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lterative Learning Control for Video-Rate
Atomic Force Microscopy

Nastaran Nikooienejad

Abstract—We present a control scheme for video-rate
atomic force microscopy with rosette pattern. The con-
troller structure involves a feedback internal-model-based
controller and a feedforward iterative learning controller.
The iterative learning controller is designhed to improve
tracking performance of the feedback-controlled scanner
by rejecting the repetitive disturbances arising from the
system nonlinearities. We investigate the performance of
two inversion techniques for constructing the learning filter.
We conduct tracking experiments using a two-degree-of-
freedom microelectromechanical system (MEMS) nanopo-
sitioner at frame rates ranging from 5 to 20 frames per sec-
ond. The results reveal that the algorithm converges rapidly
and the iterative learning controller significantly reduces
both the transient and steady-state tracking errors. We ac-
quire and report a series of high-resolution time-lapsed
video-rate AFM images with the rosette pattern.

Index Terms—Internal model principle, iterative learn-
ing control (ILC), microelectromechanical system (MEMS)
nanopositioner, nonraster scanning, rosette pattern, video-
rate atomic force microscopy (AFM).

[. INTRODUCTION

IDEO-RATE atomic force microscopy (AFM) has enabled

direct visualization of dynamic processes at extremely
high resolutions [1]-[4]. Until recently, it could take up to several
minutes to capture a high-resolution image with an AFM due to
limitations arising from the highly resonant nature of AFMs and
the conventional method of scanning, i.e., rastering. There have
been significant research efforts aimed at improving the func-
tionality of AFM for high-speed imaging [5]-[9]. In particular,
nonraster scan patterns have been proposed to circumvent the
drawbacks due to rastering by generating smooth trajectories

Manuscript received November 18, 2019; revised March 23, 2020
and August 20, 2020; accepted September 26, 2020. Recommended
by Technical Editor G. Clayton and Senior Editor X. Tan. This work
was supported in part by the University of Texas at Dallas and in part
by the U.S. Department of Energy’s Office of Energy Efficiency and
Renewable Energy (EERE) under the Advanced Manufacturing Office
Award DE-EE0008322. (Corresponding author: S. O. Reza Moheimani.)

Nastaran Nikooienejad and S. O. Reza Moheimani are with the
Erik Jonsson School of Engineering and Computer Science, The
University of Texas at Dallas, Richardson, TX 75080 USA (e-mail:
nastaran.nikooienejad@utdallas.edu; reza.moheimani@utdallas.edu).

Mohammad Maroufi was with the Erik Jonsson School of Engineering
and Computer Science, The University of Texas at Dallas, Richardson,
TX 75080 USA. He resides in San Jose, CA 95126 USA. (e-mail:
mohammad.maroufi@utdallas.edu).

Color versions of one or more of the figures in this article are available
online at https://ieeexplore.ieee.org.

Digital Object Identifier 10.1109/TMECH.2020.3032565

, Mohammad Maroufi

,and S. O. Reza Moheimani ®, Fellow, IEEE

that are easier to navigate for a mechanical scanner. Although
nonraster scan patterns such as Lissajous [10], [11], spiral [12]-
[14], and cycloid [15], [16] have been successfully implemented,
more research is needed to establish their performance in video-
rate sequential imaging for applications that require capturing
continuous interactions with nanostructures [17].

In sequential spiral and cycloid scans, back and forth motions
of the scanner impose sharp transitions at the periphery of
scan area, deteriorating the resulting AFM images [8], [16]. To
address common issues with sequential scanning AFM methods,
we recently proposed a novel nonraster method based on the
rosette pattern [18]. This repetitive pattern can be used to acquire
time-lapsed AFM images without the need for undesirable back
and forth motions of the positioner.

A number of control design techniques such as model pre-
dictive control [19], linear quadratic Gaussian control [20],
Kalman-filter-based control [21], and internal-model-based con-
trol [13] have been successfully applied to nonraster scanning
problems. In particular, promising results have been obtained
with the IMBC [10], [13], [16], [22]. This controller achieves
asymptotic zero steady-state tracking error by incorporating an
internal model of reference signals and disturbances. However,
this method requires accurate identification of disturbances, pre-
dominantly arising from unmodeled system nonlinearities [10],
[13], [16], [22]. Due to the sinusoidal nature of reference signals
in nonraster scan patterns, such disturbances typically contain
higher harmonics of reference frequencies. Consequently, the
controller needs to be redesigned when the reference frequency
is changed.

Employing a learning procedure enables us to eliminate the
effect of repeating disturbances without the need for perform-
ing a priori identification experiments and subsequent design
of a new controller. The method known as iterative learning
control (ILC) [23], [24] was initially proposed for dealing with
robotic systems that perform repetitive tasks. Recent research
has concentrated on improving the performance of such systems
and their applications to other systems that involve performing
repetitive tasks [25]-[30].

More recently, ILC has found applications in lateral and
vertical nanopositioning for AFM [31]-[38]. In [31] and [32],
an iterative learning controller is designed for a piezo-based
positioner and applied to an AFM system to decrease the
tracking error arising from hysteresis and vibrations. In [33], a
current-cycle-feedback ILC is integrated with an H,, feedback
controller and applied to the z-axis positioner of AFM to achieve
high-precision tracking of sample profiles. Integration of ILC
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Fig. 1. (a) Rosette patternwhen R = 3 um, P = 250 nmand 7' = 0.2s.
(b) and (c) Reference signals in x and y axes that generate the rosette
pattern in (a).

with model predictive control is reported in [36] to improve
the convergence rate in z-axis control of AFM. For lateral
scanning, Ling et al. [38] propose a control scheme consisting
of an integral resonant control and a PID-type ILC to augment
the damping of a piezo-actuated nanopositioner. The ILC and
model-based H, control are combined in [39] to improve the
quality of imaging in sinusoidal scanning at 80 Hz. In [37],
the ILC is applied as an add-on control loop to enhance the
performance of an existing PI controller for tracking an optimal
spiral pattern at high frame rates.

The rest of this article is organized as follows. Section II illus-
trates sequential scanning with a novel nonraster scan pattern.
In Section III, ILC-based control system is developed by inte-
grating the ILC with an internal-model-based controller (IMBC)
to achieve robustness against uncertainties and repetitive distur-
bances. In Section IV, the efficacy of the proposed approach
is experimentally investigated by applying to a two-degree-
of-freedom (2-DOF) microelectromechanical system (MEMS)
nanopositioner. Performing high-resolution video-rate AFM
imaging with a novel nonraster scan pattern is presented in
Section V, and Section VI concludes this article.

To the best of the authors’ knowledge, this is the first success-
ful application of ILC to video-rate nonraster AFM imaging.

Il. SEQUENTIAL SCANNING

To implement sequential scanning, we employ the rosette
pattern [18]. In this method, the nanopositioner traverses a
circular-shaped area continuously without the need for back and
forth motion required in conventional raster scanning. Fig. 1
illustrates a rosette pattern and the corresponding reference
signals consisting of the sum of two sinusoids with different
frequencies but identical amplitudes. We can determine the
amplitude and frequencies of the reference signals from the
radius of the scan area (R), resolution (P), and the scan period
(T"). According to the design procedure described in [18], the
number of petals in the rosette pattern is obtained as

2N = Round (1}?) . @))]

We select N as an even integer to ensure that the pattern
would cover the entire scan area. For instance, the rosette pattern

(b)

Fig. 2. (a) Rosette pattern generated from (4) starting at (z
(3,0). (b) Rosette pattern generated from (7) starting at (z,y) =
The red dot (e) indicates the starting point.

Y) =
(0,0).

in Fig. 1(a) consists of 38 overlapping petals intersecting each

other at several points. For larger values of N, the number of

petals increases, and high-resolution scanning is achieved.
Reference frequencies in arosette pattern are determined from

fi=(+n)f
L=(0-n)f

where f is the fundamental scan frequency, and n is selected as
a rational number expressed by

@)

n Ne{2,4,...2k. ..} 3)

N
N4 U
Finally, the lateral axes of the nanopositioner are actuated by the
following references:
x(t) = = [cos(2m fit) + cos(27 f>t)]
“)

y(t) = = [sin(2n f1t) + sin(27w fot)] .

From (2) and (4), the total scan time with the rosette pattern is
obtained as

S R=vARS] ey

N +1
T 7 5)

Fig. 1(b) and (c) depicts x(t) and y(t) for a rosette pattern
with R =3 ym, P = 250nm, and 7" = 0.2 s.

To trace the rosette pattern, the starting point is at (z,y) =
(R, 0) according to (4). Then, the pattern repeats itself continu-
ously from that point on; see Fig. 2(a). Since the nanopositioner
rests at (z,y) = (0, 0) when in equilibrium, we need to move it
to the starting point each time it returns to the initial position. One
approach is to multiply the references with a trapezoidal signal
to move the positioner to the starting point linearly and decrease
the reference amplitude to zero after sequential scanning is
completed [40].

An alternative is to take advantage of the rosette pattern’s
periodicity by adding a constant phase to the reference signals
in both axes to force the pattern to start at (x,y) = (0,0), as
shown in Fig. 2(b). The phase shift is equivalent to the time
duration required for the rosette to traverse half of a petal. As
explained in [18], it takes ﬁ (s) to draw a petal. Hence, the
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phase shift corresponding to half of this duration is obtained as

_ m(14n)
¢1—Ta

(1 —n)

2n ©

¢ =
for the first and the second sinusoid in the reference signals.
Consequently, reference signals that generate a rosette pattern
starting at (z,y) = (0,0) are

x(t) = g [cos(2m fit + ¢1) + cos(2m frt + &)
(7
y(t) = g [sin(27 fit + ¢1) + sin(27 fot + ¢2)] .

In this article, the nanopositioner is driven to follow the reference
signals in (7) to scan a circular-shaped area with a diameter of
6 um and a scan resolution of 50 nm at frame rates ranging
from 5 to 20fps. We employ the ILC method discussed in
the following section combined with a feedback controller to
improve the tracking performance of the nanopositioner.

IIl. CONTROL DESIGN

Although inversion based techniques are intuitive and can be
easily implemented, their efficacy depends on the accuracy of
the estimated plant dynamics. Iterative techniques such as ILC
improve tracking in the presence of unmodeled system nonlin-
earities through learning from past experiences. However, being
an open-loop controller, the ILC cannot guarantee robustness
against stochastic nonrepeating disturbances. This issue can be
addressed by combining the ILC with a feedback controller.
The feedback controller should be capable of tracking the ref-
erence signals at high speed and, given the sinusoidal nature of
those signals, it should be able to achieve this objective with
low bandwidth. The internal-model-based controller IMBC) is
well-suited for this purpose. By limiting closed-loop bandwidth,
this controller minimizes the effect of projected sensor noise on
positioning resolution.

Despite the many advantages of IMBC, this controller cannot
deal with exogenous disturbances and system nonlinearities. To
achieve robustness, a model of disturbances needs to be included
in the feedback controller. This requires extensive experiments
and typically results in a very high-order controller [13].

In this section, we design the IMBC to track the fundamental
frequencies of the reference signals and achieve acceptable
performance and good stability margins. Then, we proceed to
design the ILC and integrate it with IMBC. We investigate
the convergence properties of this control scheme to ensure
satisfactory results. The proposed control scheme is suitable for
both single-frame and sequential AFM imaging.

A. MEMS Nanopositioner

To experimentally investigate the controller’s performance,
we employ a 2-DOF MEMS nanopositioner whose design and
characterization are described in detail in [5] and [41]. In this
device, four electrostatic actuators move the stage bidirection-
ally along its lateral axes and on-chip bulk piezoresistive sen-
sors measure the stage displacement with nanoscale precision.

40 2 40
/fa 20 20
2 S o
b 20 e 20
S 40 S 40

-60 -60
£ TTE £ T
Z-200 [ [—Open loop = % -200 E
% 400 ||~ ~ Damping loop 2 400
= Estimated model =
A 600 A -600

10 10° 10* 10 10° 104

Frequency (Hz) Frequency (Hz)
(a) (b)

Fig. 3. Frequency response of the nanopositioner from the actuation
voltage to sensor output in open loop, with the damping loop and the
estimated model of the damped system in (a) = axis and (b) y axis.

Sensor calibration factors are obtained as 0.2176 V/um and
0.1958 V/um for the = and y axes, respectively.

Frequency response of the scanner is measured by applying
a wide-band chirp signal and recording the sensor output using
a fast Fourier transform (FFT) analyzer. Fundamental resonant
frequencies of the scanner are at 3.34 kHz and 3.57 kHz for «
and y axes, respectively; see Fig. 3. As described in [16], [20],
and [21], we use an analog controller to add damping to this
highly resonant system resulting in a closed-loop bandwidth of
approximately 4.5kHz. We then identify a dynamical model
of the damped system that is a good fit up to a bandwidth of
60kHz; see Fig. 3. In order to design the ILC, the estimated
model is then discretized using a zero-order hold at a sampling
frequency of 90720 Hz. This results in a nonminimum phase
(NMP) model with a pair of complex zeros outside the unit circle
at0.98 & 73.25 and 0.54 £ 57.11 for = and y axes, respectively.

B. Internal-Model-Based Controller

According to the internal model principle, steady-state track-
ing error asymptotically tends to zero when the controller in-
cludes an internal model of the reference signals [42]. Knowing
the reference a priori, we can design the controller by includ-
ing roots of reference generating polynomial in the controller
denominator and tuning the gain and zeros to place closed-loop
poles at desirable locations in order to attain acceptable tracking
and stability margins. Since reference signals for rosette pattern
scanning consist of pure sinusoids, the controller must contain
pure imaginary poles at those reference frequencies. The control
loop for one axis is shown in Fig. 4(a) where C; and C' denote
the damping and internal-model-based controllers, respectively.
Taking Laplace transform of reference signals in (7) and assum-
ing a proper controller with pure imaginary poles at =jw; and
+jw,, we obtain

a4s4+a353+a252+a15+a0

C, =
' (82 + wi)(s? 4+ w3)

4 3 2 (8)
bys™+b3s” +bys”+bis+ by

(52 + wi)(s? + w3)

cy =

Polynomial coefficients in (8) are determined based on the
desired closed-loop poles and stability margins. We tune con-
troller zeros to set the magnitude of the closed-loop response to
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Fig. 4. (a) Control scheme with damping loop (C,) and feedback con-
troller (C). (b) Control scheme with the combination of iterative learning
controller and feedback controller. The damped plant is modeled as G4
and the projected unmodeled disturbance is denoted by d,,. Here, L and
Q are the learning and robustness filters in ILC, and =~ ! indicates a shift
in the iteration domain.

TABLE |
REFERENCE FREQUENCIES AND STABILITY MARGINS AT ALL FRAME RATES

Frame Rate fi(Hz)  f,(Hz) GM (dB) PM (deg)
5tps 045 5 Cy 172 100
Cy 17.8 101
10fps 1890 0 G 5 779
Cy 14.7 80.1
15 fps 2835 15 Cx 14.5 758
Gy 15.3 792
20 fps 3780 20 Cx 13.7 672
Cy 12.9 68.9

unity at the desired reference frequencies. In Table I, we state
the reference frequencies and stability margins for each frame
rate. Simulated frequency responses of the x-axis closed-loop
system at various frame rates are depicted in Fig. 5. The y-axis
responses are similar. Although the closed-loop response at f;
and f> is set to unity, the peak at f, is not as sharp as f;. This
results in a short settling time for tracking of the slow sinusoid.

Assuming linear dynamics for the damped nanopositioner,
we can achieve approximately zero steady-state tracking error
when the feedback controller includes the reference dynamics.
In practice, however, the displacement is a nonlinear function
of actuation due to the quadratic relationship between force and
voltage in an electrostatic MEMS device [16], [22]. Moreover,
minor asymmetries of the actuators due to the fabrication tol-
erances can induce nonlinearities not captured in the system
identification. Therefore, higher harmonics of both reference
frequencies and their combinations lead to large tracking er-
rors [13], [16]. In Fig. 4(a), d represents disturbances due to

o
g J
Q
=1
T .- J
E
en _ -
]
=
10”2 10° 102 10
800 [ e 5 fps 10 fps 15 fps 20 fps
g) 600 | .
2
£ 400 E 1
=%}
200 | | 1
107 10° 10% 10*
Frequency (Hz)
Fig. 5. Simulated frequency response of the closed-loop system with

the internal-model-based controller at different frame rates.

unmodeled dynamics and n denotes the sensor noise, which is
mainly originated from the piezoresistive elements, amplifiers,
and electric components of the readout circuit.

C. lterative Learning Control

Iterative learning control utilizes information from past ex-
periments to update control action to achieve high-precision
tracking of the reference signal in presence of repeating dis-
turbances. We investigate convergence properties of the algo-
rithm and obtain a bound on the asymptotic tracking error.
We then design ILC filters that meet the convergence crite-
rion and minimize the ultimate tracking error. In our design,
we employ well-established inversion approximation methods
to implement the inversion-based learning filter. The control
scheme that integrates the ILC with the feedback controller is
depicted in Fig. 4(b). For the sake of simplicity, the damping
loop is substituted by the damped plant, G 4. For later analysis,
the unmodeled disturbance d is projected into the sensor output
as dy,. That is

d

b =17 Ca(2)G(2)

€))

We assume that disturbances are repeating and iteration in-
variant, and use the following update law [33], [34]:
urpr1 = Q(2)[urk + aL(z)ex], k>1 (10)
where u;; =0, and L(z) and Q(z) are the learning and ro-
bustness filters, respectively. Here, « is the learning gain, and
ur, and ey, denote the ILC control input and the tracking error
at the kth iteration, respectively. The tracking results of the
kth iteration are available for the update law at the (k + 1)th
iteration. In this approach, ur ;i is calculated using (10) and
augmented to the feedback control input in the current iteration.
To guarantee convergence of the ILC algorithm in the iteration
domain, tracking error and control inputs must remain bounded
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in the presence of uncertainties. According to Fig. 4(b), we have

€k+1 = Yd — Yk+1 — Nk+1

Y

Uk4+1 = UC k+1 T UT k+1
Yk+1 = uk+1Gd(z) + dp.

For simplicity, we discard (z) in the following formulations. To
analyze the effect of noise on the steady-state tracking error
and convergence, we assume that measurement noise is varying
through iterations and uniformly bounded at each iteration, i.e.,
|ng| < 4. Accordingly, the ILC algorithm converges if the ILC
filters are designed such that

1Q(1 — aLSGy)| < 1 (12)

and accordingly, the asymptotic error at convergence is bounded
by

=i <
o = il < 7

SQLSG
N |SQ d
I—p

S(1—
su-ay,, ,

6]+ [S116] 13)
where p = Q(1 — aLSG ) and S is the sensitivity function. For
the proof and details; see Appendix.

1) Design of Learning Filter L.: A number of techniques have
been proposed to design the learning filter [24]. According to
(22), the learning filter is selected so that

L= (SGy)". (14)

Therefore, the algorithm converges in one iteration assuming
@ =1 and ignoring the effect of noise. The challenge with
this technique is the NMP zeros of the plant. NMP zeros are
inevitable when the plant is discretized at a certain sampling
frequency or when the sensors and actuators are not collocated.
To determine stable approximate inversion, well-established
techniques such as NMP zeros ignore (NPZ-ignore), zero mag-
nitude error tracking controller (ZMETC), and zero-phase error
tracking controller (ZPETC) have been employed [43], [44].
These techniques are straightforward and effective in achieving
the desired tracking performance. The NPZ-ignore algorithm
ignores a part of system dynamics and, hence, is less accurate
than other methods. ZMETC and ZPETC approximate the effect
of NMP zero by a stable zero and a stable pole, respectively. The
type of the system, the location of NMP zeros, and the nature
of the application determine the algorithm most suitable for the
approximate inversion [43].

Anticausal filtering [45] or stable inversion [44], [46] are
alternatives to inverse approximation methods. They can sig-
nificantly improve the tracking results. These approaches are
based on partitioning the model into two parts consisting of
the minimum-phase and NMP zeros. Inversion of the first part
is straightforward. However, stable inverse of the second part is
anticausal. To perform anticausal filtering, we can replace z with
271 and apply the filter on the time-reversed input sequence.

Here, we explore the performance of ZMETC and anticausal
filtering approaches in designing the learning filter. To obtain L

using ZMETC, we define H(z) = S(2)Gq4(2), i.e.

Bs(2)B.(2)
A(z)

where A(z) incorporates poles and B;(z) and B, (z) include
stable and unstable zeros, respectively. Since H (z) is a proper
transfer function, we omit the units of delay considered for
causal implementation. Here, B, (z) is a polynomial writ-
ten as By (z) = by, 2" + by, 2" '+ -+ + by,. According to
ZMETC, the approximate inverse of H (z) can be obtained by
reflecting unstable zeros to stable ones with respect to the unit
circle, i.e., z,, — 1/2,,. Therefore, H~'(z) can be obtained as

A(z)
B,(2)B; ()
where B (2) = by 2" + by, 2" + <+ - + by, . Note that dc gain
adjustment is not required since the dc gain remains unchanged.

In anticausal filtering approach [45], H(z) can be factorized
into

H(z) = (15)

H'(2) = (16)

H(z) = Hs(2)Hy,(2) (17)

where H,(z) and H,,(z) contain the invertible and noninvertible
zeros, respectively. Accordingly, H;!(z) is stable and causal,
while H,, !(z) is stable and anticausal. Since the ILC algorithm
is applied offline, and the tracking error is available from the
previous iteration, we may determine L by anticausal filtering
approach. From (10) and (17), we may write

wi(t) = Hy'(2)ex(t)

then, the anticausal filtering can be implemented by reversing
the sequence, wy(¢), and applying the causal filter, i.e.

or(t) = H,' (2" Dwp(N —t).

(18)

(19)

Finally, the filtered output is obtained by reversing vy (¢), i.e.,
2 (t) = v (N —t). Thus, the ILC control update law in (10)
can be rewritten as

ur k+1(2) = Q(2)[ur x(2) + azil,

The anticausal filtering method inverts SG; implicitly and deter-
mines the learning filter. Therefore, the ILC algorithm converges
fast and yields smaller tracking error in comparison with the
ZMETC, which suffers from approximation error.

2) Design of Robustness Filter Q: According to (13), track-
ing error approaches zero asymptotically if Q = 1 and |d| =~ 0.
In practice, however, |§| # 0 and the Q-filter is typically selected
as a low-pass filter to mitigate nonrepeating disturbances and
high-frequency noise. The cut-off frequency of (), on the other
hand, should be large enough to include reference frequencies
and disturbances. In this case, () can effectively minimize the de-
terministic component of the tracking error. It is clear from (13)
that in order to minimize the effect of disturbances and noise,
we must have |S(1 — Q)] < 1 and |SQ| < 1. This requires a
compromise in designing (). As discussed in [47], the variance
of error at convergence is limited by the variance of iteration
varying noise and disturbances. The variance can be reduced by
selecting the learning gain as 0 < o < 1. This will ensure that
the ILC algorithm will converge with a small tracking error in the
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Fig. 6. Magnitude of the low-pass Q-filter, |l — LSG4| and Fig. 8. Reference signals of rosette pattern at 5 fps after zero padding.

|Q(1 — LSG4)| when the ZMETC technique is employed to design the
learning filter for tracking the rosette pattern at 10 fps.

Fig. 7. Experimental setup consists of a MEMS nanopositioner inte-
grated into a commercial AFM. The inset shows the contact-mode can-
tilever landed on the gold features microfabricated on the scan table [18].

presence of iteration varying noise and disturbances. Decreasing
the learning gain will also reduce the convergence rate.

Here, a fourth-order Butterworth filter is used as the Q-filter.
The bandwidth of the filter is selected as 5 kHz, 6.5 kHz, 8.5 kHz,
and 11kHz at 5fps, 10fps, 15fps, and 20 fps, respectively.
Accordingly, Q-filter ensures the stability and convergence of
the ILC algorithm when the ZMETC technique is applied. As
shown in Fig. 6, the Q-filter makes |1 — aLSG| small at higher
frequencies. To avoid any distortion in the output signal due to
the phase shift imposed by the filter, a zero-phase filtering is
employed using filtfilt(-) function in MATLAB.

Since the filter bandwidth is large at high frame rates to en-
compass higher harmonics, the tracking error may not decrease
monotonically due to the high-frequency noise. To address this
issue, « is set to 0.7 and 0.5 at 15 fps and 20 fps, respectively,
and to unity at 5 fps and 10 fps.

V. EXPERIMENT

To evaluate the performance of the proposed control scheme,
we conducted tracking experiments at 5 fps, 10 fps, 15 fps, and
20 fps using a feedback-controlled MEMS nanopositioner, as
shown in Fig. 7. In this section, we present the experimental
results and discuss the performance of two inversion techniques
in tracking the rosette pattern.

A. Implementation

The closed-loop system is implemented in a dSPACE Micro-
LabBox with a sampling frequency of 90720 Hz. The control
signal is amplified to drive the lateral axes of the nanopositioner

and the stage displacement is measured using the sensor output’s
voltage and predetermined calibration factors. To implement
the ILC, we require an interface to communicate between the
hardware and the software. ASAM XIL APIis a standard utilized
in dSPACE to facilitate such communications. Specifically, we
used the XIL API model access port to gain access to the
SIMULINK model, write into the blocks, and capture signals.
We then used the XIL API. NET implementation as a high-level
program in a MATLAB script to implement the ILC algorithm,
and to read and manipulate the variables online. Initially, the
ILC control input is set to zero and the IMBC is employed
in the tracking experiment. Then, the experiment is continued
iteratively and the desired signals including the tracking error
are captured in each iteration to update the ILC control drive
signal. The experiment is performed for a specific number of
iterations to ensure the convergence of the ILC algorithm. We
allow for 15 iterations, although the algorithm converges very
fast in practice.

B. Tracking the Rosette Pattern

Since the damped plant is NMP, anticausal learning and filter-
ing may result in transients. To address this issue, we may extend
the reference signals by leading and trailing zeros, which we will
truncate at the end. The number of zeros IV, is determined such
that the imaging rate for single-frame scanning remains almost
unchanged. Note that no zero is added to intermediate frames
in sequential scanning. Consequently, the extended reference
signals, in a single-frame scan, are obtained as

0 0<t<A
T4(t), Ya(t) = § z(t), y(t) A<t<T+A (1)
0 T+A<t<T+2A

where A = N, f; and f; is the sampling frequency. Based on the
expected transient time, we select A = 1/ f1 with f; as described
by (2). This extends the scan time to 7"+ 2A. Fig. 8 shows the
reference signals at 5 fps after zero-padding. In a single-frame
scanning, the scan time increases by 1 %, which is negligible.

C. Experimental Results

Initially, we perform closed-loop experiments to track a single
frame of the rosette pattern generated by the reference signals in
(21). Fig. 9 shows the root-mean-square (RMS) value of tracking
error at each iteration and the close-up views indicate the track-
ing error at convergence. Note that the RMS value of error at the
firstiteration is corresponding to the IMBC when the ILC is inac-
tive. We observe that the learning algorithm converges quickly,
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Fig. 9.

RMS value of error at each iteration when the anticausal filtering approach (a) to (d) and ZMETC technique (e) to (h) have been employed

to determine the learning filter L at (a) and (e) 5fps, (b) and (f) 10fps, (c) and (g) 15fps, (d) and (h) 20 fps.

TABLE Il
RMS VALUE OF TRACKING ERROR INCLUDING THE
TRANSIENTS AT ALL FRAME RATES

Frame rate IMBC IMBC+ILC
(fps)
Anti-causal ZMETC
ex(nm)  ey(nm)  ex(nm) ey(nm)  ex(nm)  ey(nm)
5 69.5 54.1 3.9 4.5 39 4.5
10 85.1 75.7 43 54 4.6 5.7
15 101.0 85.2 44 6.2 5.0 6.8
20 104.0 80.7 4.7 6.5 6.4 11.9

and tracking error decreases monotonically through iterations
with both inversion techniques. Atlow frame rates, the algorithm
converges in less than three iterations, while it takes five to seven
iterations for the tracking error to approach the asymptotic value
at higher frame rates. It is clear that the learning rate is faster
at 5fps and 10 fps since o = 1. Fig. 9(a)—(d) describes a fast
convergence rate with the anticausal filtering approach, whereas
it takes slightly longer for the algorithm to converge using
the ZMETC technique, particularly at higher frame rates; see
Fig. 9(e)—(h). It appears that the accuracy of ZMETC degrades
at 20 fps as the higher harmonics of the reference frequency lie
beyond the bandwidth of the plant resulting in an approximation
error. Since single-fame scanning is also performed here, we
consider both the transient and steady-state errors in calculation
of the RMS values. From experimental results, we observe that
the combination of ILC with IMBC properly minimizes the
transient and steady-state error at convergence.

Table II presents the RMS value of tracking error with the
proposed control scheme. We achieve 90 % improvement with
ILC using the anticausal filtering approach. Moreover, the RMS
value of tracking error decreases to less than 0.1 % of the scan di-
ameter. Considering the fact that IMBC restricts the sensor noise
and bounds the tracking error at the first iteration, integrating the
ILC with the IMBC enhances the tracking performance.

To evaluate the efficacy of the proposed control scheme in re-
jecting the repetitive disturbances, we obtain FFT of the tracking
error. Fig. 10 shows FFT of tracking error with anticausal filter-
ing and ZMETC approaches at all frame rates. The closeup views

reveal that the ILC precisely removes the higher harmonics not
compensated by the IMBC alone. Both inversion techniques
yield a good tracking performance, however, assuming identical
gains, the anticausal filtering approach outperforms ZMETC
at high frame rates; see Fig. 10(h). We observe that at 20 fps
fundamental harmonic at f; has been removed satisfactorily,
however, the second harmonic at 7560 Hz is still dominant in
the error.

Fig. 11 depicts the time-domain results for single-frame track-
ing of the rosette pattern. Because of its effectiveness, here we
report the time-domain results with the anticausal filtering only.
Note that the padded zeros are truncated from the results. The
integration of ILC with IMBC leads to a visible improvement in
tracking. We also observe that IMBC leaves a steady-state error
in the y-axis when the ILC is off. Although the nanopositioner
dynamics are very similar in  and y axes, the y-axis closed-loop
system with IMBC cannot follow the low-frequency reference
signal in one scan period. Augmenting the tracking controller
with integral action may address the issue, but the ILC eliminates
the y-axis steady-state error successfully.

As illustrated in the close-up views of Fig. 11, a large peak
appears at the beginning and end of y-axis tracking error during
single-frame scans. This is due to the nonzero steady-state
tracking error and the backward—forward technique used to
implement the learning and robustness filters. To prevent the
peak of error from affecting single-frame scans, we provide a
priori learning using the pattern’s periodicity. We extend the
length of the reference signals by replacing T with 7"+ 2¢ in
(21). Here, € is selected as 1/ f; to cover the transient duration.
In this case, the scan time for single-frame scanning increases
by less than 2 %. In sequential scanning, consecutive frames
are not affected by the error peak meaning that the scan time
of successive frames remains unchanged. Therefore, the overall
scan time will be Ty = N¢T 4 2A + 2¢, where Ny is the total
number of frames.

Steady-state tracking errors in Table III allows us to compare
the performance of proposed control structure with the IMBC
during sequential rosette scan assuming that the transient re-
sponse is disappeared. Combined ILC/IMBC reduces the peak
to peak value of steady-state error by 50 % and keeping it below
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Fig. 10. FFT of tracking error with IMBC and the combination of ILC and IMBC when the anticausal filtering approach (a) to (d) and ZMETC
technique (e) to (h) are employed to determine the learning filter (L) at 5 fps, 10fps, 15fps, and 20 fps.
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Fig. 11. Time-domain tracking results of single-frame scan at (a) 5fps, (b) 10fps, (¢) 15fps, and (d) 20 fps when the anticausal filtering approach
is employed to determine the learning filter.
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TABLE IlI
RMS VALUE OF STEADY-STATE TRACKING ERROR AT ALL FRAME RATES

LI At D 7]

>
PRI
LI

Frame rate IMBC IMBC+ILC
(fps)
Anti-causal ZMETC
ex(nm)  ey(nm)  ex(nm)  ey(nm)  ex(nm)  ey(nm)
5 8.2 23.3 3.8 4.2 3.8 4.2
10 94 13.8 4.2 4.5 4.5 4.7
15 7.2 21.3 43 4.6 4.6 4.8
20 5.7 30.2 4.2 4.8 55 7.1

20nm. In addition, this method improves the z- and y-axis
tracking errors by more than 27 % and 79 %, respectively.

As discussed in Section III-C, RMS value of tracking er-
ror at convergence is bounded by iteration varying noise and
disturbances. According to (13), e5 < 2[5]||d] if @ =1, and
L = (SG4)~'. Therefore, asymptotic error relies on the sensor
output noise fed back to the system. Since IMBC attenuates the
high-frequency projected noise, the upper bound on the ultimate
error determines the resolution of the displacement sensors. To
obtain sensor resolution in open loop and under damping, we
recorded sensor output noise for 60 s at a sampling frequency of
62.5 kHz with an antialiasing filter (Stanford Research SR650
low-noise filter) with a cut-off frequency of 15 kHz being used
in the path. To reject noise and electrical disturbances, the
experiment was performed in a closed metal box. Open-loop
RMS value of noise is 2nm, with the actuators electrically
grounded, and it is about 3 nm with the damping loop being
active. Asymptotic error obtained with the anticausal filtering
approach is bounded by about 4 nm, which is close to the sensor
noise floor.

The rosette trajectory and the actual displacement of the stage
tracing the rosette pattern are depicted in Fig. 12. Close-up views
validate the tracking performance at all frame rates when the ILC
is integrated with the internal-model-based controller.

V. AFM IMAGING

To implement rosette scanning with the proposed control
scheme, we used an AFMWorkshop TT-AFM. We mounted
an MEMS nanopositioner on the AFM 3-DOF positioning
mechanism. The MEMS device serves as the scanner in the

Ref. — — ILC+IMBC

Ref. — — ILC+IMBC

15 fps
3

20 fps
3 P!

Y (um)
Y (um)

DN TS
L,
T,
LTI
e s

X (pm)
(c)

Reference and actual rosette trajectory at (a) 5 fps, (b) 10fps, (c) 15fps, and (d) 20 fps.

=1
Eos
;0L
E 1
£05
£l
> >
X(pum) Y (pum)
©
Fig. 13. 3-D AFM images acquired with rosette-scan at (a) 5 fps, (b)

10fps, (c) 15fps, and (d) 20fps on a window size with a diameter of
6 pm.

experiments reported here. As indicated in the inset of Fig. 7,
the periodic gold features fabricated on the scan table of the
MEMS nanopositioner were used as the sample. Dimensions of
the gratingsis 4 x 4 x 0.5 um? with a pitch of 3 zm [5]. Due to
the low z-axis bandwidth of the commercial AFM’s positioner,
we performed the experiments in constant-height contact mode.
We used a contact-mode cantilever with a resonance frequency
of about 27.8 kHz and stiffness of 0.25 N/m. When the cantilever
was landed on the MEMS scan table, we closed the control loop
and activated the iterative learning algorithm. X and Y sensor
outputs and cantilever deflection were recorded simultaneously
to construct 3-D AFM images. Fig. 13 depicts a single-frame of
rosette scan at frame rates ranging from 5 to 20 fps, indicating
that AFM images have precisely captured the structure of a gold
feature.

We also performed sequential scanning at video rate. To
imitate a dynamic process, the AFM positioner was made to
raster at 0.2 Hz over a window size of 6 x 6 um? while the
MEMS nanopositioner was following the rosette pattern at 20 fps
in a scan area with a diameter of 6 um. Fig. 14 illustrates a series
of AFM time-lapsed images that capture the gold feature moving
slowly under the cantilever.
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Fig. 14. Series of rosette-scan frames at 20 fps captured in constant-
height contact mode on a window size with a diameter of 6 pm.

VI. CONCLUSION

We demonstrate video-rate rosette scanning by combining
an internal-model-based controller with an iterative learning
controller. The feedback controller contains an internal model
of the reference signals and limits the closed-loop bandwidth
to bound the tracking error when the ILC is OFF. The ILC is
used to mitigate induced disturbances originating from inherent
system nonlinearities. The model-based ILC is designed using
well-established inversion techniques. The experimental results
validate the efficacy of the control scheme in reducing transient
and steady-state tracking errors at several frame rates. We show
that this control scheme is suitable for both sequential and
single-frame scanning. We acquire successive AFM images of
slowly moving gold features at 20 fps in constant-height contact
mode. In future works, we will implement the scanning experi-
ment in constant-force contact mode and tapping mode using a
high-bandwidth z-axis positioner.

APPENDIX

According to (11), the tracking error in the (k + 1)th iteration
can be described as

Cr+1 = Q(l — OéLSGd)ek + S(l — Q)(yd — dp)

+SQnyk — Sngq. (22)

Proceeding through iterations, we can derive the relationship
between ey and e; as

k—1

exr1 = per + Z S(1 = Q)(ya — dp)p*
i=0

k—1 k—1
+ Z SQp'ny_; — Z Sp M1

=0 i=0

(23)

where p = Q(1 — «LSG,). By changing the index variable,
the last two terms can be combined into one, hence, (23) can be
simplified to

f—1
err1 =per + 51— Q)(ya—dy) » p'
= (24)
kel
+ SQLSG(] Z plﬂk_i — STLk_H + pknl.
i=0

Assuming |ng| < 4, the upper bound on ey is obtained as

k-1
lews1] < lpl*ler] +1S(1=Q)llya — dpl Y _ o'
=0 (25)
k-1 |
+1SQLSGa| Y _ [p['[6] — |S116] + [p*[0].
=0

Since the feedback controller is designed to keep the tracking
error small at the first iteration, |e; | is bounded. As a result, (25)
implies that the asymptotic error is bounded when k — oo if
lp| < 1.
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lterative Learning Control for Video-Rate
Atomic Force Microscopy

Nastaran Nikooienejad ®, Mohammad Maroufi®, and S. O. Reza Moheimani®, Fellow, IEEE

Abstracti—We present a control scheme for video-rate
atomic force microscopy with rosette pattern. The con-
troller structure involves a feedback internal-model-based
controller and a feedforward iterative learning controller.
The iterative learning controller is designed to improve
tracking performance of the feedback-controlled scanner
by rejecting the repetitive disturbances arising from the
system nonlinearities. We investigate the performance of
two inversion techniques for constructing the learning filter.
We conduct tracking experiments using a two-degree-of-
freedom microelectromechanical system (MEMS) nanopo-
sitioner at frame rates ranging from 5 to 20 frames per sec-
ond. The results reveal that the algorithm converges rapidly
and the iterative learning controller significantly reduces
both the transient and steady-state tracking errors. We ac-
quire and report a series of high-resolution time-lapsed
video-rate AFM images with the rosette pattern.

Index Terms—Internal model principle, iterative learn-
ing control (ILC), microelectromechanical system (MEMS)
nanopositioner, nonraster scanning, rosette pattern, video-
rate atomic force microscopy (AFM).

|. INTRODUCTION

IDEO-RATE atomic force microscopy (AFM) has enabled
V direct visualization of dynamic processes at extremely
high resolutions [ 1]-[4]. Until recently, it could take up to several
minutes to capture a high-resolution image with an AFM due to
limitations arising from the highly resonant nature of AFMs and
the conventional method of scanning, i.e., rastering. There have
been significant research efforts aimed at improving the func-
tionality of AFM for high-speed imaging [5]-[9]. In particular,
nonraster scan patterns have been proposed to circumvent the
drawbacks due to rastering by generating smooth trajectories
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that are easier to navigate for a mechanical scanner. Although
nonraster scan patterns such as Lissajous [10], [11], spiral [12]-
[14], and cycloid [15], [16] have been successfully implemented,
more research is needed to establish their performance in video-
rate sequential imaging for applications that require capturing
continuous interactions with nanostructures [17].

In sequential spiral and cycloid scans, back and forth motions
of the scanner impose sharp transitions at the periphery of
scan area, deteriorating the resulting AFM images [8], [16]. To
address common issues with sequential scanning AFM methods,
we recently proposed a novel nonraster method based on the
rosette pattern [18]. This repetitive pattern can be used to acquire
time-lapsed AFM images without the need for undesirable back
and forth motions of the positioner.

A number of control design techniques such as model pre-
dictive control [19], linear quadratic Gaussian control [20],
Kalman-filter-based control [21], and internal-model-based con-
trol [13] have been successfully applied to nonraster scanning
problems. In particular, promising results have been obtained
with the IMBC [10], [13], [16], [22]. This controller achieves
asymptotic zero steady-state tracking error by incorporating an
internal model of reference signals and disturbances. However,
this method requires accurate identification of disturbances, pre-
dominantly arising from unmodeled system nonlinearities [10],
[13], [16], [22]. Due to the sinusoidal nature of reference signals
in nonraster scan patterns, such disturbances typically contain
higher harmonics of reference frequencies. Consequently, the
controller needs to be redesigned when the reference frequency
is changed.

Employing a learning procedure enables us to eliminate the
effect of repeating disturbances without the need for perform-
ing a priori identification experiments and subsequent design
of a new controller. The method known as iterative learning
control (ILC) [23], [24] was initially proposed for dealing with
robotic systems that perform repetitive tasks. Recent research
has concentrated on improving the performance of such systems
and their applications to other systems that involve performing
repetitive tasks [25]-[30].

More recently, ILC has found applications in lateral and
vertical nanopositioning for AFM [31]-[38]. In [31] and [32],
an iterative learning controller is designed for a piezo-based
positioner and applied to an AFM system to decrease the
tracking error arising from hysteresis and vibrations. In [33], a
current-cycle-feedback ILC is integrated with an H, feedback
controller and applied to the z-axis positioner of AFM to achieve
high-precision tracking of sample profiles. Integration of ILC

1083-4435 © 2020 |IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
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Fig.1. (a) Rosette pattern when R = 3 um, P =250 nmand 7' = 0.2s.
(b) and (c) Reference signals in x and y axes that generate the rosette
pattern in (a).

with model predictive control is reported in [36] to improve
the convergence rate in z-axis control of AFM. For lateral
scanning, Ling et al. [38] propose a control scheme consisting
of an integral resonant control and a PID-type ILC to augment
the damping of a piezo-actuated nanopositioner. The ILC and
model-based H,, control are combined in [39] to improve the
quality of imaging in sinusoidal scanning at 80 Hz. In [37],
the ILC is applied as an add-on control loop to enhance the
performance of an existing PI controller for tracking an optimal
spiral pattern at high frame rates.

The rest of this article is organized as follows. Section II illus-
trates sequential scanning with a novel nonraster scan pattern.
In Section III, ILC-based control system is developed by inte-
grating the ILC with an internal-model-based controller (IMBC)
to achieve robustness against uncertainties and repetitive distur-
bances. In Section IV, the efficacy of the proposed approach
is experimentally investigated by applying to a two-degree-
of-freedom (2-DOF) microelectromechanical system (MEMS)
nanopositioner. Performing high-resolution video-rate AFM
imaging with a novel nonraster scan pattern is presented in
Section V, and Section VI concludes this article.

To the best of the authors’ knowledge, this is the first success-
ful application of ILC to video-rate nonraster AFM imaging.

Il. SEQUENTIAL SCANNING

To implement sequential scanning, we employ the rosette
pattern [18]. In this method, the nanopositioner traverses a
circular-shaped area continuously without the need for back and
forth motion required in conventional raster scanning. Fig. 1
illustrates a rosette pattern and the corresponding reference
signals consisting of the sum of two sinusoids with different
frequencies but identical amplitudes. We can determine the
amplitude and frequencies of the reference signals from the
radius of the scan area (R), resolution (P), and the scan period
(7). According to the design procedure described in [18], the
number of petals in the rosette pattern is obtained as

2N = Round (Jj:) . @)

We select N as an even integer to ensure that the pattern
would cover the entire scan area. For instance, the rosette pattern

Y(pm)

Y(pm)

X(pm)
(a)

Fig. 2. (a) Rosette pattern generated from (4) starting at (z,y) =
(3,0). (b) Rosette pattern generated from (7) starting at (z,y) = (0,0).
The red dot (e) indicates the starting point.

in Fig. 1(a) consists of 38 overlapping petals intersecting each

other at several points. For larger values of N, the number of

petals increases, and high-resolution scanning is achieved.
Reference frequencies in arosette pattern are determined from

fr=(0=n)f

where f is the fundamental scan frequency, and n is selected as
a rational number expressed by

)

n Ne{2,4,...2k,...}. 3)

N
N+
Finally, the lateral axes of the nanopositioner are actuated by the
following references:

x(t) = — [cos(2m fit) + cos(27 f>t)]
“)

y(t) = = [sin(2w fit) + sin(27w fot)] .

From (2) and (4), the total scan time with the rosette pattern is
obtained as

SRR ] ey

N +1
T 7 5)

Fig. 1(b) and (c) depicts x(¢) and y(t) for a rosette pattern
with R =3 um, P =250nm, and 7" = 0.2s.

To trace the rosette pattern, the starting point is at (z,y) =
(R, 0) according to (4). Then, the pattern repeats itself continu-
ously from that point on; see Fig. 2(a). Since the nanopositioner
rests at (x,y) = (0,0) when in equilibrium, we need to move it
to the starting point each time it returns to the initial position. One
approach is to multiply the references with a trapezoidal signal
to move the positioner to the starting point linearly and decrease
the reference amplitude to zero after sequential scanning is
completed [40].

An alternative is to take advantage of the rosette pattern’s
periodicity by adding a constant phase to the reference signals
in both axes to force the pattern to start at (x,y) = (0,0), as
shown in Fig. 2(b). The phase shift is equivalent to the time
duration required for the rosette to traverse half of a petal. As
explained in [18], it takes ﬁ (s) to draw a petal. Hence, the
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phase shift corresponding to half of this duration is obtained as

_ 7(14n) _m(1—n)
o1 = o ¢ = o (6)

for the first and the second sinusoid in the reference signals.
Consequently, reference signals that generate a rosette pattern
starting at (z,y) = (0,0) are

[cos(2m fit + ¢1) + cos(2m fot + &)
(N

STR=SI TR~y

[sin(27 fit + ¢1) + sin(2w fot + ¢2)] -

In this article, the nanopositioner is driven to follow the reference
signals in (7) to scan a circular-shaped area with a diameter of
6 um and a scan resolution of 50 nm at frame rates ranging
from 5 to 20fps. We employ the ILC method discussed in
the following section combined with a feedback controller to
improve the tracking performance of the nanopositioner.

IIl. CONTROL DESIGN

Although inversion based techniques are intuitive and can be
easily implemented, their efficacy depends on the accuracy of
the estimated plant dynamics. Iterative techniques such as ILC
improve tracking in the presence of unmodeled system nonlin-
earities through learning from past experiences. However, being
an open-loop controller, the ILC cannot guarantee robustness
against stochastic nonrepeating disturbances. This issue can be
addressed by combining the ILC with a feedback controller.
The feedback controller should be capable of tracking the ref-
erence signals at high speed and, given the sinusoidal nature of
those signals, it should be able to achieve this objective with
low bandwidth. The internal-model-based controller IMBC) is
well-suited for this purpose. By limiting closed-loop bandwidth,
this controller minimizes the effect of projected sensor noise on
positioning resolution.

Despite the many advantages of IMBC, this controller cannot
deal with exogenous disturbances and system nonlinearities. To
achieve robustness, a model of disturbances needs to be included
in the feedback controller. This requires extensive experiments
and typically results in a very high-order controller [13].

In this section, we design the IMBC to track the fundamental
frequencies of the reference signals and achieve acceptable
performance and good stability margins. Then, we proceed to
design the ILC and integrate it with IMBC. We investigate
the convergence properties of this control scheme to ensure
satisfactory results. The proposed control scheme is suitable for
both single-frame and sequential AFM imaging.

A. MEMS Nanopositioner

To experimentally investigate the controller’s performance,
we employ a 2-DOF MEMS nanopositioner whose design and
characterization are described in detail in [5] and [41]. In this
device, four electrostatic actuators move the stage bidirection-
ally along its lateral axes and on-chip bulk piezoresistive sen-
sors measure the stage displacement with nanoscale precision.

40
20
0 e
20
-40

-200 —Open loop

. Damping loop
400 Estimated model §

Phase (deg) Mag. (dB)
(=}
Phase (deg) Mag. (dB)

2 3

10 10
Frequency (Hz)

Frequency (Hz)
(a) (b)

Fig. 3. Frequency response of the nanopositioner from the actuation
voltage to sensor output in open loop, with the damping loop and the
estimated model of the damped system in (a) = axis and (b) y axis.

Sensor calibration factors are obtained as 0.2176 V/um and
0.1958 V/um for the 2 and y axes, respectively.

Frequency response of the scanner is measured by applying
a wide-band chirp signal and recording the sensor output using
a fast Fourier transform (FFT) analyzer. Fundamental resonant
frequencies of the scanner are at 3.34 kHz and 3.57 kHz for x
and y axes, respectively; see Fig. 3. As described in [16], [20],
and [21], we use an analog controller to add damping to this
highly resonant system resulting in a closed-loop bandwidth of
approximately 4.5kHz. We then identify a dynamical model
of the damped system that is a good fit up to a bandwidth of
60 kHz; see Fig. 3. In order to design the ILC, the estimated
model is then discretized using a zero-order hold at a sampling
frequency of 90720 Hz. This results in a nonminimum phase
(NMP) model with a pair of complex zeros outside the unit circle
at0.98 £ 73.25 and 0.54 £ 57.11 for x and y axes, respectively.

B. Internal-Model-Based Controller

According to the internal model principle, steady-state track-
ing error asymptotically tends to zero when the controller in-
cludes an internal model of the reference signals [42]. Knowing
the reference a priori, we can design the controller by includ-
ing roots of reference generating polynomial in the controller
denominator and tuning the gain and zeros to place closed-loop
poles at desirable locations in order to attain acceptable tracking
and stability margins. Since reference signals for rosette pattern
scanning consist of pure sinusoids, the controller must contain
pure imaginary poles at those reference frequencies. The control
loop for one axis is shown in Fig. 4(a) where C; and C' denote
the damping and internal-model-based controllers, respectively.
Taking Laplace transform of reference signals in (7) and assum-
ing a proper controller with pure imaginary poles at =jw; and
+jw,, we obtain

a4s4+a353 —|—azs2+als+a0
(s> +wi)(s? +w3)

o bys*+ 0383 +bys>+bis+ by
! (s2 +wi)(s? +w3)

Cy =

®)

Polynomial coefficients in (8) are determined based on the
desired closed-loop poles and stability margins. We tune con-
troller zeros to set the magnitude of the closed-loop response to
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Fig. 4. (a) Control scheme with damping loop (C;) and feedback con-
troller (C). (b) Control scheme with the combination of iterative learning
controller and feedback controller. The damped plant is modeled as G4
and the projected unmodeled disturbance is denoted by d,,. Here, L and
Q are the learning and robustness filters in ILC, and = ~! indicates a shift
in the iteration domain.

TABLE |
REFERENCE FREQUENCIES AND STABILITY MARGINS AT ALL FRAME RATES

Frame Rate fi(Hz)  f(Hz) GM (dB) PM (deg)
5tps 945 500 G 17.2 100
Cy 17.8 101
10 fps 1890 10 Cx 13.6 779
Gy 14.7 80.1
15 fps 2835 15 Cx 14.5 758
Cy 15.3 792
20 fps 3780 20 Cx 13.7 672
Cy 12.9 68.9

unity at the desired reference frequencies. In Table I, we state
the reference frequencies and stability margins for each frame
rate. Simulated frequency responses of the z-axis closed-loop
system at various frame rates are depicted in Fig. 5. The y-axis
responses are similar. Although the closed-loop response at f;
and f> is set to unity, the peak at f, is not as sharp as f;. This
results in a short settling time for tracking of the slow sinusoid.

Assuming linear dynamics for the damped nanopositioner,
we can achieve approximately zero steady-state tracking error
when the feedback controller includes the reference dynamics.
In practice, however, the displacement is a nonlinear function
of actuation due to the quadratic relationship between force and
voltage in an electrostatic MEMS device [16], [22]. Moreover,
minor asymmetries of the actuators due to the fabrication tol-
erances can induce nonlinearities not captured in the system
identification. Therefore, higher harmonics of both reference
frequencies and their combinations lead to large tracking er-
rors [13], [16]. In Fig. 4(a), d represents disturbances due to

o ]
& A
T s 1
Q
E-0f ,
@15 f 1
p=
20 . . A\
107 10° 10 10*
T T
800 >&— 5 fps 10 fps 15 fips 20 fps
g" 600 - 1
2
£ 400 F 1
=%}
200 1
107 10° 102 10*
Frequency (Hz)
Fig. 5. Simulated frequency response of the closed-loop system with

the internal-model-based controller at different frame rates.

unmodeled dynamics and n denotes the sensor noise, which is
mainly originated from the piezoresistive elements, amplifiers,
and electric components of the readout circuit.

C. lterative Learning Control

Iterative learning control utilizes information from past ex-
periments to update control action to achieve high-precision
tracking of the reference signal in presence of repeating dis-
turbances. We investigate convergence properties of the algo-
rithm and obtain a bound on the asymptotic tracking error.
We then design ILC filters that meet the convergence crite-
rion and minimize the ultimate tracking error. In our design,
we employ well-established inversion approximation methods
to implement the inversion-based learning filter. The control
scheme that integrates the ILC with the feedback controller is
depicted in Fig. 4(b). For the sake of simplicity, the damping
loop is substituted by the damped plant, G 4. For later analysis,
the unmodeled disturbance d is projected into the sensor output
as dy. That is

d

=17 Ca(2)G(z)

€))

We assume that disturbances are repeating and iteration in-
variant, and use the following update law [33], [34]:
urp+1 = Q(2)urk + aL(z)eg), k>1 (10)
where uy; =0, and L(z) and Q(z) are the learning and ro-
bustness filters, respectively. Here, « is the learning gain, and
ur, and ey, denote the ILC control input and the tracking error
at the kth iteration, respectively. The tracking results of the
kth iteration are available for the update law at the (k + 1)th
iteration. In this approach, us ;4 is calculated using (10) and
augmented to the feedback control input in the current iteration.
To guarantee convergence of the ILC algorithm in the iteration
domain, tracking error and control inputs must remain bounded
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in the presence of uncertainties. According to Fig. 4(b), we have

€k+1 = Yd — Yk+1 — NEk+1

(an

Uk4+1 = UC k+1 T UL k+1
Yk+1 = uk+1Gd(z) =+ dp.

For simplicity, we discard (z) in the following formulations. To
analyze the effect of noise on the steady-state tracking error
and convergence, we assume that measurement noise is varying
through iterations and uniformly bounded at each iteration, i.e.,
|nk| < §. Accordingly, the ILC algorithm converges if the ILC
filters are designed such that

1Q(1 — aLSGy)| < 1 (12)

and accordingly, the asymptotic error at convergence is bounded
by

s = lim |€k| < \yd — dp|
k—o0

|5(1 - Q)|
l—p

SOLSG
| [0SQLSGl 5 16

— (13)

where p = Q(1 — aLSG,) and S is the sensitivity function. For
the proof and details; see Appendix.

1) Design of Learning Filter L: A number of techniques have
been proposed to design the learning filter [24]. According to
(22), the learning filter is selected so that

L= (58Gy)~". (14)

Therefore, the algorithm converges in one iteration assuming
@ =1 and ignoring the effect of noise. The challenge with
this technique is the NMP zeros of the plant. NMP zeros are
inevitable when the plant is discretized at a certain sampling
frequency or when the sensors and actuators are not collocated.
To determine stable approximate inversion, well-established
techniques such as NMP zeros ignore (NPZ-ignore), zero mag-
nitude error tracking controller (ZMETC), and zero-phase error
tracking controller (ZPETC) have been employed [43], [44].
These techniques are straightforward and effective in achieving
the desired tracking performance. The NPZ-ignore algorithm
ignores a part of system dynamics and, hence, is less accurate
than other methods. ZMETC and ZPETC approximate the effect
of NMP zero by a stable zero and a stable pole, respectively. The
type of the system, the location of NMP zeros, and the nature
of the application determine the algorithm most suitable for the
approximate inversion [43].

Anticausal filtering [45] or stable inversion [44], [46] are
alternatives to inverse approximation methods. They can sig-
nificantly improve the tracking results. These approaches are
based on partitioning the model into two parts consisting of
the minimum-phase and NMP zeros. Inversion of the first part
is straightforward. However, stable inverse of the second part is
anticausal. To perform anticausal filtering, we can replace z with
z~! and apply the filter on the time-reversed input sequence.

Here, we explore the performance of ZMETC and anticausal
filtering approaches in designing the learning filter. To obtain L

using ZMETC, we define H(z) = S(2)Ga(2), i.e.

BS(Z)BM(Z)
A(z)

where A(z) incorporates poles and Bs(z) and B, (z) include
stable and unstable zeros, respectively. Since H(z) is a proper
transfer function, we omit the units of delay considered for
causal implementation. Here, B, (z) is a polynomial writ-
ten as By (z) = by, 2" + by, 2" '+ -+ + by,. According to
ZMETC, the approximate inverse of H (z) can be obtained by
reflecting unstable zeros to stable ones with respect to the unit
circle, i.e., z,, — 1/2,,. Therefore, H~'(z) can be obtained as

71 (5) — A(2)
T &= 5m8:0

where B (2) = by 2" + by, 2" + <+« + by, . Note that dc gain
adjustment is not required since the dc gain remains unchanged.

In anticausal filtering approach [45], H(z) can be factorized
into

H(z) = (15)

(16)

H(z) = Hs(2)H,(2) (17)

where H,(z) and H,,(z) contain the invertible and noninvertible
zeros, respectively. Accordingly, H;!(z) is stable and causal,
while H,, !(z) is stable and anticausal. Since the ILC algorithm
is applied offline, and the tracking error is available from the
previous iteration, we may determine L by anticausal filtering
approach. From (10) and (17), we may write

wy(t) = Hy'(2)er(t)

S

(18)

then, the anticausal filtering can be implemented by reversing
the sequence, wy,(t), and applying the causal filter, i.e.

vr(t) = H, ' (27 Dwp(N —t). (19)

Finally, the filtered output is obtained by reversing v (1), i.e.,
2k (t) = v (N — t). Thus, the ILC control update law in (10)
can be rewritten as

ur k+1(2) = Q(2)[ur k() + azil,

The anticausal filtering method inverts SG; implicitly and deter-
mines the learning filter. Therefore, the ILC algorithm converges
fast and yields smaller tracking error in comparison with the
ZMETC, which suffers from approximation error.

2) Design of Robustness Filter Q: According to (13), track-
ing error approaches zero asymptotically if = 1 and |4 ~ 0.
In practice, however, || # 0 and the Q-filter is typically selected
as a low-pass filter to mitigate nonrepeating disturbances and
high-frequency noise. The cut-off frequency of (), on the other
hand, should be large enough to include reference frequencies
and disturbances. In this case, @) can effectively minimize the de-
terministic component of the tracking error. It is clear from (13)
that in order to minimize the effect of disturbances and noise,
we must have |S(1 — Q)| < 1 and |SQ| < 1. This requires a
compromise in designing ). As discussed in [47], the variance
of error at convergence is limited by the variance of iteration
varying noise and disturbances. The variance can be reduced by
selecting the learning gain as 0 < o < 1. This will ensure that
the ILC algorithm will converge with a small tracking error in the

k> 1. (20)
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Fig. 6. Magnitude of the low-pass Q-filter, |1 — LSG4| and Fig. 8. Reference signals of rosette pattern at 5 fps after zero padding.

|Q(1 — LSGy)| when the ZMETC technique is employed to design the
learning filter for tracking the rosette pattern at 10 fps.

Fig. 7. Experimental setup consists of a MEMS nanopositioner inte-
grated into a commercial AFM. The inset shows the contact-mode can-
tilever landed on the gold features microfabricated on the scan table [18].

presence of iteration varying noise and disturbances. Decreasing
the learning gain will also reduce the convergence rate.

Here, a fourth-order Butterworth filter is used as the Q-filter.
The bandwidth of the filter is selected as 5 kHz, 6.5 kHz, 8.5 kHz,
and 11kHz at 5fps, 10fps, 15fps, and 20 fps, respectively.
Accordingly, Q-filter ensures the stability and convergence of
the ILC algorithm when the ZMETC technique is applied. As
shown in Fig. 6, the Q-filter makes |1 — aL.SG 4| small at higher
frequencies. To avoid any distortion in the output signal due to
the phase shift imposed by the filter, a zero-phase filtering is
employed using filtfilf(-) function in MATLAB.

Since the filter bandwidth is large at high frame rates to en-
compass higher harmonics, the tracking error may not decrease
monotonically due to the high-frequency noise. To address this
issue, «v is set to 0.7 and 0.5 at 15 fps and 20 fps, respectively,
and to unity at 5 fps and 10 fps.

V. EXPERIMENT

To evaluate the performance of the proposed control scheme,
we conducted tracking experiments at 5 fps, 10 fps, 15 fps, and
20 fps using a feedback-controlled MEMS nanopositioner, as
shown in Fig. 7. In this section, we present the experimental
results and discuss the performance of two inversion techniques
in tracking the rosette pattern.

A. Implementation

The closed-loop system is implemented in a dSPACE Micro-
LabBox with a sampling frequency of 90720 Hz. The control
signal is amplified to drive the lateral axes of the nanopositioner

and the stage displacement is measured using the sensor output’s
voltage and predetermined calibration factors. To implement
the ILC, we require an interface to communicate between the
hardware and the software. ASAM XIL APIis a standard utilized
in dSPACE to facilitate such communications. Specifically, we
used the XIL API model access port to gain access to the
SIMULINK model, write into the blocks, and capture signals.
We then used the XIL API. NET implementation as a high-level
program in a MATLAB script to implement the ILC algorithm,
and to read and manipulate the variables online. Initially, the
ILC control input is set to zero and the IMBC is employed
in the tracking experiment. Then, the experiment is continued
iteratively and the desired signals including the tracking error
are captured in each iteration to update the ILC control drive
signal. The experiment is performed for a specific number of
iterations to ensure the convergence of the ILC algorithm. We
allow for 15 iterations, although the algorithm converges very
fast in practice.

B. Tracking the Rosette Pattern

Since the damped plant is NMP, anticausal learning and filter-
ing may result in transients. To address this issue, we may extend
the reference signals by leading and trailing zeros, which we will
truncate at the end. The number of zeros IV, is determined such
that the imaging rate for single-frame scanning remains almost
unchanged. Note that no zero is added to intermediate frames
in sequential scanning. Consequently, the extended reference
signals, in a single-frame scan, are obtained as

0 0<t<A
Talt), yalt) = { 2(t), y(t) A<t<T+A @1)
0 T+A<t<T+2A

where A = N, f, and f is the sampling frequency. Based on the
expected transient time, we select A = 1/ f} with f; as described
by (2). This extends the scan time to T+ 2A. Fig. 8 shows the
reference signals at 5 fps after zero-padding. In a single-frame
scanning, the scan time increases by 1 %, which is negligible.

C. Experimental Results

Initially, we perform closed-loop experiments to track a single
frame of the rosette pattern generated by the reference signals in
(21). Fig. 9 shows the root-mean-square (RMS) value of tracking
error at each iteration and the close-up views indicate the track-
ing error at convergence. Note that the RMS value of error at the
firstiteration is corresponding to the IMBC when the ILC is inac-
tive. We observe that the learning algorithm converges quickly,
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Fig. 9. RMS value of error at each iteration when the anticausal filtering approach (a) to (d) and ZMETC technique (e) to (h) have been employed

to determine the learning filter L at (a) and (e) 5fps, (b) and (f) 10fps, (c) and (g) 15fps, (d) and (h) 20 fps.

TABLE Il

reveal that the ILC precisely removes the higher harmonics not 452
RMS V‘.\l.L::NleEEQ%"\ATLE;:EJE"\A%EZ'NG THE cgmpensated by .the IMBC alone. Both inversioq teghniq.ues 453
yield a good tracking performance, however, assuming identical 454
gains, the anticausal filtering approach outperforms ZMETC 455

Frame rate IMBC IMBC+ILC . .
(tps) at high frame rates; see Fig. 10(h). We observe that at 20fps 456
Anti-causal ZMETC fundamental harmonic at f; has been removed satisfactorily, 457
alm__o0m _eaim _obm _eabm _o0m_poyever, the second harmonic at 7560 Hz is still dominant in 458
5 69.5 54.1 3.9 4.5 3.9 4.5 the error. 459
}2 18051‘ _10 QZ 3:2 2:3 ;‘;3 2; Fig. 11 depicts the time-domain results for single-frame track- 460
20 104.0 80.7 4.7 6.5 6.4 11.9 ing of the rosette pattern. Because of its effectiveness, here we 461
report the time-domain results with the anticausal filtering only. 462
Note that the padded zeros are truncated from the results. The 463
424 and tracking error decreases monotonically through iterations integration of ILC with IMBC leads to a visible improvementin 464
425  with both inversion techniques. At low frame rates, the algorithm  tracking. We also observe that IMBC leaves a steady-state error 465
426 converges in less than three iterations, while it takes five to seven  in the y-axis when the ILC is off. Although the nanopositioner 466
427  iterations for the tracking error to approach the asymptotic value ~ dynamics are very similar in x and y axes, the y-axis closed-loop 467
428  at higher frame rates. It is clear that the learning rate is faster ~system with IMBC cannot follow the low-frequency reference 468
429 at 5fps and 10 fps since o = 1. Fig. 9(a)—(d) describes a fast signal in one scan period. Augmenting the tracking controller 469
430 convergence rate with the anticausal filtering approach, whereas ~ with integral action may address the issue, but the ILC eliminates 470
431 it takes slightly longer for the algorithm to converge using the y-axis steady-state error successfully. 471
432 the ZMETC technique, particularly at higher frame rates; see As illustrated in the close-up views of Fig. 11, a large peak 472
433 Fig. 9(e)—(h). It appears that the accuracy of ZMETC degrades appears at the beginning and end of y-axis tracking error during 473
434 at 20 fps as the higher harmonics of the reference frequency lie  single-frame scans. This is due to the nonzero steady-state 474
435 beyond the bandwidth of the plant resulting in an approximation tracking error and the backward—forward technique used to 475
436 error. Since single-fame scanning is also performed here, we implement the learning and robustness filters. To prevent the 476
437  consider both the transient and steady-state errors in calculation peak of error from affecting single-frame scans, we provide a 477
438 of the RMS values. From experimental results, we observe that  priori learning using the pattern’s periodicity. We extend the 478
439 the combination of ILC with IMBC properly minimizes the length of the reference signals by replacing 7" with T+ 2¢ in 479
440 transient and steady-state error at convergence. (21). Here, € is selected as 1/ f; to cover the transient duration. 480
441 Table II presents the RMS value of tracking error with the In this case, the scan time for single-frame scanning increases 481
442 proposed control scheme. We achieve 90 % improvement with by less than 2 %. In sequential scanning, consecutive frames 482
443 ILC using the anticausal filtering approach. Moreover, the RMS  are not affected by the error peak meaning that the scan time 483
444 value of tracking error decreases to less than 0.1 % of the scandi-  of successive frames remains unchanged. Therefore, the overall 484
445  ameter. Considering the fact that IMBC restricts the sensornoise ~ scan time will be Ty = N;T + 2A + 2¢, where Ny is the total ~ 485
446 and bounds the tracking error at the first iteration, integrating the  number of frames. 486
447  ILC with the IMBC enhances the tracking performance. Steady-state tracking errors in Table III allows us to compare 487
448 To evaluate the efficacy of the proposed control scheme inre-  the performance of proposed control structure with the IMBC 488
449 jecting the repetitive disturbances, we obtain FFT of the tracking  during sequential rosette scan assuming that the transient re- 489
450 error. Fig. 10 shows FFT of tracking error with anticausal filter-  sponse is disappeared. Combined ILC/IMBC reduces the peak 490
451 ing and ZMETC approaches at all frame rates. The closeup views  to peak value of steady-state error by 50 % and keeping it below 491
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Fig. 10. FFT of tracking error with IMBC and the combination of ILC and IMBC when the anticausal filtering approach (a) to (d) and ZMETC
technique (e) to (h) are employed to determine the learning filter (L) at 5 fps, 10fps, 15 fps, and 20 fps.
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Fig. 11. Time-domain tracking results of single-frame scan at (a) 5fps, (b) 10fps, (c) 15fps, and (d) 20 fps when the anticausal filtering approach
is employed to determine the learning filter.



492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515

516

517
518
519
520

NIKOOIENEJAD et al.: ITERATIVE LEARNING CONTROL FOR VIDEO-RATE ATOMIC FORCE MICROSCOPY 9

Ref. ILC+IMBC

Ref. ILC+IMBC

5 fps
N P

10 fps
3 P

Y (pm)

X (pm)

X (pm)
(a) (b)

Fig. 12.

TABLE IlI
RMS VALUE OF STEADY-STATE TRACKING ERROR AT ALL FRAME RATES

Frame rate IMBC IMBC+ILC
(fps)
Anti-causal ZMETC
ex(nm)  ey(nm)  ex(nm) ey(nm)  ex(nm)  ey(nm)
5 8.2 23.3 3.8 4.2 3.8 4.2
10 9.4 13.8 4.2 4.5 45 4.7
15 7.2 21.3 43 4.6 4.6 4.8
20 5.7 30.2 4.2 4.8 5.5 7.1

20nm. In addition, this method improves the z- and y-axis
tracking errors by more than 27 % and 79 %, respectively.

As discussed in Section III-C, RMS value of tracking er-
ror at convergence is bounded by iteration varying noise and
disturbances. According to (13), ex < 2|S||d] if Q =1, and
L = (SG4)~'. Therefore, asymptotic error relies on the sensor
output noise fed back to the system. Since IMBC attenuates the
high-frequency projected noise, the upper bound on the ultimate
error determines the resolution of the displacement sensors. To
obtain sensor resolution in open loop and under damping, we
recorded sensor output noise for 60 's at a sampling frequency of
62.5 kHz with an antialiasing filter (Stanford Research SR650
low-noise filter) with a cut-off frequency of 15 kHz being used
in the path. To reject noise and electrical disturbances, the
experiment was performed in a closed metal box. Open-loop
RMS value of noise is 2nm, with the actuators electrically
grounded, and it is about 3nm with the damping loop being
active. Asymptotic error obtained with the anticausal filtering
approach is bounded by about 4 nm, which is close to the sensor
noise floor.

The rosette trajectory and the actual displacement of the stage
tracing the rosette pattern are depicted in Fig. 12. Close-up views
validate the tracking performance at all frame rates when the ILC
is integrated with the internal-model-based controller.

V. AFM IMAGING

To implement rosette scanning with the proposed control
scheme, we used an AFMWorkshop TT-AFM. We mounted
an MEMS nanopositioner on the AFM 3-DOF positioning
mechanism. The MEMS device serves as the scanner in the

ILC+IMBC

ILC+IMBC

15 fps 20 fps
3 3

Y (um)

Y (pm)

X (pm)
(©)

Reference and actual rosette trajectory at (a) 5fps, (b) 10fps, (c) 15fps, and (d) 20 fps.

Z(pm)

Y (pm)

Fig. 13.

3-D AFM images acquired with rosette-scan at (a) 5fps, (b)
10fps, (c) 15fps, and (d) 20fps on a window size with a diameter of
6 pm.

experiments reported here. As indicated in the inset of Fig. 7,
the periodic gold features fabricated on the scan table of the
MEMS nanopositioner were used as the sample. Dimensions of
the gratingsis 4 x 4 x 0.5 um? with a pitch of 3 um [5]. Due to
the low z-axis bandwidth of the commercial AFM’s positioner,
we performed the experiments in constant-height contact mode.
We used a contact-mode cantilever with a resonance frequency
of about 27.8 kHz and stiffness of 0.25 N/m. When the cantilever
was landed on the MEMS scan table, we closed the control loop
and activated the iterative learning algorithm. X and Y sensor
outputs and cantilever deflection were recorded simultaneously
to construct 3-D AFM images. Fig. 13 depicts a single-frame of
rosette scan at frame rates ranging from 5 to 20 fps, indicating
that AFM images have precisely captured the structure of a gold
feature.

We also performed sequential scanning at video rate. To
imitate a dynamic process, the AFM positioner was made to
raster at 0.2Hz over a window size of 6 x 6 um? while the
MEMS nanopositioner was following the rosette pattern at 20 fps
in a scan area with a diameter of 6 ym. Fig. 14 illustrates a series
of AFM time-lapsed images that capture the gold feature moving
slowly under the cantilever.
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Fig. 14. Series of rosette-scan frames at 20 fps captured in constant-
height contact mode on a window size with a diameter of 6 pm.

VI. CONCLUSION

We demonstrate video-rate rosette scanning by combining
an internal-model-based controller with an iterative learning
controller. The feedback controller contains an internal model
of the reference signals and limits the closed-loop bandwidth
to bound the tracking error when the ILC is OFF. The ILC is
used to mitigate induced disturbances originating from inherent
system nonlinearities. The model-based ILC is designed using
well-established inversion techniques. The experimental results
validate the efficacy of the control scheme in reducing transient
and steady-state tracking errors at several frame rates. We show
that this control scheme is suitable for both sequential and
single-frame scanning. We acquire successive AFM images of
slowly moving gold features at 20 fps in constant-height contact
mode. In future works, we will implement the scanning experi-
ment in constant-force contact mode and tapping mode using a
high-bandwidth z-axis positioner.

APPENDIX

According to (11), the tracking error in the (k + 1)th iteration
can be described as

epr1 = Q(1 — aLSGa)er + S(1 — Q)(ya — dp)

+SQnk — Sngyq. (22)

Proceeding through iterations, we can derive the relationship
between ey and e; as
k—1
ey = pler+ Y S(1—Q)(ya—dp)p’

i=0 23)

k—1 k—1
+ Z SQpink_i - Z Spink+1_i
=0 i=0

where p = Q(1 — «LSG,). By changing the index variable,
the last two terms can be combined into one, hence, (23) can be
simplified to

k—1
erpr=pler +S(1-Q)(ya—dyp) Y _p'
= (24)
k—1 ‘
+ SQLSGy Z P'ng_; — Sngy1 + pknl.
=0

Assuming |n| < 4, the upper bound on ey is obtained as

k—1
ler1] < [pl¥ler] + 1S(1=@)llya — dol Y Il
i=0
(25)
k-1
+|SQLSGq| Y |pl'16] — |S]18] + |p]*|6].
i=0
Since the feedback controller is designed to keep the tracking
error small at the first iteration, |e; | is bounded. As a result, (25)
implies that the asymptotic error is bounded when k£ — oo if
lp| < 1.
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