214

IEEE/ASME TRANSACTIONS ON MECHATRONICS, VOL. 21, NO. 1, FEBRUARY 2016

An Inversion-Free Predictive Controller for
Piezoelectric Actuators Based on a Dynamic
Linearized Neural Network Model
Weichuan Liu, Long Cheng, Senior Member, IEEE, Zeng-Guang Hou, Senior Member, IEEE,
Junzhi Yu, Senior Member, IEEE, and Min Tan

Abstract—Piezoelectric actuators (PEAs) are widely used
in high-precision positioning applications. However, the inherent hysteresis nonlinearity seriously deteriorates the
tracking performance of PEAs. To deal with it, the compensation of the hysteresis by using its inverse model
(called inversion-based) is the popular method in the literature. One major disadvantage of this method is that the
tracking performance of PEAs highly relies on its inverse
model. Meanwhile, the computational burden of obtaining
the inverse model is overwhelming. In addition, the physical constraints of the input voltage of PEAs is hardly handled by the inversion-based method. This paper proposes
an inversion-free predictive controller, which is based on
a dynamic linearized multilayer feedforward neural network
(MFNN) model. By the proposed method, the inverse model
of the inherent hysteresis is not required, and the control
law can be obtained in an explicit form. By using the technique of constrained quadratic programming, the proposed
method still works well when dealing with the physical constraints of PEAs. Moreover, an error compensation term is
introduced to reduce the steady-state error if the dynamic
linearized MFNN cannot approximate the PEA’s dynamical
model satisfactorily. To verify the effectiveness of the proposed method, experiments are conducted on a commercial PEA. The experiment results show that the proposed
method has a satisfactory tracking performance even with
high-frequency references. Comparisons demonstrate that
the proposed method outperforms some existing results.
Index Terms—Dynamic linearization, hysteresis, model
predictive control (MPC), neural network modeling, piezoelectric actuators.

I. INTRODUCTION

N

ANOTECHNOLOGY has been widely adopted in the
high-precision positioning applications. Due to the fast

Manuscript received November 20, 2014; revised February 5, 2015;
accepted April 22, 2015. Date of publication May 11, 2015; date of current version February 12, 2016. Recommended by Technical Editor K. K.
Leang. This work was supported in part by the National Natural Science
Foundation of China under Grant 61422310, Grant 61370032, Grant
61375102, Grant 61225017, and Grant 61421004 and Beijing Nova Program under Grant Z121101002512066. This paper was presented in part
at the American Control Conference, Chicago, IL, USA, July 1–3, 2015.
(Corresponding author: Long Cheng.)
The authors are with the State Key laboratory of Management and
Control for Complex Systems, Institute of Automation, Chinese Academy
of Sciences, Beijing 100190, China (e-mail: liuweichuan2013@ia.ac.cn;
long.cheng@ia.ac.cn; hou@compsys.ia.ac.cn; junzhi.yu@ia.ac.cn; min.
tan@ia.ac.cn).
Color versions of one or more of the figures in this paper are available
online at http://ieeexplore.ieee.org.
Digital Object Identifier 10.1109/TMECH.2015.2431819

response and high stiffness properties, piezoelectric actuators
are becoming the core components of many high-precision
systems, such as the atomic force microscopes [1], computer
components [2], and adaptive optics [3]. However, the inherent
hysteresis nonlinearity dramatically degrades the tracking
performance of PEAs under conventional control methods.
Furthermore, the hysteresis nonlinearity of PEAs is also affected by the changing rate of the input voltage of PEAs (called
rate-dependent property), which increases the difficulty of designing a desired controller. Therefore, how to overcome these
difficulties has become a challenging and attractive topic in the
literature.
Recently, the inversion-based method is widely adopted in
the field of tracking control of PEAs. This kind of method is
based on a common model structure, which is composed of a
linear dynamics submodel and a hysteresis submodel [4]. Under this structure, the hysteresis submodel is independent of the
changing rate of input voltage, and the rate-dependent property is reflected by the linear dynamics submodel [5]. To obtain
the inversion, the model of the hysteresis should be obtained
first, which is usually expressed by the Preisach model [6], the
Prandtl–Ishlinskii model [7], the Duhem model [8], and their
modified ones [9]–[13]. Then, the inverse hysteresis model can
be calculated accordingly either by an explicit formula or in a recursive way. Once the hysteresis submodel is compensated, the
only thing left is how to deal with the linear dynamics submodel,
which has been well discussed in the literature [14]–[16]. For
instance, in [14], the inverse Preisach model is used to compensate the hysteresis submodel. After that a cascaded PD/lead-lag
feedback controller is designed to deal with the linear dynamics
submodel. However, the tracking performance of PEAs is highly
dependent of the accuracy of the inverse hysteresis submodel.
To alleviate this dependence, the iterative learning control (ILC)
is introduced in the inversion-based method, which results in the
inversion-based iterative control [17], [18]. Here, the ILC can
decrease the error between the desired trajectory and the actual
displacement of PEAs, although the convergence proof of the
inversion-based ILC is based on the assumption that the hysteresis submodel of PEAs is rate independent. For the same purpose
of alleviating the dependence of the inverse hysteresis submodel,
an adaptive inverse algorithm based on backpropagation neural
networks is designed to improve the accuracy of the inverse
hysteresis submodel [19], and the experiments are conducted
only in the low-frequency working condition. Furthermore, the
computation of the inverse model is usually complicated, which
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costs huge computational resources especially when real-time
applications require the high-frequency tracking reference.
To overcome the disadvantage of the inversion-based method,
the inversion-free approach is drawing attention in recent years.
The widely used inversion-free method is the sliding mode
control (SMC). The main purpose of SMC is to guarantee the
tracking performance of PEAs with bounded disturbances and
uncertainties, and the hysteresis is usually considered as a disturbance. For instance, in [20], the model of PEAs is formed
as a second-order linear system plus the hysteresis (the hysteresis is regarded as the input disturbance). Most of the SMC
schemes need the feedback of the displacement and velocity
of PEAs [21]; therefore, the velocity observer is required in
the control of PEAs [22]–[24]. To avoid the design of the velocity observer, an input–output-based digital SMC method is
proposed in [25]. Besides, chattering is an inherent problem
of SMC schemes, which can greatly deteriorate the tracking
performance of PEAs. Although the chattering problem can be
solved by using the boundary layer technique in [25], nonzero
steady-state error exists. In [26], the neural network with radial
basis function is used to online estimate the parameters of PEAs’
nonlinear models, resulting in a neural network based motion
controller. However, a sufficient large number of neurons are
required to achieve the accurate approximation of PEAs. As a
result, the computational cost of the online estimation is a heavy
burden, and the method in [26] is only verified for a reference
signal around 1 Hz. Furthermore, some other studies focus on
the direct analysis of systems with hysteresis [27], [28]. These
results mainly give some theoretical discussion and are rarely
verified in the real-time control of PEAs.
Model predictive control (MPC) is widely adopted in the
industrial applications, which is suitable for the control processes of multiple inputs and outputs [29], [30]. Besides, the
MPC shows great performance and robustness on dealing with
the physical constraints [31]. MPC is expected to be a promising method for tracking control of PEAs [32], while it is rarely
adopted in the literature. In [33], MPC is adopted to eliminate the
chattering problem in the SMC; however, the velocity observer
is still required. In [34], an MPC is used to deal with the linear
dynamics submodel in PEAs. Since the inverse model of the
hysteresis is required in [34], the limitations of inversion-based
methods still exist. In our previous study [35], a nonlinear MPC
method is proposed and then realized on a commercial PEA.
Although it is an inversion-free method, the control law is determined by solving a complicated nonlinear optimization problem, and the physical constraints of PEAs are hardly dealt with.
This paper proposes an inversion-free predictive controller.
The multilayer feedforward neural network (MFNN) is introduced to approximate the dynamical behavior of PEAs. The dynamic linearization is employed to linearize the MFNN model in
each sampling interval. This dynamic linearized MFNN-based
model leads to an explicit control law of the inversion-free predictive controller, which results in a faster computational rate
than the one of nonlinear MPC in our previous study. Therefore, the proposed inversion-free predictive controller can be
used in the tracking control of PEAs with high-frequency references. Compared to other inversion-free methods, such as the
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SMC approach, the velocity of PEAs is no longer required to
be estimated and the chattering problem can be avoided. Besides, the MPC-based method can generate a controller similar
to the proportional controller with a time-varying proportional
gain. When the plant’s model is well described, the MPC-based
method with a proper prediction horizon has a good control
performance. However, the steady-state error may exist if the
PEA is not well modeled. In this case, an error compensation
term is added in the control law to reduce the steady-state error.
The experiments are conducted on a commercial PEA product (P-753.1CD, Physik Instrumente). The dynamic linearized
MFNN model is verified first, then the tracking performance of
inversion-free predictive controller is verified under the piecewise constant references. After that comparison experiments
between the proposed inversion-free predictive controller and
some existing methods in the literature are given. Experiment
results with consideration of physical constraints of PEAs are
provided as well. Finally, the use condition of the inversion-free
predictive controller with error compensation is presented.
The remainder of this paper is organized as follows. In Section II, a MFNN-based model of PEAs is first given, then the
dynamic linearization is introduced, which leads to the dynamic
linearized MFNN-based model. By using this model, the proposed inversion-free predictive controller and the error compensation term are presented in Section III. The experiment results
and corresponding comparisons are given in Section IV to verify
the effectiveness of the proposed method. Section V concludes
this paper with final remarks.
II. MFNN-BASED MODEL OF PEAS: MODELING AND
DYNAMIC LINEARIZATION
In this paper, the model of PEAs is constructed in an integrated way without further dividing into the hysteresis submodel
and the linear dynamics submodel. The following “nonlinear autoregressive moving average with exogenous inputs” structure
is a proper way to approximate the dynamics of PEAs
y(tk ) = F (ϕ(tk ))

(1)

where ϕ(tk ) = [y(tk −1 ), . . ., y(tk −n a ), u(tk ), . . ., u(tk −n b )],
y(tk ) and u(tk ) are the displacement and input voltage of PEAs,
respectively, integers na and nb are the corresponding maximum
lags for y(tk ) and u(tk ). F (·) is a nonlinear mapping, which
reflects how the historical data affects the current displacement
of PEAs. Since the input of F (·) includes u(tk ), . . . , u(tk −n b ),
it
that F (·) includes


the terms like
 is reasonable to assumed
u(tk ) −u(tk −1 ) , u(tk −1 ) − u(tk −2 ) , . . ., u(tk +1−n b ) −
u(tk −n b ) . Therefore, the rate-dependent property is inherently
implemented in F (·). In this paper, a MFNN is used to implement the nonlinear function F (·).

A. MFNN-Based Modeling of PEAs
The MFNN is set to have three layers: The input layer, the
hidden layer, and the output layer. For the neurons in the hidden
layer, the tangent sigmoid function is chosen as the activation
function. Meanwhile, the linear unit function is chosen as the
activation function for the neurons in the input and output
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has been applied to many industrial applications and shows great
performances [37]–[39].
At the current operating point, the dynamic linearization is
carried out to extract linearized model from the MFNN-based
model in each sampling interval. Since the linearized model is
only used around the current operating point, it can approximate
the behavior of PEAs more precisely. Let the current operating
time be tp , then the dynamic linearized MFNN-based model is
expressed by Taylor expansion as
y(tk ) − y(tp ) = a1 (y(tk −1 ) − y(tp−1 )) + · · · +
+ an a (y(tk −n a ) − y(tp−n a ))
+ b0 (u(tk ) − u(tp )) + · · · +
Fig. 1.

+ bn b (u(tk −n b ) − u(tp−n b ))

MFNN model structure for PEAs.

(5)

where
layers. The input–output relationship of MFNN can, therefore,
be written as follows:

m
n


o
h
h
wj σ
wj i ϕi (tk ) + wj 0 + w0o
(2)
y(tk ) =
j =1

i=1

where m = na + nb + 1 is the number of neurons in the input
layer, and n is the number of neurons in the hidden layers. The
inputs of this MFNN are ϕi (tk ) (i = 1, . . . , m) (ϕi (tk ) is the ith
entry of ϕ(tk )). σ(·) denotes the tangent sigmoid function and
e2x − 1
.
(3)
e2x + 1
The structure of MFNN is shown in Fig. 1. For convenience,
(2) can be written in a compact form


(4)
y(tk ) = W o σ W h ϕ(tk )
σ(x) =

where W h ∈ n ×(m +1) , W o ∈ 1×(n +1) are the weight
matrices of the hidden layer and the output layer, respectively, σ
(W h ϕ(tk )) = [1, σ(Wrh1 ϕ(tk )), σ(Wrh2 ϕ(tk )), . . ., σ(Wrhn
ϕ(tk ))]T ∈ n +1 (Wrhi represents the ith row of matrix W h ).
The Levenberg–Marquardt (LM) training method introduced
in [40] can be employed to obtain the optimal W h and W o in
an offline way.

B. Dynamic Linearization of the MFNN-Based Model
The MFNN-based model of PEAs can be used directly to formulate a MPC controller in our previous study. However, this
results in a nonlinear MPC problem, which means that the corresponding nonconvex optimization problem has to be solved
during each sampling interval. Since PEAs have a very fast
response, solving such a complicated optimization problem in
a very short sampling interval may not be possible especially
when the PEA is required to track a high-frequency reference.
To overcome this limitation, the global linearized MFNN-based
model is a possible option. Nevertheless, the global linearized
MFNN-based model cannot reach a sufficiently high precision
for all operating points of PEAs. This increases the predicted
displacement error of PEAs. For this reason, the dynamic linearization proposed in [36] is employed to obtain a linearized
MFNN-based model for PEAs. This dynamic linearization idea


∂F (ϕ(tk )) 
, i = 1, . . . , na
∂ϕi (tk ) ϕ(t k )=ϕ(t p )

∂F (ϕ(tk )) 
bi  =
, i = na + 1, i = 0, · · · , nb .
∂ϕi  +i (tk ) ϕ(t k )=ϕ(t p )
ai =

Define a bias term
ζ(tp ) = y(tp ) − a1 y(tp−1 ) − · · · − an a y(tp−n a )
− b0 u(tp ) − · · · − bn b u(tp−n b )
then (5) can be rewritten as
y(tk ) = a1 y(tk −1 ) + · · · + an a y(tk −n a ) + b0 u(tk ) + · · ·
+ bn b u(tk −n b ) + ζ(tp ).

(6)

This dynamic linearized MFNN-based model is a linear model
plus a constant bias ζ(tp ), which can be considered as the influence of the hysteresis nonlinearity and other disturbances of
PEAs. According to (2), the partial derivative terms defined in
(5) can be calculated as follows:

m

n


∂y(tk )
=
wo wh 1 − σ 2
wjhi ϕi (tk ) + wjh0
.
∂ϕi (tk ) j =1 j j i
i=1
(7)
Since the dynamic linearized MFNN-based model is a linear
model in each sampling interval, the control law of the inversionfree predictive controller can be formulated in an explicit form,
which is to be presented in the following section.
III. INVERSION-FREE PREDICTIVE CONTROLLER
The inversion-free predictive controller is implemented with
the dynamic linearized MFNN-based model of PEAs. The control schematic diagram of the predictive controller is shown
in Fig. 2. In each sampling interval, the dynamic linearized
MFNN-based model is obtained according to the corresponding operating point, then the predictive controller is designed
for the tracking control of PEAs, which results in an explicit
control law. Furthermore, constraints on the input voltage of
PEAs can also be considered. Then, the predictive controller is
transformed into a constrained quadratic programming problem.
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Finally, an error compensation term is introduced in the control
law to further reduce the steady-state error if the model of PEAs
is not built very well.

A. Design of the Inversion-Free Predictive Controller
To obtain the control law of the inversion-free predictive controller, a displacement predictor of PEAs should be determined
first. The dynamic linearized MFNN-based model is used as the
displacement predictor. Since the bias term ζ(tp ) is a constant
during one sampling interval, the adjacent difference form of
(6) can be employed to eliminate the bias term ζ(tp ). Hereafter,
for any function f (·), we denote f (tk ) by f (k) for the purpose
of simplicity. Then, the displacement predictor for the jth step
is given as follows:
ŷ(k + j) = (1 + a1 )ŷ(k + j − 1) + (a2 − a1 )ŷ(k + j − 2)
+ · · · − an a ŷ(k + j − na − 1) + b0 Δu(k + j)
+ · · · + bn b Δu(k + j − nb )

(8)

where ŷ(k) is the predicted displacement of PEAs. Define K in
(9) at the bottom of the next page and
⎡
⎤
b0
0
0
···
0
··· ··· 0
⎢
⎥
⎢ b1
b0
0
···
0
··· ··· 0 ⎥
⎢
⎥
⎢b
b1
b0
···
0
··· ··· 0 ⎥
⎢ 2
⎥
⎢
⎥
⎢.
..
..
..
.. ⎥
..
..
..
⎢ ..
.
.
.
.
.
.
. ⎥
⎢
⎥
G = ⎢
⎥
⎢ bn b bn b −1 bn b −2 · · ·
b0
··· ··· 0 ⎥
⎢
⎥
⎢
⎥
bn b −1 · · ·
b1
··· ··· 0 ⎥
bn b
⎢0
⎢
⎥
⎢.
..
..
..
.. ⎥
..
..
..
⎢ ..
.
.
.
.
.
.
. ⎥
⎣
⎦
0
0
0
· · · bn b −1 · · · · · · b0
∈ N y ×N y

⎡

1

⎢
⎢ −a − 1
⎢ 1
⎢
⎢
⎢ a1 − a2
⎢
⎢
⎢.
⎢ ..
⎢
⎢
⎢
K = ⎢ an a −1 − an a
⎢
⎢
⎢ an a
⎢
⎢
⎢0
⎢
⎢
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0

⎡

b1
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∈ N y ×(n a +1) .

Because the lower triangular matrix K is invertible, the predicted displacement of PEAs from the first step to the Ny th step
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(9)
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eter to limit ΔU (k). If the constraints on U (k) or ΔU (k) are
not considered, the optimal control law can be obtained by solving the following equation because (12) is a convex quadratic
programming problem:
∂J
= 0.
∂ΔU (k)

(13)

This results in

Fig. 2.

Schematic diagram of the inversion-free predictive controller.

can be written as
⎡

ŷ(k + 1)

⎢
⎢
⎢ ŷ(k + 2)
⎢
⎢
⎢
..
⎢
.
⎢
⎣
ŷ(k + Ny )

⎤

⎡

Δu(k + 1)

⎢
⎥
⎢
⎥
⎢ Δu(k + 2)
⎥
⎢
⎥
⎥ = G⎢
⎢
⎥
..
⎢
⎥
.
⎢
⎥
⎣
⎦

⎤

⎡

⎢
⎥
⎢
⎥
⎢
⎥
⎢
⎥
⎥ +H ⎢
⎢
⎥
⎢
⎥
⎢
⎥
⎣
⎦

Δu(k + Ny )
⎡
⎤
y(k)
⎢
⎥
⎢
⎥
⎢ y(k − 1) ⎥
⎢
⎥
⎥
+S⎢
⎢
⎥
.
⎢
⎥
.
.
⎢
⎥
⎣
⎦

Δu(k)
Δu(k − 1)

..
.

⎤

u(k + 1) = u(k) + Δu(k + 1).

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

It can be seen that the proposed predictive controller has an
explicit form in each sampling interval. This advantage can
produce a better adaptation in the high-frequency tracking
control of PEAs.
If the constraints on ΔU (k) and U (k) are considered, the
optimal control law is obtained by solving a constrained optimization problem. Define the changing rate constraint and the
amplitude constraint as follows:

Δu(k − nb + 1)

where G = K −1 G , H = K −1 H  , S = K −1 S  , and this equation can be rewritten in a compact form for convenience

U ≤ u(k) ≤ U

J = [R(k) − Ŷ (k)]T [R(k) − Ŷ (k)] + ρΔU T (k)ΔU (k)
(12)
where R(k) = [r(k + 1), . . . , r(k + Ny )]T denotes the desired
reference signal of PEAs. Parameter ρ > 0 is a penalty param-

(16)

where u and u are the lower and upper bounds of Δu(k); U and
U are the lower and upper bounds of u(k). These inequalities
are equivalent to the following matrix form:
CΔU (k) ≤ Q

(11)

where ΔU (k) = [Δu(k + 1), Δu(k + 2), . . . , Δu(k + Ny )]T ,
ΔU  (k) = [Δu(k), Δu(k − 1), . . . , Δu(k − nb + 1)]T , and
Y  (k) = [y(k), y(k − 1), . . . , y(k − na )]T . Here, the control
horizon is equal to the prediction horizon Ny . Since y(k) is
used in the prediction of displacement, the information of ζ(tp )
is contained in the displacement predictor (8). Meanwhile, it
can be seen that the displacement predictor is derived from the
dynamic linearized MFNN-based model, and Ny should not
be a very large integer since the dynamic linearized MFNN
model only has a relatively high precision around the present
operating point.
After obtaining the displacement predictor, a performance index is designed to obtain the control law of an inversion-free
predictive controller. Minimizing the error between the desired
reference and the real displacement of PEAs is the dominant objective of the tracking control. Besides, the changing rate of the
input voltage of PEAs should be limited to avoid the “low-gain
margin” problem reported in [4]. Therefore, the performance
index is defined by

(15)

u ≤ Δu(k) ≤ u

(10)

y(k − na )

Ŷ (k) = GΔU (k) + HΔU  (k) + SY  (k)

ΔU (k) = (GT G + ρI)−1 GT (R(k) − HΔU  (k) − SY  (k)).
(14)
The first entry of ΔU (k) is used as the control increment for the
next sampling interval. Therefore, the control signal u(k + 1)
is given by

where

⎡

IN y ×N y

⎢
⎢ −IN ×N
y
y
⎢
⎢
C=⎢
T
⎢
⎢
⎣
−T

⎤

⎡

(17)

Lu

⎤

⎢
⎥
⎥
⎢
⎥
⎥
−Lu
⎢
⎥
⎥
⎢
⎥
⎥
⎥,
⎥,Q = ⎢
⎢ LU − Lu(k) ⎥
⎥
⎢
⎥
⎥
⎣
⎦
⎦
−LU + Lu(k)

T is a lower triangular matrix whose nonzero entries are all
one, and L is an Ny × 1 matrix formed by one.
Seeking the optimal control law of (12) subject to the constraints (17) is a constrained quadratic optimization problem,
and it can be solved by the active set method introduced in [41].

B. Inversion-Free Predictive Controller With Error
Compensation
By (14), the optimal control law is similar to a proportional
feedback closed-loop controller. Therefore, the steady-state error may occur if the dynamical behavior of PEAs is not well
modeled. In order to reduce the steady-state error, an error
compensation term is adopted in the control law (14), which
results in the inversion-free predictive controller with error
compensation.
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Since only the first entry of ΔU (k) in (14) is used for the
controller design in each sampling interval, the real controller
can be rewritten as follows:
⎡
⎡
⎤
⎤
z
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⎢
⎢
⎥
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⎢ z −1 ⎥
⎢ z2 ⎥
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⎢ .. ⎥
⎢ . ⎥
⎣
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where KG is the first row of (GT G + ρI)−1 GT , and z is the
forward shift operator. Define
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⎣
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Then, substituting these terms into (18) yields
Δu(k + 1) = Kr (z)r(k) − Ku (z)Δu(k) − Ky (z)y(k).
(19)
Substituting (15) into (19) leads to
(1 + Ku (z)z −1 )(z − 1)u(k) = Kr (z)r(k) − Ky (z)y(k).
(20)
To reduce the steady-state error, an error compensation term
is added in (20). The definition of this error compensation term
is
ue (k) = ue (k − 1) + Ke (r(k) − y(k))

(21)

which actually plays a role like the “integral term” in the classical PID control. Then, using this compensation term to modify
(20) leads to the final control law
u(k) =

Ky (z)
(1 + Ku (z)z −1 )(z − 1)


Kr (z)
r(k) − y(k) + ue (k) .
Ky (z)

(22)

The block diagram of the control loop based on (22) is illustrated in Fig. 3. d(k) is the input disturbance, which is
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Fig. 3. Schematic diagram of the predictive controller with error
compensation.

mainly caused by the imperfect approximation of the dynamic
linearized MFNN-based model. It can be seen that the error
compensation term influences the closed-loop control system as
an integrator. By the knowledge of classical control theory, the
integral term has the ability to alleviate the steady-state error.
However, it is also known that the integral term may deteriorate the transient performance (this point can be observed in the
following experiment section). In addition, the control bounds
in (17) can hardly be handled if the error compensation term is
used. These two points are the main limitations of using the error
compensation term, which should be paid attention by potential
users.
IV. EXPERIMENTS AND COMPARISONS
The proposed PEA modeling and control schemes are verified
on a commercial PEA product (P-753.1CD, Physik Instrumente,
Karlsruhe, Germany). A horizontal movement up to 15 μm can
be performed by this PEA in the open-loop mode. The displacement is measured by a built-in capacitive displacement sensor,
with a high resolution of 0.05 nm. The bandwidth of capacitive displacement sensor is 5 kHz. The host computer and the
amplifier (E-665.CR, Physik Instrumente, Karlsruhe, Germany)
of this PEA are both wired to an I/O data acquisition board
(PCI-1716, Advantech, Beijing, China). The sampling time of
the following experiments is set to be 0.05 ms if not explicitly
stated, and the proposed modeling and control schemes are implemented in MATLAB/Simulink with the toolbox of real-time
windows target. With this toolbox, the proposed control scheme
can be realized in a real-time way. The experiment setup is
shown in Fig. 4.

A. Verification of the MFNN-Based Model and Dynamic
Linearization
The identification of MFNN-based model of PEAs requires
to be made first. According to [42], the structure of the MFNNbased PEA model could be chosen that na = 2 and nb = 1.
The number of hidden neurons is n = 5. A mixed sinusoid
voltage ud (k) is used to excite this PEA. The amplitude of
this voltage input is from 0 to 80 V, while the frequency is
between 1 to 400 Hz. Then, the displacement of PEAs yd (k) is
measured under this mixed sinusoid voltage input. The MFNNbased model can be trained by the LM training method.
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Fig. 4.
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Experiment setup.

Fig. 6. Real displacement of the PEA and the output of the dynamic
linearized MFNN-based model under different sinusoid input voltages:
(a) 1 Hz, (b) 10 Hz, (c) 50 Hz, and (d) 100 Hz.

ior of PEAs is dramatically different along with the variant of
the sinusoid voltage’s frequency. Notably, even in this case, the
MFNN based model also has a good match, which means that
the rate-dependent property is achieved.
To verify the effectiveness of the dynamic linearization, the
sinusoid excited voltage with different frequency is applied on
the dynamic linearized MFNN-based model and the PEA as
well. The corresponding experiment results are shown in Fig. 6.
Since the sampling interval is much smaller than the transient
time of the PEA (for P-753.1CD in the experiments, the transient
time of a step signal of 7 μm is about 10 ms), the dynamic
linearized MFNN-based model fits the dynamical behavior of
PEAs well.

B. Verification of an Inversion-Free Predictive Control

Fig. 5. Real displacements of the PEA and the output of the MFNNbased model under different sinusoid input voltages.

To verify the performance of the MFNN-based model, the
sinusoid references with different amplitudes but the same frequency are employed. Fig. 5 gives the experiment results of the
MFNN-based model. The output of the MFNN-based model is
very close to the real displacement of the PEAs. This means that
the MFNN-based model has a good ability of approximating the
dynamical behavior of PEAs. Furthermore, the dynamic behav-

Based on the obtained dynamic linearized model, the
inversion-free predictive controller is to be tested in this section. To further demonstrate the computational efficiency of the
proposed predictive controller, the sampling interval is reduced
to be 0.005 ms. The parameters of the proposed approach are
set as ρ = 30 and Ny = 7.
First, the tracking performance of the predictive controller
for low-frequency (5 and 50 Hz) references are provided in
Fig. 7. It can be seen that the proposed predictive controller
has a good tracking performance, and the tracking error is very
small. In Fig. 7(a), the steady-state error is between −0.0081
and 0.0084 μm. In Fig. 7(b), the steady-state error is between
−0.0487 and 0.0515 μm.
Second, the tracking performance of the predictive controller
for high-frequency references are given in Fig. 8. Sinusoid
references with 100, 200, and 300 Hz are adopted as the desired trajectories, respectively. It is noted that there are very
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TABLE I
COMPARISON EXPERIMENTS BETWEEN THE PROPOSED PREDICTIVE
CONTROLLER AND THE METHODS IN [20] AND [34]: THE RMS TRACKING
ERROR AND THE MAXIMUM (MAX) TRACKING ERROR

Sinusoid
references
from [20]

Fig. 7. Tracking performance of the predictive controller under lowfrequency references.

SW from [34]

the frequency of
references

the proposed
method
(RMS/MAX, μm)

the method in [20]
or [34]
(RMS/MAX, μm)

f = 1 Hz
f = 5 Hz
f = 10 Hz
f = 50 Hz
f = 100 Hz
f = 150 Hz
f m a x =10 Hz
f m a x =50 Hz

0.0022/0.0094
0.0042/ 0.0125
0.0080/0.0184
0.0395/0.0618
0.0794/0.1189
0.1182/0.1771
0.0071/0.0135
0.0167/0.0379

0.008/0.028
0.012/0.039
0.018/0.039
0.051/0.097
0.086/0.159
0.138/0.258
0.0091/–
0.0250/–

Third, to demonstrate that the proposed predictive controller
outperforms some existing controllers, the PID-based SMC
scheme proposed in [20] and the inversion-based MPC approach
proposed in [34] are both conducted in the experiments. For the
PID-based SMC scheme, the reference is defined as

π
+5
(23)
r(t) = 5sin 2πf t −
2
where f is the signal frequency, which is set from 1 to 150 Hz.
For the inversion-based MPC approach, a special reference signal SW defined in [34] is introduced in the experiments, which
is set as



2πfm ax
30
sin
(t − 0.1) + π
SW = 0.5
7
20


2πfm ax
25
sin
(t − 0.1) + 0.5π
+
7
5


2πfm ax
5
(t − 0.1) + 0.2π
+ sin
7
2

5
+ sin [2πfm ax (t − 0.1)] + 5
(24)
7

Fig. 8. Tracking performance of the predictive controller under references with different frequencies.

few experiment validations conducted at the frequency level of
300 Hz in the current literature. In the experiment of 300 Hz, the
steady-state error is between −0.26 and 0.27μm, which is still
under acceptable range.

where fm ax is the maximum frequency. The root-mean-square
(RMS) error and the maximum (MAX) error between the desired
trajectory and the real displacement of PEAs are used as the
performance criteria.
The comparison results are listed in Table I. Compared with
the PID-based SMC scheme in [20], the predictive controller has
a better tracking performance than the PID-based SMC scheme.
In the best case, the RMS tracking error of the predictive controller is nearly four times less than the one of the SMC method,
and the MAX tracking error is nearly three times. Compared
with the inversion-based MPC method in [34], the tracking
accuracy has a notable improvement by using the predictive
controller (the RMS tracking error of the proposed predictive
controller is 0.0083 μm less than the one in [34]). In addition,
the proposed controller can work well under the high-frequency
references, while the method proposed in [34] is only verified
under the low frequency case.
Fourth, to verify the control performance of the proposed predictive controller under the nonperiodic references, two mixed
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Fig. 11.

Step response of the predictive controller under different ρ.

Fig. 12.

Disturbance rejection ability of the predictive controller.

Fig. 9. Tracking performance of the predictive controller under mixed
frequency references.

Fig. 10. Tracking performance of the predictive controller under the
piecewise constant reference.

frequency signals and one piecewise constant signal are adopted
as the references. As shown in Fig. 9, the proposed predictive
controller has a satisfactory tracking performance for the mixed
frequency references. In Fig. 9(a), the steady-state error range
is [−0.0301 μm, 0.0295 μm]. In Fig. 9(b), the steady-state error
range is [−0.0634, 0.0628 μm]. In Fig. 10, the tracking performance of the predictive controller under the piecewise constant
references is given (the constant values are generated randomly),
and the PEA can still track this reference well by the proposed
approach.
From Fig. 10, some overshoots can be seen in the transient
phase. Since the parameter ρ has the ability of suppressing the
controller output, it can be used to reduce the overshoots. The
step response of the predictive controller under different ρ is
given in Fig. 11. It can be seen that the overshoot and vibration
become greater with the decrease of ρ. If ρ is large enough, the
overshoot could be eliminated, while the rising time becomes
relatively longer. Therefore, from one side, too large ρ leads
to a slow response, which cannot track the reference varying
too fast. From the other side, too small ρ leads to fluctuations
in the transient phase and may cause the “low-gain” problem
reported in [4]. Therefore, ρ should be chosen according to
specific application requirements.
Fifth, the disturbance rejection property of the predictive controller is shown in Fig. 12. A disturbance input d(k) (mainly
caused by external disturbances) is added at different times af-

ter the dynamical response of PEAs enters the steady phase.
It can be seen that the predictive controller has a good ability
of rejecting d(k) even though d(k) cannot be predicted by the
model of PEAs.
Finally, the comparisons between the proposed predictive
controller and the embedded commercial PID controller in
E-665.CR are made in Fig. 13. It can be seen that: 1) when
tracking the constant reference, the settling time of the embedded controller is longer than the one of the proposed controller [see Fig. 13(a)]; 2) for a sinusoid reference of 10 Hz,
the embedded PID controller cannot track it satisfactorily [see
Fig. 13(b)].

C. Comparison of Control With Constraints
Besides the tracking performance, the physical constraint on
the input voltage of PEAs is another vital factor in industrial
applications. Although it increases the computational burden to
obtain the optimal control law, a better transient response has
been reported in some situations.
The comparison experiments of the inversion-free predictive
controller with constraints and the hard limiting method (the
hard limiting method means that the input voltage of PEAs
maintains at its upper/lower bound values if the calculated input
voltage exceeds the physical limit) are given in Fig. 14. The
comparisons are mainly studied from two aspects: 1) the transient trajectory of the step response of PEAs; and 2) the variation
of the input voltage. In this experiment, it is set that ρ = 80 and
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Fig. 14. Comparison experiments of the proposed constrained predictive controller and the hard limiting method.

TABLE II
TRANSIENT PERFORMANCE COMPARISON EXPERIMENTS BETWEEN THE
CONSTRAINED PREDICTIVE CONTROLLER AND THE PREDICTIVE
CONTROLLER BY THE HARD LIMITING METHOD

Fig. 13. Performance comparisons between the proposed predictive
controller and the commercial PID controller of PI company. (a) Comparison under the constant reference. (b) Comparison under the sinusoid
reference of 10 Hz.

Ny = 7. The physical limits of u(k) in (17) are given as follows:
⎡
⎤
⎡
⎤
0.5L7×1
I7×7
⎢
⎥
⎢
⎥
⎢
⎥
⎢ −I
⎥
−0.5L7×1
⎢
⎢ 7×7 ⎥
⎥
⎥, Q = ⎢
⎥.
C=⎢
⎢
⎥
⎢
⎥
⎢ 6.5L7×1 − L7×1 u(k) ⎥
⎢ T7×7 ⎥
⎣
⎦
⎣
⎦
−T7×7
−6.5L7×1 + L7×1 u(k)
It can be seen that the overshoot of the predictive controller
with constraints is less than the one based on the hard limiting method, and the resulting input voltage of PEAs varies
more smoothly. This suggests that the constrained predictive
controller can reach the reference faster than the one based on
the hard limiting method. Table II gives the specific data of the
transient performance index. The time that constrained predictive controller’s input voltage maintains at the physical limit is
less than the one based on the hard limiting method.

D. Verification of Inversion-Free Predictive Controller
With Error Compensation
In the previous experiments, the proposed predictive controller has been demonstrated to have a good control performance when the PEA is well modeled. When the PEA’s model is
not well described, an error compensation term can be adopted
to enhance the tracking performance. For example, when the
MFNN model approximates the dynamical behavior of PEAs

The constrained
predictive controller

The predictive
controller by the
hard limiting method

Settling time

0.005 s

0.007 s

Time maintaining at
the physical limit
Maximum voltage

0.0005 s

0.001 s

65 V

65 V

59 V

57.8 V

Minimum voltage

well [like the one shown in Fig. 15(a1)], the proposed predictive controller has almost the same steady-state tracking performance as the predictive controller with error compensation
[see Fig. 15(b)]. Therefore, the error compensation term is not
necessary when the model of PEAs is built well. The error compensation term is only required when the dynamical behavior of
PEAs is not well approximated. To illustrate this point, some perturbations are deliberately added to the weights of MFNN model
to deteriorate the approximation precision [see Fig. 15(a2)]. In
this case, the steady-state error is relatively large if only the predictive controller is adopted, and the error compensation term
can reduce the steady-state error [see Fig. 15(c)].
Since the error compensation term is like the integral term in
the PID controller, it has the ability to reduce the tracking error
in the steady-state phase. However, by the empirical knowledge
of PID control, a larger integral action can deteriorate the transient performance. This case is verified in Fig. 16, which gives
the sinusoid response of the predictive controller with error
compensation under different Ke . With the increase of Ke (i.e.,
the “integral” action is enhanced), the displacement fluctuation
of PEAs becomes more obvious at the transient phase. Therefore, there is a tradeoff between the steady-state performance
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Fig. 16. Step response of the predictive controller with error compensation under different K e .

PEAs are also considered. Furthermore, the steady-state error is
further reduced by an error compensation term if the model of
PEAs is not described well. To verify the proposed modeling and
control schemes, experiments are conducted on a commercial
PEA product. Comparison experiments illustrate the effectiveness of the proposed method. To summarize, the inversion-free
predictive controller is able to deal with the tracking problem of
PEAs, and it is a promising weapon for industrial applications
in nanopositioning.
In this paper, the local linearized model for each sampling interval is derived from the MFNN model. If the local linearized
model can be directly obtained from the measured input–output
data of PEAs, a predictive controller without nonlinear modelling of PEAs can be obtained. For example, the input–output
data pairs can be clustered by the fuzzy identification method
first. Then, a local linearized model can be determined for each
cluster (actually the T–S fuzzy approach). Following this idea,
the T–S fuzzy-rule-based predictive controller can be proposed.
The authors will focus on this point in the future work.
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