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Abstract

It is widely known that inchworm piezo motors are being used in ultra-precision
detection platforms where high clamping force and nano-precision are required.
This paper examines and proposes a dynamic model of the inchworm piezo motor
to improve the performance and controller. Traditional identification strate-
gies have not been adopted for calculating parameters for the dynamic model
exhibiting hysteresis nonlinearity. In addition, hysteresis deteriorates the accu-
racy of positioning of inchworm piezo motors. It has been proposed to solve these
problems using a feedforward controller, a hysteresis compensator based on a
stochastic configuration networks algorithm (SCNs). Using the SCNs algorithm,
both voltage and displacement inputs can be used to describe the nonlinear
memory of hysteresis, and the kernel function provides a flexible and accurate
representation of this behavior. This method enables the dynamic model param-
eters of the inchworm piezo motor to be identified using frequency sweeps. A
proportional-integral (PI) controller is used to verify the positioning accuracy,
and experimental results show that an inchworm piezo motor has a position-
ing accuracy of about 1nm when the laser interference is low with a 10 M H z
adoption rate and 0.1nm resolution.

Keywords: Inchworm piezo motor, Hysteresis nonlinearity, Dynamic modeling, SCNs
modeling



1 Introduction

For ultra-precision detection and motion systems dedicated to super-resolution
microscopy for semiconductor tests [1], ultra-precision micro-machines for manufac-
turing[2, 3], and microrobots for medical assistance technology[4], inchworm piezo
motors are commonly used. It should be noted that inchworm piezo motors are par-
ticularly useful in semiconductor chip detection systems due to their advantages in
terms of their long travel ranges (millimeter scale), nanometer resolution (nanometer
scale), and heavy forces (tens of N scale)[5, 6]. The modeling and identification of
inchworm piezo motors remain a challenging problem even though numerous previous
studies have focused on their applications[7-9].

The inchworm piezo motor poses a challenge in modeling because of its coupled
linear dynamic and nonlinear hysteresis systems, which make its parameters more dif-
ficult to calculate using methods for identifying linear dynamic systems[10-12]. There
are two general types of linear dynamic identification methods: sweep frequency iden-
tification and noise identification[13, 14]. By increasing the input frequency, the sweep
identification proposes to calculate the parameters of the modeling, resulting in a
rate-dependent behaviour for the inchworm piezo motor[15]. In order to determine
the noise, the voltage amplitude is changed, which allows the hysteresis loop to show
amplitude-dependent behavior for the inchworm piezo motor[16]. This paper presents
the results of the Frequency Response Function (FRF) of the inchworm piezo motor in
Fig.1, which presents an undesirable hysteresis behavior which makes linear dynamic
identification difficult. For inchworm piezo motors with hysteresis behavior, it is dif-
ficult to compute the parameters and highlight their characteristics using traditional
identification methods. As a result, the problem of hysteresis modeling and compensa-
tion has generated considerable interest in the development of an identification system
to deal with this phenomenon[17, 18].
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Fig. 1 Result of FRF for the inchworm piezo motor with hysteresis behavior in the identification
system (Figure shows that magnitude and phase of the FRF)



It has been proposed that hysteresis modeling and compensators can be used to
reduce the complexity of the inchworm piezo motor caused by its hysteresis behavior.
It is currently possible to classify hysteresis modeling into two main categories[19].
A hysteresis model-based approach is primarily used[20, 21]. It has been shown
that Prandtl-Ishlinskii(PI) hysteresis modeling is one method often used to describe
hysteresis[22], and it typically describes a continuous loop of hysteresis that is rate-
independent [23]. This PI hysteresis modeling has the advantage of being simple, and
its hysteresis compensator can be calculated analytically[24]. In spite of this, the hys-
teresis loop formed by the PI operator did not return to zero along the input cycle
voltage[25]. Following this, Preisach hysteresis modelling was used to model a complete
rate-independent hysteresis loop due to its simplicity and calculation speed[26], which
proved superior to PI modeling. The Preisach hysteresis model had merit in that it
was capable of describing a greater number of hysteresis loop characteristics (i.e., sig-
nificant and inner loops)[27]. Nevertheless, it was difficult to apply the exact solution
of the Preisach hysteresis compensator[28]. Inchworm piezo motors exhibit hystere-
sis characteristics that can be difficult to compensate. For obtaining a more accurate
expression of the hysteresis compensator function, Bouc?Wen hysteresis modeling has
been proposed. As well as its computational simplicity, it only required one differ-
ential equation with a few parameters to describe the hysteresis behavior[29]. Tt is
possible to describe both rate-dependent and amplitude-dependent hysteresis behav-
ior using Bouc-Wen’s hysteresis model. It should be noted, however, that the classical
Bouc-Wen hysteresis model can only be applied to symmetric and rate-independent
hysteresis descriptions[30, 31]. Additionally, the Duhem hysteresis modeling presents
a static model with outputs independent of the input frequency and, therefore, can-
not provide accurate descriptions of rate-dependent hysteresis nonlinearity. Based on
the results of this study, the model-based hysteresis methods do not meet the nonlin-
earity of the hysteresis loop for the inchworm piezo motor. As a result, the methods
of model-free hysteresis are suggested to resolve the problem of hysteresis.

Using the second type of hysteresis model-free method, hysteresis modeling can
be trained using data-driven algorithms[32]. For example, the Radial Basis Func-
tion (RBF) neural network was proposed for application in the nonlinear system[33],
which incorporated a dynamic RBF neural network to model the hysteresis of the
plant. In the approach mentioned above, auxiliary hysteresis descriptions were uti-
lized in order to extract the change tendency of the nonlinear effect, thus producing
expanded inputs for solving the multivalued problem. In previous studies, artificial
neural networks (ANNs) were demonstrated to be an effective means of modeling the
hysteresis loop[34]. In the context of hysteresis modeling, the ANN provided advan-
tages due to its universality and robustness[35, 36]. The support vector machine
(SVM) is superior to the artificial neural network (ANN) in terms of global opti-
mization and generalization ability for the hysteresis loop to model. Therefore, the
SVM is widely employed to estimate nonlinear systems accurately[37], especially that
involving hysteresis loops[38].

It is further proposed to use the Least-Squares Support-Vector Machine (LSSVM)
in order to train the nonlinearity parameters to compensate for hysteresis model-
ing, and its advantage lies in being a more accurate compensator of hysteresis by



fitting[39]. To resolve the hysteresis loop, this paper presents a SCNs hysteresis mod-
eling approach. Using SCNs algorithm trains, hysteresis modeling can be fitted and
compensated directly via multivalued input. As a result of the redundancy of neural
network nodes, the calculation time can be reduced. The SCNs algorithms are more
appropriate for precision systems. By using the SCNs inverse hysteresis model, the
hysteresis compensator for the inchworm piezo motor needs to be completed.

In the paper, the inverse hysteresis modeling of SCNs is used in order to compen-
sate for the hysteresis behavior, and finally, the dynamic system of the inchworm piezo
motor is identified. There are three major contributions to this paper. First of all, the
techniques of dynamic modeling of the inchworm piezo motor are presented. Secondly,
the nonlinearity hysteresis compensator must be put into the inchworm piezo motor
system in order to make an accurate identification of the motor. In addition, the SCNs
hysteresis model converts into a feedforward controller in order to compensate for
hysteresis by using the SCNs algorithm. It is necessary to identify the inchworm piezo
motor in order to calculate the parameters of the dynamic modeling in the experi-
ment. Lastly, the feedback controller (PI Controller) and feedforward controller are
introduced to verify the accuracy of positioning in the experiment using the inchworm
piezo motor.

In the remainder of the paper, the following sections are provided: Section 2 intro-
duces dynamic modeling of the inchworm piezo motor; Section 3 discusses hysteresis
using SCNs hysteresis modeling, and a feedforward controller is described; Section
4 describes experiments, training and identification of SCNs hysteresis models; and
finally, the study concludes with constraints and ideas for future research.

2 Dynamic modeling and analysis

2.1 Dynamic modeling

As shown in Fig.2 (a), the inchworm piezo motor is composed of two pairs of bender-
type PEAs which symmetrically distribute with the runner. In a square-shaped
distribution, phalanx bender-type PEAs include all four bender-type PEAs. To bet-
ter explain the model of the inchworm piezo motor, the one phalanx bender-type
PEAs names p;, consisting of bender-type PEAs [1],[2],[3]and [4], another phalanx
bender-type PEAs names po, consisting of bender-type PEAs [1'],[2'],[3/]and [4/]. Fig.2
(b)illustrates the simultaneous introduction of voltages u(¢) and wus(t) to produce
displacements along the X and Z axes. There are two piezo stacks in the inchworm
piezo motor, each with a separate deformation. By supplying voltage to the two piezo
stacks, the piezo stacks extend along the z-axis and bend along the x-axis when they
are charged. An overview of the schematic deformation of the side view and the work-
ing principle of an inchworm piezo motor can be found in Fig.2. By accomplishing the
supply voltages, the bender-type PEA can be put in a working region in the X, Z plane,
which is spanned by the periodic waveforms w;(t), ¢ € {1,2}, with min(u;) = —250V
and maz(u;) = +250V.

It is assumed that every bender-type PEA contains the same deformation, then
the displacement of bender-type PEAs in X and Z directions(see Fig.2 (b)) can be
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Fig. 2 Schematic modeling of the inchworm piezo motor. (a)Modeling of the inchworm piezo motor.
(b)Woking modeling.

described as follows:

Zp, = Zpy = Couz (1) — 2 (1)
Where ¢ is the time variable; ¢; and cy are the bending and extending piezoelectric
coefficient, respectively; x,, andu z,,, ¢ € {1,2} represent the displacement, respec-
tively; u;, 1 € {1,2} denotes the input voltage; h, and h, indicate the hysteretic loop in
terms of displacement of bender-type PEAs along X-axis and Z-axis, respectively; and
x is the displacement of inchworm piezo motor. Accordingly, the dynamic modeling
of the inchworm piezo motor, shown in Fig.2 (b), can be expressed as follows:

{ Tpy =y = 1t (1) — B (1) 1)

mi, = { k(zp, —xs) + b(x..m - xS) ,if Zpy 2 Zpy (2)
k(xp, —xs) +b(Lp, — &) ,0f 2p, < 2p,

The heights of the pair of the bender-type(z,, (¢) and z,, (t)) determine which pair
of the bender-type drives the runner. Parameters m , k and b represent the mass,
damping coefficient, and stiffness. Therefore, the dynamic model of the inchworm
motor can be expressed in the following manner:

mis, =k (X, — ) + b (X, - i) 3)

Where, X, defines the bending displacement. When (1) is substituted for (3), the
following results are obtained:

mi, (1) + bivy (8) + kg () = e1 [bin (8) + kur (O] = [kho (8) +bha (0] (4)

Based on equation (4), we can conclude that a linear dynamic system and a non-
linear dynamic system are included in any dynamic modeling of the inchworm piezo
motor. A piezo motor driven by inchworms exhibits a relationship between displace-
ment and input voltage. Therefore, we assumed that the hysteresis behavior was only
dependent on the input voltage.



2.2 Model analysis

As shown in equation (4), the inchworm piezo motor is dynamically modeled with a
nonlinear hysteresis system. During identification, hysteresis causes both amplitude
and rate dependence, undermining the results. Therefore, the Hammerstein model[40],
as shown in Fig.3, and can be introduced in the inchworm piezo motor with the cou-
pling between hysteresis and linear dynamics. Since W (t) and U(t) are not measurable,
u(t) and x(t) represent the input voltage and output displacement, respectively. The
linear voltage converter D (-), hysteresis H (-), and linear dynamics G (+) are coupled.
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Fig. 3 Dynamical modeling of the inchworm piezo motor

The dynamic modeling of the inchworm piezo motor can be described as follows:

s (t) = G (fID (u(t), H (u(t))]) ()
then, we split equation (4) as follows:

G() s (t) + bis (1) + ks ()
(): 1 (bun (t) + kuy (1)) (6)
H (t) = khg (t) + bhy (t)

To realize the parameter identification of the inchworm piezo motor using conven-
tional identification methods, it is vital to model and compensate H (¢). From formula
(1), we can get

H (t) = c1 (kuy (8) + bu (b)) = (kzp, (2) + bip, (1) ) (7)

So, the SCNs hysteresis modeling is proposed to solve the problem.

3 Hysteresis modeling using SCNs algorithm

In contrast to developing an inversion of the constructed hysteresis model, the nonlin-
ear hysteresis can be directly modeled using the SCNs algorithm. Wang et al. proposed
the SCNs algorithm in 2017[41], and it is a randomly configured neural network using
the single-layer forward neural network structure (SLENN). The SCNs algorithm
has the main advantage of reducing the node redundancy of a neural network, thus
facilitating accurate fitting.



As shown in Fig.4 (a), hysteresis modeling uses an SCNs algorithm that has a
structure where only three input nodes, including the input voltage at the previous
time instant k — 1(i.e. w(k — 1), H(k — 1)) and at the current time instant k(i.e. u(k),
H (k)), are used for multivalued nonlinearity. then,
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Fig. 4 Diagram of SCNs hysteresis modeling. (a)Diagram of SCNs, (b) Diagram of SCNs hysteresis
modeling training and evaluation.

H(k) =f (u (k))’ (8)

Where H (k) and w (k) are the actual hysteresis output and the input vector at the
current time instant k, respectively. According to the definition of the SCNs algorithm,
the unknown hysteresis modeling function is approximated by:

fr-1(u(k))) = Big; [wju (k)) + b,

1 9)
(L=12,-,fo=0)

j=L—1

.

Where g; (-) denotes the activation function,L represents the number of hidden nodes,
B; is the output weight, w; is the input weight, and b; is the offset value. Especially,
gj (u (k)) is designed as:

g3 u(k)) = exp (—; (k) - cjn) (10)

J

Where o; and ¢; = [c1,5,¢2,j,¢3,;]T (j = 1,2,...,L — 1) denote the Gaussian dis-
tributed width and the center vector at the j** hidden node, respectively. The SCNs
hysteresis modeling consists of the offline training stage and the online approximation



stage, as shown in Fig.4 (b). In this paper, we obtain the activation function parameter
values through offline training and the output results through online estimation.

Generally, the normalized root-mean-squared error (NRMSE) is chosen to evaluate
the SCNs hysteresis model.

2

VUn S, (H (k) — H (k)
max; H (k) — min; H (k)

ENRMSE = (11)

Where n is the length of input voltage, H (k) and H (k) denote the output
hysteresis and the model predictions of hysteresis for the inchworm piezo motor,
respectively.

4 Experiments and discussions

4.1 Experimental setup

There are four main components to the overall experimental setup. Firstly, the exper-
iments are carried out on an inchworm piezo motor, whose size is p40mm x h50mm
and total traveling length is 19.42mm. Secondly, a controller with 16-bit digital-to-
analog converters (DACs) and a high-speed quadrature decoder (QAD) is used to
form a hardware-in-the-loop (HIL) controller. Thirdly, a multichannel voltage ampli-
fier operates at a drive frequency exceeding 1.5K H z with a voltage range of 600V pp
and a current output of 40mA. Finally, the measuring system is laser interference with
a 10M Hz adoption rate and 0.1nm resolution. The hysteresis modeling and identi-
fying algorithms are programmed in the MATLAB/Simulink environment, and Fig.5
illustrates the experimental setup.

4.2 SCNs model training and compensator design

This section aims to determine the hysteresis compensation factor of the inchworm
piezo motor based on input displacement and output voltage. Firstly, the SCNs model
training of the output displacement is accomplished in this paper, and we finally adopt
an input voltage signal [see Fig.6 (a)] for this purpose to calculate the parameters of
the SCNs model. The input voltage signal is designed as follows:

u(t) = 3.5sin (107t) e " (12)

By inputting the voltage signal u (t) into the multichannel voltage amplifier, the
result of the inchworm piezo motor was shown in Fig.6 via laser interference.nd the
result of SCNs modeling training is shown in the experiment. The hysteresis loop is
plotted in Fig.6 (c) by the input voltage and output displacement. Finally, the error is
calculated to contrast experimental displacement and SCN model output displacement
in Fig.6 (d).

In this experiment, we set a time interval of 0.0001s and 35001 training data sets.
Then, the parameters §;,w; and b; in the SCNs model are obtained. So, the SCNs
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modeling compensator can be expressed as:

. 1
i (k) = 1+ e—(w;z(k)+b;) x B

(13)

Where verifing the accuracy of the SCNs model output under this experimental con-
dition. We conducted tests of f = 1Hz and f = 10H z, respectively, for experimental
verification in Fig.7.

4.3 Dynamics model identification

As shown in Fig.8, a hysteresis model is introduced to the identification system at first.
A linear dynamics model of the inchworm piezo motor is identified by the swept-sine
waves, whose amplitude range of 5V and the frequency range of 0.1 ~ 800H z. The
inchworm piezo motor position responses are recorded using a sampling rate of 1kH.
Where u (t) is the input voltage value along the variable t. fy is the starting
frequency of 0.1Hz, f. is the ending frequency of 800H z, and T is a whole time cycle.
The swept-sine signal can be expressed in Formula(14), u (¢) is the input voltage value
along the variable t. fy is the starting frequency of 0.1Hz, f. is the ending frequency
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Fig. 6 Results of the SCNs hysteresis model training. (a)Input voltage. (b)Experimental result and
SCNs hysteresis model output. (¢) Experimental result of hysteresis loop between input voltage and
output displacement. (d)Error between experimental result and SCNs hysteresis model output.

800H z, and T is a whole time cycle.
o . fe - fO 2
u(t) =5sin | 27 | fo x t4+ 0.5 x % t“ ) +0.57 (14)

The input swept-sine and output position set data are used to identify the system
by estimating the model from the frequency response data. Fig.8 (a) illustrate the
experiments and the associated model. These results show that the first resonant
mode occurs around 138.8H z. So, the inchworm piezo motor frequency responses can
be expressed as:

6.664e%s +0.2657
G(s) =
3.04s2 + 58s + 2.312¢6

It is observed that the second-order model that has been identified matches the sys-
tem dynamics well in terms of magnitude at frequencies below 500H z. As a result, the
estimated second-order model cannot accurately describe high-frequency dynamics.
This paper proposes a simple second-order model to demonstrate the linear dynamics
system of the inchworm piezo motor.

(15)

4.4 FF compensation Plus FB controller

As described in Section 4.2, the inchworm piezo motor model was decoupled as a linear
system identified by the hysteresis modeling compensator. The FRF of the inchworm
piezo motor was obtained in Section 4.3. To further suppress the existence of residual
tracking errors and other disturbances, it cannot be processed by FF compensation.
Hence, proportional-integral (PI) controller is introduced to the system as an FB

10
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from the SCNs hysteresis modeling and experiment between input voltage and output displacement.
(b)f =1Hz and f = 10H z, the error between the SCNs hysteresis modeling output and experimental
hysteresis output.

controller, which improves the accuracy of positioning the inchworm piezo motors.
The whole block diagram is presented in Fig.9.

In Fig.9, K, = 10 and K; = 145.836 are the proportional and integral gains,
respectively. The positioning displacement error e (t)= z, (t) — Zous (1), T (t) is ref-
erence tracking and %, (¢) is actual displacement by the measuring system. The
experimental results showed that the target displacement of 1um and 2mm, the actual
displacement, and the positioning displacement error were plotted in Fig.10 under the
FF compensation plus FB controller.

Based on the environment’s influence and the feedback displacement of the laser
interference, damage positioning displacement of around 5nm is observed, and long-
term testing will result in large fluctuations. In this section, we take the reference
displacement as step tracking.

5 Conclusion

The goal of this study was to develop a model and identification of a piezo motor
that operates with nonlinear hysteresis. We found that the SCNs hysteresis model
can be used as a sound model for describing nonlinear hysteresis behavior. In this
experiment, we calculated the parameters of the SCNs hysteresis model through the
process of data training. It was further demonstrated that the error between the
SCNs hysteresis model output and the experimental result could be controlled within
the range of 2nm. In addition, a SCNs hysteresis compensator is included in this

11
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paper in order to identify the inchworm piezo motor through linear identification. This
controller system generates a second-order model of the inchworm piezo motor. The
closed-loop PI experiment assisted us in determining that the positioning accuracy
error is approximately 1nm. It will be the subject of future research to investigate the
application of the inchworm piezo motor to the electron microscope platform.

12
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