y[-]||1 denote the ceiling function (i.e., for any x € R, [x] is the

smallest integer bigger than ) and the ¢1-norm of a discrete sequence y|[-], respectively.

Proof. proof As matrix M is a banded matrix, by Eq. (4.26),

(MY, < C(MNM)II), (4.35)
Thus, by Eq. (4.24),
N/
gz = Z( ?]dem] Z C |l Jlgydvj' (436)
j=1

It can be verified that by choosing I5; and [, as in (4.33) and (4.34), respectively, we

have
Oyj =0 fori—p+1<j<it+q-1, (4.37)
and
N/
9i = ZC |l ]‘deu + Z c(M )‘(M>Il_]|0yd,j <e (4.38)
j=i+lm
This completes the proof. O

The following corollary follows directly.
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Corollary 30. Let Assumptions 24, 25 be satisfied, then for any given € > 0, and any
given zero period length

Ico = I_(ls + lm)l‘p/TSJ (4'39)

with ls and 1, given by (4.33), (4.34), respectively, the decomposition coefficients g;s
in Bq. (4.15) satisfy |gi| < € fori = —p—lp, —D—Ilm+1,..., ¢—Ilpn and i =
Na—p+ls, No—p+ls+1,..., Ng+q+1s.

The above corollary implies that by having a long enough zero extension at the
beginning and the end of the trajectory, the elements involved in the decomposition
vanish as those elements are farther away from the “original” beginning and end points
of the trajectory, respectively, and hence, truncation of the basis functions can be

avoided.

4.5 Objective O3: Sectional Interactive Trajectory Decomposition

Under the following Assumption:

Assumption 31. The domain of each section is much large than the knot period, i.e.,

(Ks — Ks—1)Ts > ¥ for any given s =1, 2,..., v.

We aim to further achieve Objective O3 by utilizing a sectional interactive decom-
position (SID) algorithm without truncation of basis functions, where each section of
the trajectory, in general, does not start and/or end at zero. Note that the above As-
sumption 31 can be always satisfied by selecting a sufficiently small knot period V.
More concretely, when decomposing any s partition of the trajectory Yas (given
by Eq. (4.12)), the basis functions By[-] for K = ms —p, ms —p+1,..., ms + ¢
(mg: the index of the last decomposition knot in the s section), are used (the green
splines in Fig. 4.1(a)), where a subset of these basis functions, By[i] with ¢ > K, for
k=ms—p, me—p+1,..., ms+ q, falls outside the domain of the s** section tra-
jectory (the shadowed part in Fig. 4.1(a)), resulting in the truncation of these basis
functions. Thus, we propose to redesign the beginning portion of the current section of

the trajectory by deducting from it the weighted summation of those B-splines involved
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in the decomposition of the preceding section (that falls into the current section), such
that the redesigned current section starts from zero and smoothly transits to the next
section. As such, truncation of the elements in the decomposition is avoided. Specif-
ically, for the st section, the weighted summation of the B-splines that fall outside
the s section domain and into the s + 1** section domain (the red dashed curve in
Fig. 4.1(a)), ye s, is given by

ms+q
> gkBilil, i=K+1,Ki+2,..., K+ x(p);
Ye,s[i] = § k=ms—p (4.40)

0, otherwise,

then, the s + 1" section trajectory is redesigned as (see Fig. 4.1(b) for the redesigned

trajectory)
yd,s+1 =VYd,s+1 ~ Ye,s- (441)

Then the decomposition coefficients of the redesigned s + 1** section trajectory g;, i =
mg —Ilm+q, ms—Ilp +q+1,..., mgy1 + ¢q are used to update the decomposition
coefficients for the original s 4+ 1! section.

We summarize this decomposition scheme in Algorithm 1 below. As shown in

: Sectional Interactive Decomposition (SID)
Step 1. For any given s + 1! section of the trajectory, let

K} = Ky — x(Is + ln),
where 5, [, are given by Eq. (4.33, 4.34), respectively. Then we redefine the modified
trajectory y,; s41 as
0, i=K., K.+1,..., K
Jds+1li] = § yasrrli] = yeslil, i=Ks+1, Ki+2,..., Ks+x(p+q);  (442)
yas+ilil, i=Ks+x(p+aq) +1,..., Ko

Step 2. Update the decomposition coefficients as

(4.43)

P =

_{gﬁéi, t=ms—lm+q, ms—Ilp+q+1,..., ms+g;
gia Z:mS+Q+17 ms+Q+2,-~7ms+1+q-

Fig. 4.1(b), the redesigned s + 1th section of the trajectory Yas+1 starts with zero.
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Figure 4.1: Sectional decomposition process.

Moreover, by extending the beginning of each redesigned section sufficiently long, the
basis functions for the decomposition of the extended beginning portion can be ignored
(by Corollary 30). Thus, the truncation issue in online trajectory decomposition is
avoided. The following lemma shows that with a long enough zero-extension period,
the decomposition coefficients of the above SID and those obtained when decomposing

the entire trajectory as a whole are equivalent to each other.

Lemma 32. Let Assumptions 24, 25 and 31 be satisfied, and let g;s and g7s be the
coefficients for decomposing the trajectory y,; using the above SID technique and as a

whole via Eq. (4.15), respectively. Then, limg:_s0lg; — g7| = 0.

Proof. proof We first show that the coefficients obtained for the redesigned s** section
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is equivalent to the decomposition of the trajectory g4, defined as

Gasli], i=K, 1, Ki_1+1,..., K
sl = (4.44)
Yeslt], i=Ks+1, | Ks+2,..., Np.
By the definition of y, ; in Eq. (4.40), we can find that the decomposition coefficients
of yq s obtained through the least square minimization process equal to those of y, g,
and other decomposition coefficients beyond the domain of y, ; are all zeros.
Then, if we let K, =0 for each s =1, 2,..., v, the summation of these trajectory Vs
fors =1, 2,..., visequivalent to the whole trajectory y,, i.e., yg = > oy Y4, thereby,
it can be simply implied that the vector summation of the decomposition coefficient
vectors corresponding to each trajectory y, g, for s =1, 2,..., v, is equivalent to the

decomposition coefficient vector obtained when decomposing the trajectory as a whole.

This completes the proof. O

Note that in online implementation, the computation can be substantially reduced
by evenly partitioning the trajectory, so that the matrix M = MM in Eq. (4.15),
which can be computed offline a priori, is the same for the decomposition of all sections.
Also, we can further reduce the computation in computing each g; by exploiting the
decaying property of matrix M in Eq. (4.15), i.e., the coefficient g; can be computed as

lp

gi = Z(Mfl)i,jgyd,ja (4.45)

J=lu
where [, = max{1,i— I}, [, = min{Ng, i+, }, and gy, is given in (4.25). As the term
(Mfl)i,j can be computed offline a priori, the computation involved in Eq. (4.45) is
substantially reduced and thereby, more suitable than Eq. (4.15) in online implemen-

tation.

4.6 Numerical Example: B-spline-based Trajectory Decomposition

We next use B-spline as an example of basis functions to demonstrate the proposed

online trajectory decomposition method, i.e., the three Objectives O; to Os.



80

Decomposition Result (A K = 10) x10°

Amplitude

0 2 4 6 8 10
‘— Desired - — —= Synthsized '—'-' Error ‘
Decomposition Result (A K = 640)

1 \ \ 1

Amplitude

10

4 6
Count of Points ( X1000)

Figure 4.2: Comparison of the decomposition results when the knot period ¥ = 10 (a)
and ¥ = 640 (b).

4.6.1 B-spline

Satisfying all the conditions required in Assumption 25, the s?"-degree B-spline basis

functions can be obtained recursively via

bty
tdits — tdg

tg. —t
B s—1(t) + Sitet Bit1s-1(t), (4.46)

B; s(t)
tdits+1 — tdi+1

)

where
1, iAt<t<(i+1)At;
Bio = (4.47)
0, otherwise.
The basis element B(t) in Eq. (4.3) can be constructed by shifting any B; 4(-) to centering
at zero. Note that At in Eq. (4.47) corresponds to the knot period ¥ in continuous time
domain. The 3" degree (s = 3 in (4.46)) B-splines are utilized in the decomposition,

where p = ¢ = 1 (See Eq. (4.8)), i.e., at any given time instant, at most 4 B-splines

(same type) are involved in the decomposition.
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Figure 4.3: The ¢3-norm and fy.-norm of the decomposition error vs. the knot period
v.

4.6.2 Simulation Results

To simplify the presentation, the sampling time was normalized in the simulation, i.e.,
one unit of the time axis represents one sampling period.

First, we show the simulation results to illustrate Objective O;. A triangle wave signal
with varying amplitude (see Fig. 4.2) was employed as the trajectory to be decomposed.
The approximated trajectories by using knot period ¥ = 10 (i.e., 10 sampling periods)
and ¥ = 640, respectively, are compared with the original trajectory in Fig. 4.2, where
a total of 1004 (for ¥ = 10) and 20 (for ¥ = 640) uniform B-splines were used for
¥ = 10 and ¥ = 640, respectively. The fo-norm and f..-norm of the decomposition
errors as the knot period decreased from 640 to 10 are shown in Fig. 4.3, respectively.
It can be seen from Fig. 4.2 that the decomposition error occurred around the vertex of
the triangle wave. However, by using enough number of decomposition knots, precision
decomposition can be achieved, even around the vertexes. As shown in Fig. 4.3, both the
fo-norm and f..-norm of the decomposition error monotonically and rapidly decreased
t0 9.5 x 10™% and 2.1 x 1073, respectively, as the knot period decreased to ¥ = 10. Thus,
arbitrary decomposition precision and asymptotic decomposition can be achieved.

Secondly, we show the results to illustrate Objective Oy by using a triangle wave (see
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Figure 4.4: Comparison of the decomposition results when the zero extension period is
Ko =0 (a) and I, = 480 (Db).

Fig. 4.4), where the knot period was chosen at ¥ = 40 so that the decomposition error
became negligible and truncation of the basis function was allowed.

To examine the effect of the length of the zero-extension period on the values of the
decomposition coefficients, the approximated/decomposed trajectories for two different
lengths of the zero-extension period at I, = 0 and K, = 120 = 480, respectively, are
compared with the original trajectory in Fig. 4.4, where the approximated trajectory
was obtained by neglecting those B-splines that fell outside the corresponding zero-
extension period (a total of 3 B-splines). Thus, by Lemma 29 and Corollary 30, as the
length of the zero-extension period increased, the coefficients of those three B-splines at
the beginning of the head extension and the end of the tail extension approached to zero,
respectively, so did the approximation error caused by ignoring/removing those three

B-splines. Thus, we defined the head-coefficient cutoff indicator and the tail-coefficient
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Figure 4.5: The the head coefficient-cutoff indicator €2, and the tail coefficient-cutoff
indicator €2, ; vs. the zero-extension period IC,,.

cutoff indicator, €2, 5, and €, ;, respectively, as

ls+q Ng+lm+q
Qr= > Iprl, and Q= > [pxl. (4.48)
k=ls—p k=Ng+lm—p

The variations of the head and the tail coefficient-cutoff indicators as the length of the
zero-extension period increased from K, = 0 to K, = 120 = 480 are shown in Fig. 4.5,
respectively.

The simulation results demonstrated that truncation of the basis elements can be
avoided in the decomposition by having a long enough zero-extension period. The
approximation error was pronounced when there was no zero-extension and the three
B-splines beyond the domain of the trajectory were ignored, particularly, at the begin-
ning and the end of the trajectory (see Fig. 4.4(a)). However, by having a zero-extension
of 12 knot periods, such an approximation caused by ignoring the three outside-domain
B-splines were dramatically reduced (see Fig. 4.4(b)). Particularly, as shown in Fig. 4.5,
the amplitude of the decomposition coefficients in both the beginning and the end of
the head and the tail extension period decreased exponentially and rapidly towards zero
as the length of zero-extension period increased.

Last, we show the simulation results to demonstrate Objective Os. A long triangle

wave with large amplitude variations was employed in the decomposition (see Fig. 4.7).
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Figure 4.6: Sectional decomposition for a long trajectory: section 1 (a); section 2 (b).

The trajectory was partitioned into two sections at the middle point of the entire tra-
jectory (marked by the vertical dashed line in Fig. 4.7). The SID algorithm proposed
in Sec. 4.5 was utilized to decompose the trajectory sectionally. The trajectory to be
decomposed was partitioned into two sections (shown in Fig. 4.6), and each section was
decomposed sequentially. The knot period ¥ = 100 was chosen, and the zero-extension
period for each section was chosen to be long enough at 6¥. The decomposed trajectory
obtained via the SID algorithm is compared to the original trajectory in Fig. 4.7, and
the comparison for each section (the synthesized vs. the section or redesigned section
to be decomposed) with the SID algorithm is presented in Fig. 4.6. Moreover, the
decomposition coefficients obtained by using the SID algorithm are compared to those
obtained by decomposing the entire trajectory as a whole (called total decomposition)
in Fig. 4.8, where the difference between these two sets of coefficients is also shown.

In Fig. 4.6, no tail-extension was applied to the first section as those three B-splines
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Figure 4.7: Sectional decomposition for a long trajectory with both section combined.

exceeding the end of the first section were accounted for in the decomposition of the
second section, and both sections achieved high precision decomposition. Fig. 4.7 fur-
ther demonstrated that when combined together, the proposed SID method achieved
high precision, with the f3-norm and £s.-norm of the decomposition error at 2.6 x 1073
and 3.0 x 1072, respectively, and the difference was negligible when compared with the
decomposition error with the method proposed in Sec. 4.3. Moreover, Fig. 4.8 shows
that the coefficients obtained by both methods almost coincided with each other with
negligible difference. Therefore, the simulation results show that the proposed SID can

achieve same precision decomposition with less computation complexity.

4.7 Conclusion

In this chapter, a trajectory decomposition method using single basis were proposed for
the applications in control. First, a trajectory decomposition method based on a least
square minimization process was proposed and the decomposition error was proved to
be arbitrarily small as the decomposition knot period goes to zero. Then, we showed
that by adding a zero period at the beginning and the end of the trajectory, the first few

coefficients can be ignored, thus, the truncation of the basis elements can be avoided.
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Figure 4.8: Comparison of the decomposition coefficients obtained by SID method and
total decomposition.

Furthermore, we proposed a sectional interactive decomposition algorithm (SID) to
decompose a previewed trajectory with only one basis function. The numerical results

demonstrated the efficacy of the proposed method.
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Chapter 5

Optimal Time-Distributed Fast Fourier Transform:
Application to Online Iterative Learning
Control—Experimental High-Speed Nanopositioning

Example

Abstract

In this chapter, an optimal time-distributed fast Fourier transform algorithm and a
time-distributed inverse fast Fourier transform (OTD-FFT/TD-IFFT) algorithm are
proposed. This work is motivated by the need to implement FFT/IFFT online on
general microprocessors (e.g., Intel’s x86 microprocessors) in control applications and
signal processing, for example, the online implementation of frequency domain iterative
learning control (FD-ILC) techniques. In these applications, the conventional FFT algo-
rithm executes all the calculations within one single sampling period, thereby, becoming
the bottleneck in online implementations of signal processing and control algorithms.
In the proposed OTD-FFT technique, the FFT computation of an online sampled data
sequence is optimally distributed among all the sampling periods without increasing
the total computational complexity, arriving at the minimal per-sampling-period com-
putational complexity. As a result, the entire Fourier transformed sequence is obtained
without latency. The proposed approach is extended to online IFFT computation, and
then applied to online FD-ILC implementation. The computational complexity analy-
sis shows that by using the proposed approach, the per-sampling-period computational
complexity is substantially reduced. The efficacy of the proposed OTD-FFT/TD-FFT
for online implementation of FD-ILC technique is demonstrated through experiments

of high-speed trajectory tracking on a piezoelectric actuator.
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5.1 Introduction

In this chapter, an optimal time-distributed fast Fourier transform algorithm and a
time-distributed inverse fast Fourier transform algorithm (OTD-FFT/TD-IFFT) are
developed for online implementation of FET/IFFT in applications including frequency
domain iterative learning control (FD-ILC) [72, 1, 34], digital audio signal processing
[73], and online signal detection [74, 75]. In these applications, online FFT/IFFT is
central in the corresponding signal processing and control algorithm execution, and de-
mands the most intensive computation. The intensive online FFT/IFFT computation,
however, can be challenging for the hardware used, and becomes the bottleneck in these
implementations. Although special hardware and/or software have been proposed for
online FFT/IFFT [76, 28, 75|, these existing approaches are not suitable for applica-
tions such as the online implementation of FD-ILC on general-purpose microprocessors
of Von-Neumann architecture (e.g., Intel’s x86 microprocessors), where the FFT /IFFT
computation needs to be executed in one single sampling period. Through the proposed
OTD-FFT/TD-IFFT, we aim to address such challenges and substantially reduce the
per-sampling-period computation in online control and signal processing applications.
Limitations exist in current techniques developed for online implementation of FE'T/IFFT.
For example, a pipeline processor based on very large scale integration (VLSI) tech-
nology has been proposed for computing FFT of fixed-length (e.g., 256 points) [27],
and extended to process data sequences of longer but still fized lengths [28], by us-
ing a modified representation of the FFT algorithm. These methods, however, require
specially designed VLSI, and hence, are not flexible for processing data sequences of
various lengths. These limitations in FFT computation for different data lengths might
be addressed through hardware development based on field-programmable gate array
(FPGA) and digital signal processor (DSP) technologies, such as a radix-2 single-path
delay feedback pipelined FFT/IFFT processor based on FPGA [29], and a compact on-
line FFT algorithm based on DSP [30]. Although these FPGA/DSP-based techniques
improved the flexibility in online FFT computation, specially-designed hardware is

needed. Alternatively, algorithms have been proposed to improve online computation
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of FFT on general purpose microprocessors (e.g., Intel’s x86 microprocessors), including
a distributed FFT algorithm to process a large block of incoming data [31] that spreads
the computation across smaller blocks of the incoming data, and a multi-rate controller
based on a new discrete lifted system model to save computation by reducing the length
of input data [32]. In these efforts, however, the per-sampling-period complexity is still
significant, and latency is induced when the transformed (output) sequence is obtained.
Therefore, there are needs to develop techniques to further improve the real time im-
plementation of FFT/IFFT, particularly, on general-purpose microprocessors.

High-speed online implementation of FFT/IFFT is needed in applications such as online
application of control techniques like FD-ILC [1] and audio signal processing [73]. For
example, FD-ILC techniques have been developed and integrated with feedback con-
trol in the feedforward-feedback two-degree-of-freedom (2DOF) control configuration,
and applied in applications such as tracking of the sample topography in high-speed
atomic force microscope (AFM) imaging [1, 77, 78]. It is demonstrated that by using
this FD-ILC-based 2DOF control approach, the imaging speed can be significantly in-
creased [1, 78]. Further increase of the imaging speed, however, has been limited by
the hardware incapability to online execute the FFT/IFFT computation fast enough
[1, 78]. Although such a hardware limitation might be alleviated by converting and rep-
resenting the FD-ILC algorithms [79, 35, 78, 80] in time domain via, for example, the
corresponding finite impulse response [81], a lifted model [25] and a transfer function
model, approximation is induced in the system identification process, and high-order
approximation is needed for tracking at high speeds. Moreover, in application such as
fast audio signal processing, FFT is linked to operations such as visualization, signal
mixture, and watermarking on output devices such as monitors and speakers [82, 83],
requiring the microprocessor to be flexible and possess various peripheral interfaces.
Such a combined requirement—heavy computation coupled with versatile peripheral
interactions—renders general purpose microprocessors a more suitable choice. Thus,
highly-efficient FFT/IFFT implementation is essential in these microprocessor-based

real-time control and mechatronics applications.
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The main contribution of this work is the development of an OTD-FFT/TD-IFFT tech-
nique with direct application to online FD-ILC. Without increasing the total computa-
tional complexity, the proposed OTD-FFT/TD-IFFT algorithm exploits the butterfly
structure of FFT/IFFT to optimally distribute the FFT computation of an online sam-
pled data sequence to each of the sampling period, such that the per-sampling-period
computational complexity is minimized, and the entire Fourier transform sequence is
obtained without latency. Specifically, through the proposed OTD-FFT, the maxi-
mal per-sampling-period computational complexity for a data sequence of length 2V

oN+1 _ 9 multi-

is reduced from 2% log 2V multiplications and 2" log 2" additions to
plications and 2V*! — 2 additions, respectively. Similar idea is extended to the IFFT
computation in the proposed TD-IFFT algorithm, where, with the frequency domain
data of length 2V already known, the butterfly computation of IFFT is sequentially
distributed to the first 2N sampling periods. The proposed OTD-FFT/TD-IFFT algo-
rithm is applied to online implementation of FD-ILC, and the computational complexity
of the proposed OTD-FFT/TD-IFFT and the FD-ILC is analyzed. The efficacy of the
proposed approach in online control applications is demonstrated through experimental

implementation of a recently-developed FD-ILC technique [35] to high-speed precision

trajectory tracking on a nanopositioning system.

5.2 Optimal Time-Distributed FFT/IFFT with Minimal Per-Sampling-

Period Computational Complexity

In this section, we present, first, the FD-ILC algorithm as a motivational example, and
then the proposed optimal time-distributed FFT and time-distributed IFFT (OTD-
FFT/TD-IFFT) algorithms.
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5.2.1 Motivational Example: Frequency-Domain Iterative Learning

Control

Consider a general form of the FD-ILC algorithm given in the discrete-frequency domain
[79]
Uiljwe] = Q[jwk](Ui—1[jwe] + L{jwr]ei-1[jwr]), (5.1)

where wy, = 2k7/T, k=0, 1,..., Ns, Ny = |T/(2T5)], T and T are the period of the
iteration and the sampling period, respectively, e;_1[jwi]| is the tracking error of the

(i — 1) iteration output, Y;_1[jwy], with respect to the desired trajectory, Yy[jws], i.e.,
6i_1[jwk] = Yd[jwk] — Yi_l[jwk], 1 € N+, (52)

Yi[jwi] and U;[jwg] are, respectively, the discrete Fourier transform of the input and
output in the i*® iteration, and Q[jwy] and L[jwy] are the“Q filter” and “L filter” in
the ILC to be designed, respectively [79].

When implementing the above FD-ILC directly in frequency domain, Q[jwg], L[jwk],
and Yy[jwy| can be determined a priori (i.e., the frequency responses corresponding to
Q[jwi] and L[jwg], respectively), and the discrete Fourier transform, Y[jwg], can be
obtained in advance. Thus, the implementation amounts to, after the (i — 1)*" itera-
tion, obtaining the discrete Fourier transform (DFT) of the output trajectory via FFT,
Yi_1[jwk], then the frequency domain input U;[jwy] via Eq. (5.1), and finally, the time
domain input wu;[n] for the it iteration via the inverse DFT.

In offline implementation, the FFT/IFFT computation required in the above frequency
domain ILC algorithm (5.1) usually will not pose computational challenge, i.e., after
obtaining the (i — 1) iteration output y;_1[n], the control operation is paused, and the
ith iteration input u;[n] is computed offline and then, after the operation is resumed,
applied in the " iteration. Implementing the ILC (5.1) online on a general-purpose
microprocessor, however, can be challenging—At the beginning of each iteration, the
iterative control input must be obtained and available to be applied. Thus, in such an
online implementation via classical FFT/IFFT, both the FFT and the IFFT must be
computed (along with other additional computations) all within one sampling period—

the sampling period right before the first sampled point of the next iteration trial. Such
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heavy computations become the bottleneck in online implementation of FD-ILC.

5.2.2 Optimal Time-Distributed Real-time FFT/IFFT

Through the proposed optimal time-distributed FFT/IFFT (OTD-FFT/TD-IFFT), we
aim to minimize the per-sampling-period computational complexity without increasing
the total computational complexity. First, the classic radix-2 FFT/IFFT is briefly

reviewed.

Review: Radix-2 FFT and IFFT [84, 85]

FFT/IFFT exploits the periodicity and symmetricity existing in discrete-Fourier trans-
form (DFT) to dramatically reduce the computational complexity and increase the
execution efficiency. Particularly, for a real sequence of length of power of 2, {z[n] €
Rln=0,1,..., M—1, M =2 N € N}, N: the set of natural numbers, its DFT,
X|[k], can be obtained via [84]:

X[k] =) z[njwif,
n=0

2(N=1)_q 2(N=1)_q
2rk (53)

= Z z[2r|wdk + wk, Z x[2r 4+ 1wy},
r=0 r=0

2 En[k] + w,On]E].

where

(2m/M)

wy = e and wh, = ¢~ @km/M), (5.4)

and En[] and On[-] are the even and odd subsequence of z[-], respectively. Ey|[-| and
On|'] are recursively decomposed in the same manner until the subsequences Ey|-] and
Op|-] each contain only one element from z[-].

In practices, the above calculation of FFT induces N + 1 number of intermediate se-

quences successively,

Xol], Xal],.-., Xn[] with Xn[] = X[]
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and each intermediate sequence X,[-] € C**M (C: the set of complex numbers), for

p=20, 1,..., N, is obtained via an induction process,
Xplli : I5] = [Ppo1(L), Bp—1(1i)] + wap 0 [Sp-1(If), Sp-1(If)] (55)
2 (X[l : Iy], wap),
where X,[I; : If] = [Xp[L], XplLi+1], ..., X[l —1], Xp[If]], “o” denotes the Hadamard
product of two vectors of the same size (i.e., element-wise product), e.g., for any given
two vectors [a1, b1, c1] and [ag, b2, c2|, [a1, b1, c1] o [ag, b2, c2] = [ar1ag, biba, cica],
and fori =1, 2,---, 2N-P,
L=20(i—1), Ij=2Pi—1,
Py i (L) = Xpa[l; : I +2°7 1 — 1], (5.6)
Sp-1(If) = Xpa[ly = 277" +1: I¢],
with
wor = (W, Wap, ..., Wy 1. (5.7)
Initially,

Xo[I(n)] = z[n|, with I(n) = dec(rev(bin(n))), (5.8)
where bin(n) denotes the binary representation of an integer n, rev(n) denotes the re-
verse of n, e.g., rev(1011) = 1101, and dec(b) denotes the decimal representation of
a binary number b, e.g., dec(1101) = 13. Thus, the function I(n) is identical to its
inverse, i.e., for any given n, I(n) =I1"1(n).

Similarly, IFFT is computed in the same manner. Conventionally, the computation
of FFT/IFFT requires the whole sequence z[-] or X|[| to be known a priori, and
the computation—on general purpose microprocessors of Von-Neumann architecture—
needs to be completed in one single sampling period, thus, not suitable for online

implementation.

5.2.3 Optimal Time-Distributed FFT and IFFT
Time-Distributed FFT

The proposed algorithm is for computing FFT concurrently when the sampled data

sequence is acquired, and obtaining the FFT result without latency.
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Figure 5.1: The schematic chart of Radix-2 FFT, where the pink and purple dashed-
line boxes indicate the computation sequences enabled by the newly-sampled data x[12]
(pink) and x[14] (purple) at the 13" and the 15" sampling period, respectively.

Optimal Time-Distributed FFT (OTD-FFT): Let{z[n]eR|/n=0,1,---, M—
1} with M = 2V, and N € N* be a sampled input sequence acquired in real time, i.e.,

at any sampling time instant p € [0, M — 1], z[n] is known Vn < p, then the OTD-FFT

problem is to obtain the DFT sequence of z[-], X[], such that
e The total computational complexity is the same as that of FFT;
e The maximal per-sampling-period computational complexity is minimized; and
e The entire DFT sequence, X|-], is obtained without latency.

To solve the above OTD-FFT problem, we observe that during the intermediate steps of
the Fourier transform computation, not the entire but part of the input data sequence
is used. For example, as depicted in Fig. (5.1), when N = 4, during the 13*" sampling
period, the newly-sampled data x[I(3)] = x[12] allows the computation of the interme-
diate sequence Xi[k] for k = 2, 3, and thereby, Xs[k| for k = 0, 1, 2, 3 (see the pink
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Sampling period
| >
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Figure 5.2: Computation stages of the proposed OTD-FFT scheme.

dashed box in Fig. (5.1)), and during the 15*" sampling period, the newly-sampled data
x[I(4)] = x[14] allows the computation of X3[k] for k = 0, 1,..., 7 (see the purple
dashed box in Fig. (5.1)). Similar pattern can be carried out until the last sampling
period of the sequence. This observation implies that the FFT computation can be
distributed across the sampling periods when the sequence of x[] is acquired.
Specifically, the computation of the Fourier transform of the time sequence {z[n| €
Rln=0,1,..., M —1} with M = 2" can be split into N + 1 stages, So, Si,..., Sy
, where the range of the sampling instants of stage S, is given by (see Fig. (5.2)),
[mp :mpy1 —1] forp=0,1,...,N—1,

Sp = (5.9)
M for p= N,

where the index m,, is given by
my, =2N"P(2P —1) forp=0, 1,..., N. (5.10)

In each stage S, p= 0, 1,---, N, only a portion of the intermediate sequences, X;[-],
fori =0, 1,--- ,p — 1, are computed by using the already known part of the input
sequence, denoted as vector V}, and given by:

{z[mp :mpy1 — 1]} forp=0,1,...,N—1,

v, = (5.11)
{z[M]}, for p = N.

In each stage, the computation in each sampling period to obtain the corresponding
part of the intermediate sequence, X, [-], is similar. Considering the input sequence
with length no less than 2V = 2* = 16 (In almost all practices, the length of the
sampled sequence N > 4), then in stage Sp, the operation in each sampling period of

stage Sy only amounts to putting the newly sampled input data sequentially into the
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corresponding location of the intermediate sequence Xo[-] (see Eq. (5.8)), i.e., during

the n'? sampling period for any n in mg < n < mj — 1,
Xo[I(n)] = x[n], (5.12)

and at the last sampling period of stage Sp, the following part of Xy[-] have already
been obtained,

Xo[I(mg : m1 — 1)] = VW,

The calculation procedure in stage S1 to Sy is described below.

In stage Si, the newly-sampled elements in Vi = {z[m; : ma — 1]} will be put in
sequence Xg[-] sequentially in the same manner as in stage So. Then during the n'!
sampling period of stage S for n =my, m1 +1,..., mo — 1, the following part of the

sequence X1[-], Xi[I(n) — 1 I(n)], is obtained via one step calculation as follows,

Xi[I(n) — 1] = Xo[I(n) — 1] + wy Xo[I(n)],
(5.13)
Xi[I(n)] = Xo[I(n) — 1] + wy Xo[I(n)],
where wg for j = 0, 11is as defined in Eq. (5.4). Thus, in stage Ss, the known part

of Xi[] from the above computation can be used to compute the following part of

sequence X[, Xo[I(n) — 3 : I(n)], for n = ma, ma+1,..., mg — 1, and recursively,
by stage S, (p = 2, 3,..., N — 1), the following part of the intermediate sequences
Xi[], k= 1, 2,---, p— 1, are obtained,

Xk[Iz . If], for
L=1(n)—24+1, I;=1(n), and (5.14)
n= mg, mg+1,..., My — 1.

h

Thus, in general, during the n'" sampling period in stage S, for n = m,, m, +

1,..., mpp1—land 1 < p < N —1, the newly sampled input data x[n] are passed into
Xo[I(n)] as in Eq. (5.12), and the following part of the sequence Xp[-], Xp[I(n) —2P+1:
I(n)], is obtained via p-step calculations below,
Xp[I(n) — 28 +1:I(n)] = ®(Xp_1[I(n) — 28 + 1 : I(n)], waz),
(5.15)
fork=1, 2,..., p,
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where the function ®(:,-) is defined in Eq. (5.5), and Xy[I(n)] for n = m,, m, +
1,..., mpy1 — 1 are obtained the same manner as in Eq. (5.13).

In stage Sy, i.e., n = 2V, p = N steps calculation is completed—by letting p = N in
Eq. (5.15), and the entire sequence X y[] is obtained as the FFT of the whole sequence
z[], i.e., X[] = Xn[]-

Next, we show that the above time-distributed computation scheme is optimal in min-
imizing the maximal per-sampling-period computational complexity without latency

(The computational complexity is discussed later in Sec. 5.2.4).

Lemma 33. For any given sampled input sequence {z[n] € R| n =10, 1,..., M —
1, M =2V, N € N}, the proposed OTD-FFT algorithm minimizes the mazimal per-

sampling-period computational complexity without latency.

Proof. Examining the per-sampling-period computational complexity in the above OTD-
FFT algorithm shows that the maximal per-sampling-period computational complexity
occurs at the last sampling period-the (M —1)*" sampling period, and equals to 2V 1 —2
multiplications and 2V+1 — 2 additions. Such a computation cannot be further reduced
without latency as at any k' sampling period for 0 < k < M — 1, the computa-
tion using the already available sampled input sequence x[n] for n = 0, 1,..., k has
been completed, i.e., any further computation would require future input data x[n]
for n > k that are not yet available. Moreover, all the calculations conducted in the
(M — 1) sampling period require the newly-sampled data z[M — 1] (see Eq. (5.15)).
Thus, the maximal per-sampling-period computational complexity cannot be further

reduced. This completes the proof. O

Time-Distributed IFFT

It can be seen—from the above description—that the TD-IFFT can be computed in the
same manner by splitting the computation into NV 4 1 stage across the entire sampling
sequence. Alternatively, as usually the entire Fourier transformed sequence X|-| is
already known a priori, computation of the inverse Fourier transform can be distributed

across any K < M(M = 2V) number of sampling periods. Such a time-distributed
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computation of IFFT is needed in applications such as real-time FD-ILC, where the
output of the IFFT—the corresponding time domain control input sequence x[-]—is
needed not at the last sampling instant of each iteration period, but much earlier.
Thus, it is proposed next to compute the TD-IFFT in the first 2N sampling periods
(for sequence length of 2V length). The 2N periods of computation window is chosen as
such a choice not only allows the calculation to be distributed in a pattern corresponding
to the butterfly structure of IFFT, but also guarantees that in online applications such
as FD-ILC, the per-sampling-period computational complexity in the first 2N sampling
instants does not exceed the maximal per-sampling period complexity in the OTD-FFT,
occurring at the last M*" sampling period (see Sec. 5.2.4), even when the OTD-FFT,
TD-IFFT, and part of IDFT are concurrently computed (as needed in real-time FD-
ILC, see Sec. 5.2.4 later).

Similar as in the OTD-FFT, the computation of TD-IFFT induces N + 1 number of

intermediate sequences successively,

zol], z1[],..., an[] with zn[]==z[]
and the intermediate sequence z4[-] € CYXM forq=1, 2,..., N, is obtained recursively
by
$q[Iz' : If] = (I)(l'q_l[[i : If],V_VQq), (5'16)
fori=1, 2, ..., 2¥7P_ where I; and I are given as in Eq. (5.15), respectively, function

®(-,-) is defined in Eq. (5.5), and Waq is the complex conjugate of vector was defined
in Eq. (5.7). Initially,
zo[I(k)] = X[K]. (5.17)

The recursive process above shows that we can obtain z1[-], z2[-],..., z4[-] sequentially.
Thus, the IFFT computation of X[k] can be distributed into the first 2N sampling
periods, denoted as stage N in Fig. (5.3). At any n'" sampling period of stage A for

n= 0, 1,..., 2N —1, the following part of the intermediate sequence xz,[-] is obtained,

zg 2V s 2N s+ 1) — 1], (5.18)
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Figure 5.3: Computation stages of the proposed TD-IFFT scheme.

where

g=[n/2], s= mod (n,2)

and [-] and mod (n,m) denotes the ceiling function and the modulo function, respec-
tively. Thus, the first half of the sequence z,4[] is obtained via Eq. (5.16) when n is
even, while the second half is obtained via the same equation in the next sampling
period. Therefore, at the last sampling period of stage Ny, the whole corresponding

time domain sequence x[-| is obtained.

5.2.4 Application: Real-time Iterative Learning Control

In this section, first, an online implementation of the FD-ILC algorithm (5.1) is devel-
oped based on the proposed OTD-FFT/TD-IFFT, then the computational complexity
of the proposed OTD-FFT/TD-IFFT and FD-ILC algorithms are analyzed.

OTD-FFT/TD-IFFT based Online ILC Implementation

To implement the FD-ILC (5.1) online, we propose to split the required FFT/IFFT
computation of each iteration into two parts: First, during the i*" iteration, the OTD-
FFT is applied to obtain the Fourier transform of the output measured in the ‘P
iteration, Y;[-], and then at the last sampling period of the i*" iteration, the frequency
domain input Uyy[-] for the (i + 1) iteration is obtained via Eq. (5.1); Secondly,
during the first 2N sampling periods of the (i + 1) iteration, the proposed TD-IFFT
is applied to obtain the time domain input sequence for the (i + 1) iteration, ug1[],
and at the (2N — 1) sampling period, the entire input sequence {uj;1[n] € R| n =

0, 1,..., M — 1} is obtained. To obtain the iterative control input w;41[n] for the first
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Figure 5.4: Illustration of the proposed FD-ILC computation scheme based on the
proposed OTD-FFT/TD-IFFT algorithms.

2N — 1 sampling period, the following direct IDFT is applied

2N 1
win] = Y Uipa[klwyf", forn=0, 1,..., 2N — 1. (5.19)
k=0
Note that although this portion of the input, uw;yi[n], n =0, 1,..., 2N — 1, are com-

puted twice, the total per-sampling-period computational complexity of the FD-ILC is
still much lower than that when using the conventional FFT/IFFT (see the complexity
analysis below). We also note that the computation of the IFFT might be distributed
into the first K < 2N sampling periods so that less number of input values need to be
computed via IDFT (5.19) directly. As a result, the total computational complexity of
the entire iteration trial might be reduced. Such an approach, however, will complicate
the computation scheduling, and can increase the per-sampling-period complexity.

To continuously implement this scheme online, in each iteration, the computation in
stage Sp of the OTD-FFT computation is partially overlapped with that of the TD-
IFFT in stage Ny (see Fig. (5.4)). Specifically, the steps to implement the proposed
computation algorithm of FD-ILC are given as follows (see Fig. (5.5)):

Step 1 (Initialization): Set the number of sampling periods to 2"; Compute and store

the data that can be computed offline (e.g. won, I[k]); And choose the initial input for
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Initialization:
i=1; wil]=cyal]

First iteration:
At stage So—SnN, obtain Y1 []

with OTD-FFT;
At stage SN, obtain X;[] via
the ILC formula (1);

1= 2.
1=1+1

i*" iteration:
At stage No, obtain z;[k], k=0,
1,...,2N —1, via DIFT, and
obtain =:[] via TD-IFFT;
At stage So—Sn , obtain Yi[]
via OTD-FFT,;
At stage SN, obtain X,.:[] via
the ILC formula (1).

Y

_Siop chebic

No

s> oo el = uall ~ wils < €75

) ——Yes

End

Figure 5.5: Flowchart of the proposed FD-ILC algorithm via OTD-FFT/TD-IFFT.

the first iteration trial, e.g., set ui[-] = cyq[-], where y4[] is the desired trajectory to be
tracked, and ¢ is the DC-gain of the system.

Step 2 (First iteration): During each 1 < n < N sampling period of the first iteration,
apply the corresponding input u;[n], then execute the sequential computation of the
OTD-FFT from stage S1 to Sy to obtain the corresponding Fourier transform of the
output, Y7[-]; Then, at stage Sy, i.e., the last sampling period, the ILC formula in
Eq. (5.1) is executed to obtain the FFT of the input sequence for the next iteration,
Us[-]. Go to Step 4.
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Step 3 (The i'" iteration): In each i*" (i > 2) iteration, during each n'" sampling
period of stage Ny for n = 0, 1,..., 2N — 1, obtain the time domain input u;[n| via
inverse DFT and apply it to the system, and apply the TD-IFFT algorithm until the
whole input sequence u;[-] is obtained at the last sampling period of stage Ny. Then the
OTD-FFT is utilized from stage S; to Sy to obtain the frequency domain data Y;[];
during the state Sy, the ILC formula in Eq. (5.1) is executed to obtain the Fourier
transformed sequence of the input for the next iteration, U;1[].

*

Step 4 (Stop condition): If the iteration counts i > ¢* (i*: the pre-chosen number
of iterations), or the tracking error e[k] = yqlk] — yi[k] satisfying |le[-]||2 < € (the pre-

chosen desired tracking precision), then stop; otherwise, ¢ = i+1, and go back to Step 3.

Computational Complexity Analysis

The analysis next is focused on the per-sampling-period computational complexity of
the above algorithms.

The per-sampling-period computational complexity (only consider the complex multi-
plication and addition in the computation) of the classical radix-2 FFT and IFFT algo-
rithms are, respectively, 2"V log 2V multiplications and 2" log 2" additions [85]. With
the proposed OTD-FFT, the per-sampling-period computational complexity in stage
S;, fori =0, 1,..., N, is reduced to 2! — 2 multiplications and 2!+ — 2 additions.
Therefore, the maximal per-sampling-period computational complexity is at 2V+1 — 2
multiplications and 2V — 2 additions, occurring at the last sampling period of stage
Sy. With the TD-IFFT, the computation of IFFT is completed in stage Ny, and the
complexity in each sampling period is the same during stage Ny, and equals at 2V~1

2N-1 additions.

multiplications and
Finally, comparison of the proposed OTD-FFT /TD-FFT with the conventional FFT/IFFT
shows that except being distributed across the sampling periods, the computations ex-
ecuted in the OTD-FFT and TD-FFT are, in fact, exactly the same as those in the
conventional FFT/IFFT. Thus, the proposed OTD-FFT/TD-FFT does not increase

but maintain the total computational complexity.
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Table 5.1: Comparison of the maximal per-sampling-period computational complexity.

Algorithm Multiplications Additions
FET/IFET ¥ log 2V ¥ log 2
OTD-FFT oNFT _ 9 oN+T _ 5
TD-IFFT ST oY
FD-ILC — E—
(FFT4IFFT) 2 x 2V 1log 2" + 2V | 2 x 2V log 2V + 2
FD-ILC -~ —
(OTD-FFT+TD-IFFT+IDFT) | °*% 72 N+2 2

x10*

oo
M| —a
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|+ *
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Figure 5.6: Comparison of the maximal per-sampling-period computational complexity
for N =9,10,11,12,13.

To quantify the computational complexity of the proposed FD-ILC algorithm, we note
that IDFT is also used to obtain part of the input, u;[n] for n =0, 1, ..., 2N —1,
for immediate implementation, adding another 2V multiplications and 2V — 1 addi-
tions in each sampling period of stage Ny. As a result, the total computation in the
implementation of the FD-ILC in each iteration trail should account for the compu-
tation of the OTD-FFT, TD-IFFT, and the IDFT computation (for those sampling
periods in stage Ap), and the frequency domain ILC computation (for stage Sy) all
combined. The maximal per-sampling-period computational complexity occurs at the

last sampling period of each iteration, and for Q[jwy] = 1 in the ILC algorithm (5.1),

equals to 3 x 2V — 2 multiplications and 2V*2 — 2 additions—a dramatic reduction
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from 2 x 2V log 2V + 2V multiplications and 2 x 2 log 2V 4+ 2N+1 additions when using
the classic radix-2 FFT and IFFT in the FD-ILC implementation. The comparison of
the maximal per-sampling-period computational complexity is shown in Table. 5.1 and
Fig. (5.6).

Complexity comparison in Fig. (5.6) clearly reveals the efficacy of the proposed OTD-
FFT/TD-FFT for online applications. Particularly, as the data length increases, the
maximal per-sampling-period computational complexity increases linearly and thereby,
relatively very slow for the proposed OTD-FFT/TD-FFT, whereas increases exponen-
tially, and thereby, much faster for the conventional FFT/IFFT. For example, at the
data length of 213 (213 = 8192), the maximal per-sampling-period complexity of the
OTD-FFT is 5.5 times lower than (i.e., 15.4 % of) that of the conventional FFT. As
shown in Fig. (5.6), the maximal per-sampling-period computational complexity of the
proposed FD-ILC—with both the OTD-FFT, TD-FFT, and partial IDFT computed
simultaneously—is still lower than that of the conventional FFT/IFFT alone—1.2 times
lower than that of the conventional FFT/IFFT alone at the data length of 2!3 (8192).
Such a dramatic reduction in the maximal per-sampling-period computational com-
plexity is very much needed in online control applications and other signal processing

applications on general-purpose microprocessors.

5.3 Experimental Implementation

The experimental implementation consisted of two parts: We first demonstrated the
proposed OTD-FFT/TD-FFT technique in real-time signal processing, then further
illustrated the implementation of the proposed real-time FD-ILC technique in output
tracking control on a piezoactuator of an AFM system.

All the programs employed in the experiments were designed in Matlab/Simulink, and
then downloaded and executed online on a PC system (CPU: Intel Xeon @2.4GHz)
under the Matlab-xPC-target real-time operation system environment through a data

acquisition system (PCI 6259, National Instrument Inc.).
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Figure 5.7: (a) Comparison of the upper bound of the sampling frequency (Fs) of the
proposed OTD-FFT vs. the conventional FFT measured in the experiment using the
white-noise data sequence of different lengths (D1); and (b) the ratio of upper bound
of the sampling frequency (Fs) of the proposed OTD-FFT to that of the conventional
FFT.

5.3.1 Implementation of OTD-FFT/TD-IFFT, Results & Discussion

First, we tested and evaluated the online computational efficiency of the proposed OTD-
FFT: An a priori generated white-noise of given length, {w,[n]n =0, 1,---, M —1}
with M = 2V, was sent out and directly acquired back via the D/A and A/D conver-
sion of the DAQ system, respectively. During these M sampling periods, the proposed
OTD-FFT was employed to obtain the Fourier transform of the acquired input signal,
Wilk], k= 0, 1,..., M —1. For comparison, the classical FF'T was also implemented,
i.e., the FFT was computed within the sampling period right after the entire discretized
sequence of the white-noise signal was sent out and acquired back completely. The
upper bounds of the sampling frequency—by keeping the length of the sampled white-
noise sequence fixed—were experimentally tested as the supremium at which the CPU
was overloaded and the program was halted. The tested upper bounds of the sampling
frequency for these two cases are compared in Fig. (5.7) for different lengths of sampled
sequence.

The experimental results showed that by using the proposed OTD-FFT technique,

the computational efficiency in online signal processing was significantly improved—by
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using the proposed OTD-FFT algorithm, the upper bounds of the sampling frequen-
cies were substantially higher than those when using the classical FFT. Also, from
Fig. (5.7b), we can see that the computational efficiency improvement, measured by
the ratio of the sampling frequency upper bound of the proposed OTD-FFT to that of
the conventional FFT, became more significant as the length of the data increased—by
using the proposed OTD-FFT method, the upper bound of the sampling frequency was
increased over 3.3 times when using the proposed OTD-FFT method at the data length
of 213 (8192). Such an trend of increase well agreed with the theoretical prediction.
Secondly, we further evaluated the online computational efficiency when implementing
the proposed OTD-FFT and TD-IFFT together: First, the OTD-FFT was applied to
obtain the Fourier transform of the white-noise signal {w,[n]| n =0, 1,..., M — 1},
W;[-] in the same way as in the first experiment. Then in the following 2N sampling
periods, the proposed TD-IFFT was applied to the obtained Fourier transform sequence
W;[-] to obtain the “converted” time sequence {w;[n]|n =0, 1,..., M —1}. The upper
bounds of the sampling frequency for different lengths of the sampled white-noise were
experimentally tested as the supremium at which the CPU was overloaded and the pro-
gram was halted. For comparison, the classical FFT+IFFT was also implemented, i.e.,
the FFT+IFFT was computed within the sampling period right after the white-noise
signal was sent out and acquired back completely. The tested upper bounds of the
sampling frequency for these two cases are compared in Fig. (5.8) for different lengths
of the sampled sequence. Similarly, the upper bounds of the data length—for fixed sam-
pling frequency—were also experimentally tested, and the tested upper bounds of the
data length are compared in Fig. (5.9).

The experimental results showed that by using the proposed OTD-FFT+TD-IFFT
algorithms, the computational efficiency in online signal processing was significantly im-
proved. By using the proposed OTD-FFT+TD-IFFT algorithms, the upper bounds of
the sampling frequencies were substantially higher than those of the classical FFT4+IFFT.
For example, the upper bound of the sampling frequency was increased over 3.1 times
when using the proposed OTD-FFT+TD-IFFT method for the sampled data of length

of 1024 (improved from 7.1kHz to 29kHz, see Fig. (5.8)). Such an improvement can
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Figure 5.8: (a) Comparison of the upper bound of the sampling frequency (Fs) of the
proposed OTD-FFT+TD-IFFT vs. the conventional FFT+IFFT measured in the ex-
periment using the white-noise data sequence of different lengths (Dl); and (b) the ratio
of the upper bound of the sampling frequency (Fs) of the proposed OTD-FFT+TD-
IFFT to that of the conventional FFT+IFFT.

also be seen from the increase of the upper bounds of the achievable data length for
fixed sampling frequency. For example, at the sampling frequency of 16kHz, by using
the proposed OTD-FFT+TD-IFFT method, the upper bound of the data length was
increased over 3 times (improved from 256 to 1024, see Fig. (5.9)) at the sampling
frequency of 16 kHz.

We note that the improvement reduced when the data length was further increased
to 2048 (2!1), 4096 (2'%), and 8192 (2'3) (see Fig. (5.8)) or when the sampling fre-
quency was further decreased (see Fig. (5.9)), which was lower than those theoretical
predictions (see Fig. (5.6)). Such a difference-between the experimentally-achieved and
the theoretically-predicted improvements—might be caused by two factors: First, the
theoretical prediction does not take into account the time consumed by other oper-
ations involved, including the A/D and D/A conversion and the memory read/write
time. The portion of the time spent on these operations can increase significantly as
the length of the sampled sequence increased. Secondly, the OTD-FFT+TD-IFFT
algorithm was programed and executed via the Simulink environment whereas the

FFT+IFFT functions were executed via the built-in program of Matlab—much more



108

(6]

= FFTHIFFT
+—+ OTD-FFT+TD-IFFT},

(o)
o
o
o

[e))
o
o
o
S

2000¢

Upper bound of data length
5
o
o
~

Upper bound ratio of data length
w

o

20 91 92 23 94 25 20 91 22 23 94 95
Sampling frequency (kHz)  Sampling frequency (kHz)

Figure 5.9: (a) Comparison of the upper bound of the data length (DI) of the proposed
OTD-FFT+TD-IFFT vs. the conventional FFT+IFFT measured in the experiment
using the white-noise data sequence of different sampling frequency (Fs); and (b) the
ratio of the upper bound of the data length (D1) of the proposed OTD-FFT+TD-IFFT
to that of the conventional FFT+IFFT.

efficient than Simulink programs of user-defined script functions. Therefore, the effi-
cacy of the proposed OTD-FFT+TD-IFFT technique is very promising for high-speed

online signal-processing applications.

5.3.2 Implementation of Real-time FD-ILC, Results & Discussion

Next, to demonstrate the proposed technique to real-time FD-ILC, the following inversion-

based ILC algorithm [78]
Uiljwr] = Ui—1[jwr] + Glijwe] " ei1[jwi], (5.20)

was implemented in high-speed online trajectory tracking on a piezoelectric actuator
of an AFM system (Dimension ICON, Bruker-Nano Inc.). The first resonant frequency
and the bandwidth of the piezoelectric actuator were at ~5.0kHz and ~3.0kHz, re-
spectively, as can be seen from the frequency response of the system measured through
experiment, shown in Fig. (5.10). Note that the general ILC in (5.1) is reduced to
the above inversion-based iterative learning control (IIC) by choosing Q[jwg] = 1 and

replacing L[jwy] with the inverse of the frequency response G[jwg].
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Figure 5.10: The frequency response of the piezoelectric actuator measured through
experiment.

The proposed real-time FD-ILC technique as detailed in Sec. 5.2.4 was implemented
to track a two-period triangle signal of different triangle rates (500 Hz, 650 Hz, and 800
Hz), where the experimentally measured frequency response (as a sequence of complex
numbers) was used in the FD-ILC law (5.20) directly, and the effects of the system vari-
ation and disturbances were accounted for by setting U;[jwi] = Ui—1[jws] at frequencies
where the iterative input updated term, G[jwi|e;—1[jwk]|, was less than the threshold
value (which was determined based on the noise/disturbance level). The sequence of
the input/output data was kept at the same length of 1024(2!%) for the three triangle
rates, and the iterative control input obtained was immediately applied one iteration
after the other. The same initial condition for each iteration was maintained by having
a long enough zero-extension at both the beginning and the end of the trajectory in
all three speeds of the desired trajectories (see Fig. (5.11a), (5.12b), and (5.13a)). The
upper-bound of the sampling frequency was measured by keeping on increasing the sam-
pling frequency (until the CPU overload occurred). The iteration was stopped when the
tracking error (measured in RMS sense) cannot be further reduced. Then the practi-
cally converged tracking results were acquired by using the highest-achievable sampling

frequency for the above three triangle rates. For comparison, the upper-bounds of the
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Figure 5.11: Comparison of (a) the tracking results and (b) the tracking error by using
the proposed FD-ILC (via OTD-FFT+TD-IFFT) with those by using the FD-ILC (via
FFT+IFFT) for the trajectory of triangle rate at 500 Hz.

sampling frequency when using the FD-ILC via the conventional FFT+IFFT to track
the above three triangle trajectories were also tested in the experiment, and the con-
verged tracking results under the highest-achievable sampling frequency were acquired.
In each cases (the proposed FD-ILC and the conventional FD-ILC), the frequency re-

sponse measured at the corresponding sampling frequency was used in the computation

of the iterative control input via Eq. (5.20).

Table 5.2: Comparison of the relative RMS tracking error by using the two FD-ILC

schemes for different triangle rates.

Triangle rate (Hz) 500 650 800

FALe 325 | 536 | 5.44

(via OTD-FFT+TD-IFFT)

FD-ILC (%)
7.34 | 24.00 | 29.62

(via FFT+IFFT)
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Figure 5.12: Comparison of (a) the tracking results and (b) the tracking error by using
the proposed FD-ILC (via OTD-FFT+TD-IFFT) with those by using the FD-ILC (via
FFT+IFFT) for the trajectory of triangle rate at 650 Hz.

The experimentally-measured upper bound of the sampling frequency was at 22 kHz
and 6.8 kHz for the proposed FD-ILC and the FD-ILC via conventional FFT+IFFT,
respectively. The converged tracking results obtained by these two implementation
schemes are compared in Fig. (5.11), Fig. (5.12), and Fig. (5.13) for the triangle tra-
jectory at rate of 500 Hz, 650 Hz, and 800 Hz, respectively. The relative RMS tracking
errors of the above three triangle trajectories obtained by using these two methods are

also compared in Table 5.2.

The experimental tracking results showed that high-speed precision trajectory track-
ing can be achieved by using the proposed method. As shown in Table 5.2, the tracking
performance of the FD-ILC was significantly improved when using the proposed OTD-
FFT+TD-IFFT over the conventional FEFT+IFFT algorithms. For example, even for

the high-speed trajectory of triangle rate at 800Hz, the relative RMS error was only
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Figure 5.13: Comparison of (a) the tracking results and (b) the tracking error by using
the proposed FD-ILC (via OTD-FFT+TD-IFFT) with those by using the FD-ILC (via
FFT+IFFT) for the trajectory of triangle rate at 800 Hz.

5.44%, over 4 times lower than that when using the conventional FFT+IFFT. Such
an increase of tracking performance was mainly benefited from the higher sampling
frequency enabled by using the proposed OTD-FFT+TD-FFT technique, as by us-
ing the proposed FD-ILC scheme, the achievable sampling frequency was over 3 times
higher than that by using the conventional FFT+IFFT based FD-ILC scheme (22 kHz
vs. 6.8 kHz). The higher sampling frequency allowed not only more higher-order har-
monic frequencies of the tracking trajectory to be acquired into the DAQ system, but
also better (i.e., more accurate) representation of the system dynamics (i.e., the fre-
quency response) in the FD-ILC algorithm (5.20), resulting in better compensation for
the tracking error by the proposed FD-ILC. For example, as shown in Fig. (5.14), at
the sampling frequency of 22 kHz, or equivalently, the Nyquist frequency of 11 kHz,
most of the spectrum of the 800 Hz two-period triangle trajectory can be acquired

without aliasing. Whereas at the sampling frequency of 6.8 kHz, a significant part of
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Figure 5.14: The spectrum of the 800 Hz triangle trajectory with respect to the sampling
frequency achieved by using the proposed approach (F's;: 22 kHz) and the conventional
FFT/IFFT-based approach (F'sy: 6.8 kHz), and the corresponding Nyquist frequencies
(F's1/2 and F'sy/2), respectively.

the frequency components of the trajectory exceeded the corresponding Nyquist fre-
quency of 3.4 kHz, resulting in aliasing issue in both the tracking results acquired.
Similarly, such a decrease of Nyquist frequency (from 11 kHz to 3.4 kHz) also led to
frequency aliasing in the system frequency response G[jwy] that can be utilized by the
FD-ILC algorithm for output tracking. Such an aliasing-caused tracking error (due to
the limited sampling frequency achieved) became more pronounced as the triangle rate
increased, as shown in Table 5.2. Finally, for trajectories such as triangle trajectory of
relatively narrow frequency spectrum, the online computation efficiency can be further
improved by combining the Goertzel algorithm [86] with the proposed technique (by
distributing the computation for a specific range of frequencies in a similar pattern as
the proposed OTD-FFT/TD-IFFT). However, the proposed approach is equally effec-
tively for tracking more general trajectories with relatively broad spectrum. Therefore,
the experimental results clearly illustrated the superior performance of the proposed
OTD-FFT+TD-FFT over the conventional FEFT-+IFFT in real-time implementation of

the FD-ILC techniques and other real-time signal processing applications.
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5.4 Conclusion

The OTD-FFT/TD-IFFT technique was developed to minimize the per-sampling-period
computational complexity in online FFT implementation. The proposed OTD-FFT ap-
proach distributed the computation load by exploiting the butterfly structure in com-
puting FFT/IFFT to each single sampling period, and minimized the per-sampling-
period computational complexity without latency while maintaining the total compu-
tational complexity. The proposed OTD-FFT/TD-IFFT algorithm was utilized in on-
line FD-ILC implementation. Moreover, the computational complexity of the proposed
OTD-FFT/TD-IFFT and the FD-ILC was analyzed. Experimental implementation of
the proposed OTD-FFT/TD-IFFT and its application to the FD-ILC technique demon-

strated that the proposed approach was effective in online control applications.
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Chapter 6

Conclusion

In this dissertation, optimal and learning-based output tracking and tracking-transition
techniques were proposed for applications in high-speed probe-based nanofabrication.
Particularly, we proposed an approach to extend the previous work that attains smooth
output transition and smooth tracking/transition switching to further achieve amplitude-
constrained input-energy minimization and transition time minimization. Then, an
offline learning based control technique was developed to compensate for both hys-
teresis and dynamics in hysteresis-Hammerstein systems. Moreover, for the trajectory
decomposition problem arose in the offline learning based control technique, we further
developed an asymptotic online trajectory decomposition by only using one type of
basis function without truncation. For the computation issue occurred in the real-time
implementation of frequency-domain iterative learning control (FD-ILC) in high-speed
nanofabrication, a real-time FD-ILC based on an optimal time-distributed FFT/IFFT

was developed. The main contributions of this dissertation include:

1. A multi-objective optimization technique to trajectory design and tracking with
non-periodic tracking-transition switching was proposed for non-minimum phase
systems. The proposed approach extended the previous work on trajectory design
and tracking of non-periodic tracking-transition switching to further minimize the
input energy under amplitude constraint and then the transition time. It was
shown that the amplitude-constrained input-energy minimization problem can be
converted to an unconstrained one. Then the optimal parameters in designing the
transition output trajectory were sought through an improved conjugate gradient
method, and the minimal transition time was further obtained via one dimensional

search.
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2. The superposition of Hammerstein systems has been studied through the develop-
ment of the almost superposition principle of Hammerstein systems. It has been
shown that the superposition error can be rendered arbitrarily small, i.e., the
almost superposition holds for Hammerstein systems, provided that the number
of output elements is large enough. A realization of the ASHS for output track-
ing was proposed by combining uniform B-splines for trajectory decomposition
with an inverse Preisach model for input synthesis. Two optimization schemes
were further proposed to enhance the implementation of the ASHS in practice.
Moreover, the proposed ASHS was implemented for simultaneous compensation
of hysteresis and dynamics in precision output tracking. Experiments were per-
formed to control the piezoactuator on an AFM system in different frequency

range, and the results demonstrated the efficacy of the proposed method.

3. A trajectory decomposition method using single basis was proposed for the ap-
plications in control. First, a trajectory decomposition method based on a least
square minimization process was proposed and the decomposition error was proved
to be arbitrarily small as the decomposition knot period goes to zero. Then, we
showed that by adding a zero period at the beginning and the end of the trajec-
tory, the first few coefficients can be ignored, thus, the truncation of the basis
elements can be avoided. Furthermore, we proposed a sectional interactive de-
composition algorithm (SID) to decompose a previewed trajectory with only one
basis function. The numerical results demonstrated the efficacy of the proposed

method.

4. The OTD-FFT/TD-IFFT technique was developed to minimize the per-sampling-
period computational complexity in online FFT implementation. The proposed
OTD-FFT approach distributed the computation load by exploiting the butterfly
structure in computing FFT/IFFT to each single sampling period, and minimized
the per-sampling-period computational complexity without latency while main-

taining the total computational complexity. The proposed OTD-FFT/TD-IFFT
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algorithm was utilized in online FD-ILC implementation. Moreover, the compu-
tational complexity of the proposed OTD-FFT/TD-IFFT and the FD-ILC was
analyzed. Experimental implementation of the proposed OTD-FFT/TD-IFFT
and its application to the FD-ILC technique demonstrated that the proposed

approach was effective in online control applications.
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