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A B S T R A C T

The model of ultrasonic motor (USM) is the foundation of the analysis and control of the motor. Ultrasonic motor
maintains nonlinear and complicated in dynamics due to its special structure and unique operating, which makes
it difficult to establish a good model with traditional modeling. Moreover, the model should be established in
line with strong nonlinearities. The nonlinear Hammerstein model of USM is established in this paper, which can
better characterize the nonlinear motor. To adapt the model to the need of position control of ultrasonic motor,
driving frequency and rotor position are considered as the input and output variables of the Hammerstein model
respectively. To improve the accuracy of model and the efficiency of modeling process, model identification
combined with differential evolution algorithm is designed. The comparison of model calculation results with
the experimental data shows the accuracy of the established model and the validity of the proposed modeling.

1. Introduction

Due to the special operation mechanism of ultrasonic motor (USM),
it operates with obvious nonlinear and time-varying characteristics
leading to difficulty in obtaining ideal motion performance. In order to
meet the application requirements of USM, on the one hand, many
analysis and research works on the nonlinear operation mechanism of
USM is deepening [1–5]. And various methods are used to improve the
operation characteristic of USM [6,7] or propose new motor structure
[8–13]. On the other hand, appropriate control method can also ob-
viously improve the operation performance of USM. The model of USM
is the foundation of the design of control method. It is a premise to
improve the control performance of USM when the motor model is
suitable for control applications and remains accurate enough. In recent
years various methods have been put forward for the modeling of USM,
such as theoretical model [1,2,7,8], equivalent circuit model [14], fi-
nite element analysis model [15–17] and kinds of control models
[18–27]. In general, all of these models are mathematical models.
Theoretical model is derived from the theoretical analysis of the motor’s
operation. However, the structure of theoretical model remains rather
complicated due to the difficulty in precisely describing the piezo-
electric energy conversion and mechanical friction transmission. Its
model form is usually accurate, but there are too many undetermined
parameters that are difficult to determine specific values and time-
varying, which limits its actual precision. Limited by the characteristics

of the basic circuit components, the equivalent circuit model describes
the dynamic process of the ultrasonic motor too rough, so it is difficult
to obtain a more precise model form. Equivalent circuit model can be
used for the overall analysis of its performance, but the internal vari-
ables and local properties of ultrasonic motor are difficult to describe
and the dynamic performance is poor. Finite element analysis model
can be used for designing motor structure and has higher accuracy.
However, due to the large amount of calculation and limited by the
expression and use of the model, it is difficult to be used in other oc-
casions such as motor motion control.

The control models of ultrasonic motor mainly include neural net-
work models [18,19] and identified models [20–22]. Appropriate forms
of neural network can be used to fit any of the input-output relation-
ship. Therefore, the characteristics of ultrasonic motor can also be ex-
pressed by neural network. As we all know, the excitation function and
its structure are main factors affecting neural network mapping re-
lationships. Since the matching degree of excitation function and non-
linear characteristics of ultrasonic motor are low, the structure of the
neural network is usually complex and the form of neural network is
not idiomatically mathematical model. Although neural network can be
directly used for ultrasonic motor’s neural network control system,
there are still other problems in for designing controller. Therefore, the
identification model based on experimental data is mostly used in ul-
trasonic motor control.

Today most of the identification models of ultrasonic motor are
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linear because classical system identification is usually of linear models.
A linear model with variable parameters can be used for fitting ultra-
sonic motor so as to improve the model accuracy [21]. However, it will
make the structure of the model complicated and make it increasingly
difficult for designing controller. Thus, nonlinear identification models
are proposed in ultrasonic motor’s modeling. In [22], a linear model of
the motor is obtained by least squares identification considering the
friction between the stator and rotor, then the nonlinear parameter
model which reflects the friction part has been achieved by quadratic
interpolation method based on the nonlinear friction theory. Despite
the great complexity in model structure, the friction theory used in
modeling is a beneficial attempt. In [23–27], the nonlinear Hammer-
stein model has been introduced to ultrasonic motor modeling as well
as the speed control. The pioneering work of Bigdeli [23] and Zhang
[24] has been considered in this field. They have the proposals of using
Hammerstein model to describe the nonlinearities of the speed char-
acteristics verse driving voltage amplitude of the ultrasonic motor. In
[23], the steady-state nonlinear part is derived from a polynomial
function fitting of the steady-state data, which reflects mechanical
properties of ultrasonic motor. Since these data is unable to present the
nonlinearities completely, the simulation results have indicated that the
model is less accurate. In [25], the Hammerstein model is also based on
the steady state data. Thus, there is a great limitation in predicting the
dynamic characteristics of the motor. In [26], the nonlinear part of the
Hammerstein model is fitted by a radial basis function neural network
which leads to a complicated model. In [23–26], the linear dynamic
part of the Hammerstein model is directly set to be a first-order inertia
link without any modeling. As a result, the dynamic characteristics of
ultrasonic motor were not expressed completely and the model is less
accurate.. Meanwhile, the linear part and the nonlinear part of the
Hammerstein model modeling independently would result in a large
model error in general. In [27], the nonlinear Hammerstein model
based on particle swarm optimization algorithm has been established in
ultrasonic motor’s speed control. The model is more accurate while the
modeling optimization is rather time-consuming.

Above all, there are two major tasks in ultrasonic motor’s control
modeling. Firstly, how to design an appropriate model better describing
the nonlinearities is the key to improve its accuracy. Secondly, in order
to acquire sufficient accuracy for model, more undetermined para-
meters should be provided. So an appropriate model structure is re-
quired to ensure the effectiveness of modeling.

The two questions will be discussed in this paper. For the first time,
the nonlinear Hammerstein model of ultrasonic motor for position
control is established. New model identification method for ultrasonic
motor using improved differential evolution algorithm is designed to
improve the accuracy of the model. The comparison of model calcula-
tion results with the application results shows the validity of the pro-
posed model.

2. The nonlinear Hammerstein model

The operation of traveling-wave ultrasonic motor consists of electro-
mechanical energy conversion driven by the ultrasonic vibration of
piezoelectric elements and the mechanical friction between the stator
and rotor. It leads to serious nonlinearities when ultrasonic motor is
running. Motor model is the base to design ultrasonic motor controller.
Conventional ultrasonic motor models usually are linear which can not
represent the nonlinear characteristics essentially. Besides, the linear
model will decrease its accuracy. The actual performance of the motor
will deviate from our expectation if the model is inexact. In order to
improve the control performance, it is necessary to find a better model
which can fully represent the motor.

The nonlinear model of ultrasonic motor can be considered firstly
due to its’ overtness of the nonlinearities. The Hammerstein model is
widely used in nonlinear control fields. The basic structure of the
Hammerstein model is shown in Fig. 1, which consists of a static

nonlinear part, followed by a dynamic linear part. As shown in Fig. 1, F
is the static nonlinear part described by a polynomial function and G is
the dynamic linear part expressed by a difference transfer function so as
to make the controller easily designed. The input variable is the driving
frequency u(k) and the output variable is the angle of the rotation of the
motor shaft y(k), x(k) is the unpredictable intermediate variable. Re-
lationships among the variables above can be expressed as shown in Eq.
(1).
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wherein d refers to time delay, and d=1, r0, r1,…, rp, a1, a2,…, am, b0,
b1,…, bn are the undetermined parameters; p is the order of nonlinear
polynomial function; m and n are orders of A(z−1) and B(z−1), re-
spectively.

Ultrasonic motor has obvious nonlinearity. From the perspective of
motor application, the nonlinear performance of ultrasonic motor is
that the relationship between the operating state of the motor (rota-
tional speed, rotation angle) and the variable affecting the operating
state is nonlinear. This nonlinearity is most obvious in the speed
characteristic of the motor, as shown in the measured characteristic
curve in Figs. 2 and 3, There are several variables that can be used to
change the operating state of motor. On the one hand, motor operating
state is directly related to the electrical parameters of the driving vol-
tage of the ultrasonic motor. These electrical parameters include the
frequency, amplitude and phase difference of the driving voltage. In
order to improve the efficiency of the motor, the phase difference be-
tween two phase driving voltage is set to 90°. Fig. 2 shows the re-
lationship among the other two variables and the rotational speed. It
can be seen that the change of frequency and voltage amplitude will
lead to the change of rotational speed, and the relationship is not linear.
To show this nonlinear relationship more clearly, Fig. 3 shows the
characteristic relationship between frequency and rotational speed. On
the other hand, the operating state of the ultrasonic motor is also af-
fected by the load torque, and they also present nonlinear relationship.

In the Hammerstein model, the nonlinearity of the ultrasonic motor
is expressed by the static nonlinear part of the model. In order to obtain

static nonlinear part 

u(k), f(k),
TL(k)

y(k)G F x(k)

dynamic linear part 

Fig. 1. Structure of the single-input single-output Hammerstein model.
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Fig. 2. USM’s nonlinear characteristics with different frequency and voltage
amplitude (0.1 Nm).
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a static nonlinear partial expression that can better describe the non-
linear characteristics of the ultrasonic motor, the motor speed char-
acteristic data under different load torques, different driving voltage
amplitudes and different driving voltage frequencies are measured.

There is an integral relationship among rotational speed and motor
rotation angle or position. The integral action in the dynamic element
of the Hammerstein model converts the rotational speed into positional
information. Figs. 2 and 3 show the measured data curve of the load
torque of 0.1 Nm. This paper attempts to fit the above characteristic
data with different forms of function. It shows that the expression form
shown in Eq. (2) can be better matched with the measured nonlinear
characteristic data. Therefore, the Hammerstein model of the ultrasonic
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Fig. 3. Frequency nonlinear characteristic of USM (0.1 Nm).
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Fig. 4. Flowchart of the proposed differential evolution algorithm.

Table 1
Parameters of differential evolution algorithm.

Parameter Initial value Final value

NP (Population) 60 60
T (Maximum iterations) 100 100
CR (Crossover probabilities) 0.8 0.9
F (mutation probabilities) 0.6 0.7
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Fig. 5. Comparison between calculation results of the model identification and
the experimental data (m=2, n= 1).
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Fig. 6. Fitness function changing curves with different parameters (m=2,
n=1).
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Fig. 7. Comparison between calculation results of the model identification and
the experimental data (m=2, n= 2).
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motor described in this paper adopts Eq. (2) as the expression of the
static nonlinear part of the model.
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wherein u is the amplitude of the ultrasonic motor driving voltage; f is
the frequency of the motor driving voltage; TL is the load torque of the
motor; r0, ru0, ru1, ru2, rT1 and rT2 are unknown parameters and the value

is identified by optimization algorithm.
The nonlinear Hammerstein model of USM will be established if the

parameters (r0, ru0, ru1, ru2, rT1, rT2, a1, a2,…, am, b0, b1,…, bn) are de-
termined. Usually, the system identification is used for model para-
meters. In fact, the system identification is an optimization based on
experimental data. Namely, the optimal parameters are determined if
the identification model is best close to experimental result by trying
different model parameter values. During this process, fitness function
should be introduced to evaluate the error of model calculation results
and the experimental data. In this paper, the mean square error of
model calculation results and the experimental data are set as the fit-
ness function during identification.
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wherein y (k) is the model calculation data, yr (k) is the measured data,
q is the number of measured data sequence for identification, h is the
number of data in each measured data sequence. Apparently, the
smaller of fitness function J, the less difference between the model
calculation results and the experimental data. Thus, model identifica-
tion aims at finding the minimum value of the fitness function on the
premise that the Eq. (1) is determined.

In order to find an exact model, the experiment data used in mod-
eling should reflect the operating of ultrasonic motor as much as pos-
sible. The driving frequency and the rotor position are measured when
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Fig. 9. Comparison of model identification with different model orders.
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Fig. 11. Comparison of model calculation results and the experimental data
(data for modeling, m=3, n=2, p=1).
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different reference position values are given. Then we record the ex-
perimental data sequences of every reference position. Among all the
experimental data, 35 sets of data which cover the available operating
range of the motor are selected for model identification. In addition,
other 3 sets of data are selected randomly for model validation.

Each set of the experimental data contains all dynamic and steady-
state data during the running of the motor. As the major factor required
for modeling, the dynamic data reflects the dynamic characteristics of
the motor. Steady data means that the motor position control has
reached steady state and the motor is almost to stop. In this case, there
is no significant change in steady data and the data is just used for
reflecting the steady state gain of the motor model. Considering the
homogenization in Eq. (3), too much steady-state data will decrease the
influence of dynamic data on model parameter identification. As a re-
sult, excessive steady-state data of each set is eliminated.

3. The nonlinear Hammerstein modeling of USM based on
differential evolution algorithm

Conventional system identification usually uses least square opti-
mization algorithm which is simple and stable for model parameters
identification. But this optimization algorithm is poor to deal with
complex optimization. Therefore, finding a better optimization algo-
rithm seems to be an effective solution to deal with this problem.

In this paper, we propose a differential evolution algorithm to
identify the nonlinear Hammerstein model of ultrasonic motor.
Differential evolution (DE) algorithm is an intelligent optimization al-
gorithm which has no special requirements for searching space and has
been successfully applied to solve complicated nonlinear problems
[28,29]. Compared with ant colony, particle swarm, flora and other
intelligent optimization algorithms, differential evolution algorithm is
not only astonishingly simple but less identified in its parameters. In
another aspect, the robustness of the algorithm as well as the optimi-
zation efficiency is improved.

With the genetic algorithm improved, we can obtain differential
evolution algorithm [28]. Differential evolution algorithm uses real-
valued elements encoding and the replacement operation occurs only
when new offspring individuals are superior to that of random in-
dividuals of the population. A new generation of individuals is pro-
duced by crossover operation of three parent individuals. Thus, the
flexibility of the algorithm is increased and a better balance between
random search and local optimization is struck.

Differential optimization algorithm mainly consists of mutation,
crossover, selection and operations. Prior to the optimization, the initial
population and algorithm parameters should be decided firstly.
Assuming that the initial population is NP and every individual of the
population is generated at random, each individual is of D-dimensional
vector, the maximum iterations are T. Xi which represents an arbitrary
individual of the population, i=1, 2,…, NP. Supposing that the current
iterations are G, the current population can be expressed as
PX,G={X1,G, X2,G,…, XNP,G}, G=1, 2,…, T. If the initial individual is in
the range of [Xmin, Xmax], the initial value of ith individual is taken as

Table 2
Error of model calculation results and the experimental data.

No. 1 2 3 4 5 6 7 8 9

Mean square error 0.0023 0.0037 0.0036 0.0036 0.0036 0.004 0.0045 0.0043 0.004
maximum absolute error (rad) 0.0614 0.0587 0.0694 0.0625 0.0608 0.0593 0.0629 0.0603 0.0598
No. 10 11 12 13 14 15 16 17 18
Mean square error 0.005 0.0078 0.0069 0.0157 0.0262 0.0017 0.0178 0.0071 0.003
maximum absolute error (rad) 0.061 0.1894 0.0803 0.1911 0.4029 0.0406 0.0942 0.3626 0.3186
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Fig. 13. Fitness function changing curve.
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Fig. 14. Comparison of model calculation results and the experimental data
(data for modeling, the fitness function is the sum of absolute error).
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follows

= + ∗ − = …X X rand X X i NP(1) ( ), 1, 2, ,i min max min (4)

wherein rand(1) is generated randomly in the interval [0, 1]. The values
of individuals are restricted to the feasible solution space which can
reduce the blindness of searching as shown in Eq. (4).

Lots of experiences indicate that the population size NP should be
5–10 times more than that of identified parameters. Consequently, a
reasonable optimizing efficiency is attained in the premise of popula-
tion diversity and the identification accuracy is ensured. Vector di-
mension D is equal to the number of identified parameters.

Small-scale stochastic disturbance is introduced to the population
by mutation which can widen the search range to enhance the global
searching ability. Specific operations are shown in Eq. (5).

= + ∗ − ≠ ≠+X X F X X o p NP o p i( ), , [1, ] andi G best G o G p G, 1 , , , (5)

wherein Xbest is the optimal individual of the current population, Xo and
Xp are two random individuals that are different from the current
mutation individual Xi, the constant F is the constriction factor. F de-
termines the zoom of the vector error between two random parent in-
dividuals, namely, the possible value of stochastic disturbance is limited
as well. If F is too small, the algorithm will fall into local optimization.
Otherwise, the convergence speed may slow down if the value is too
large. Usually, F is a constant in interval [0.5, 1].

Crossover operation is performed after the mutation operation. The
vector information of the original individual Xi, G and the mutation
individual Xi,G+1 is recombined randomly. Then, a new individual
Ui,G+1 is produced which includes at least one dimension information
of the mutation individuals so as to increase the population diversity.
Define the crossover operation as follows:

⩽ = = = …+ +rand j CRorj randn i U X j DIf ( ) ( ), , ( 1, 2 , )i j G i j G, , 1 , , 1

> ≠ = = …+rand j CRandj randn i U X j DIf ( ) ( ), , ( 1, 2 , )i j G i j G, , 1 , ,

wherein Ui,j,G+1 is the jth vector of the new individual Ui,G +1, Xi,j,G+1 is
the jth vector of the mutation individual Xi,G+1, Xi,j,G is the jth vector of
Xi,G; rand(j) are generated randomly in the interval [0,1], randn(i) are
generated randomly in integer [1, 2 …, D], CR is a constant crossover
probability which determines the probability of crossover operation.
When CR=1, Ui,G+1= Xi,G+1, there is no new individual produced by
crossover and the convergence is fast. However, it is easy to fall into
local searching when the searching space is decreased. It proves that
when CR∈ [0.7, 1], there is a better identification result.

The selection operation is used to decide whether the new in-
dividual Ui,G+1 produced by mutation and crossover or the original
individual Xi,G would be kept when the value of the fitness function of

Table 3
Error between model calculation results and the experimental data.

No. 1 2 3 4 5 6 7 8 9

Mean square error 0.00098 0.0014 0.0014 0.0012 0.0013 0.0013 0.0015 0.0014 0.0014
maximum absolute error (rad) 0.0273 0.044 0.0421 0.0324 0.0414 0.0409 0.0447 0.0419 0.0332
No. 10 11 12 13 14 15 16 17 18
Mean square error 0.0014 0.0052 0.0019 0.0016 0.0014 0.0025 0.005 0.0023 0.0012
maximum absolute error (rad) 0.0397 0.1555 0.0483 0.0464 0.0416 0.0666 0.0894 0.1649 0.2979
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Fig. 16. Comparison of model calculation results and the application results I.

43.8 44.0 44.2 44.4 44.6 44.8 45.0

0.0

0.2

0.4

0.6

0.8

1.0

P
os

iti
on

/ra
d

Frequency/kHz

 Application data
 Model cal. data
 Model of Ref.[27]

Fig. 17. Comparison of model calculation results and the application results II.
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Fig. 18. Comparison of model calculation results and the application results III.

Table 4
Error between model calculation results and the application results.

Model The proposed model Model of Ref. [27]
Fig. 16 Fig. 17 Fig. 18 Fig. 16 Fig. 17 Fig. 18

Mean square error 0.00026 0.00109 0.00023 0.01666 0.02296 0.01998
maximum

absolute error
(rad)

0.00073 0.00389 0.00068 0.04704 0.07506 0.06056
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the new individual Ui,G+1 is better than Xi,G, Xi,G out of selection and
the new individuals are selected for next iteration. Otherwise, the ori-
ginal individuals are selected for next iteration while the new in-
dividuals are out of selection. Then the next iteration continues. The
flowchart of differential evolution algorithm is shown in Fig. 4.

4. Parameters confirming of differential evolution algorithm

It is crucial to confirm the parameters of differential evolution al-
gorithm used for model identification of USM, so as to obtain better
model identification results. The parameters can be adjusted with a
specific optimization problem and would directly affect the optimiza-
tion results.

According to experience, the initial parameters are shown in the
second column of Table 1. The model orders of the motor are of m=2,
n=1. The fitness function value is 0.0178 after parameters have been
identified. Then change the parameters of the DE algorithm, the results
indicate that there is little difference in the fitness function values as
well as the models. As a result, it is difficult to get a perfect ultrasonic
motor model in this case. Take the second set of experimental data for
example. The comparison of calculation results of the model identifi-
cation with the experimental data is shown in Fig. 5. Fig. 6 shows the
changing curves of fitness function values during optimization. It is
difficult to distinguish the curves with different optimization algorithm
parameters as shown in Figs. 5 and 6.

Identify the model parameters when the model orders are of m=2
and n=2. Results show that the convergence is faster and the error
between calculation results of the model identification and the ex-
perimental data is less than that of case when n=1. It also indicates
that the dynamic characteristics of the ultrasonic motor can emerge
fully when the model orders are of m=2 and n=2. In this situation,
the algorithm parameters are regulating until the optimal solution is
found. However, if the maximum iterations go beyond 100, the iden-
tification results may be worse. Assume that the maximum iterations
are 100. The regulation of population size NP and constriction factor F
should agree with the principle of the larger of NP, the smaller of F.
When parameters are adjusted to the values shown in the third column
of Table 1, the optimal solution achieves. Similarly, take the second set
of experimental data for example. Fig. 7 shows the comparison of cal-
culation results of the model identification with the experimental data.
Fig. 8 shows the best fitness function changing curves during optimi-
zation. Compared with Figs. 5–8, the convergence is faster and the
identification is better and model accuracy is greater.

5. The determination of the orders of nonlinear Hammerstein
model of USM

The model orders of the ultrasonic motor in this paper is chosen
from 1 to 3 taking account of the model accuracy, complexity and
control requirements. Differential evolution algorithm is applied to
identify the model parameters under different model orders. The
comparison of model precision shows that the higher model accuracy,
the smaller difference of the fitness function values between identified
model and the experimental data. Accordingly, the corresponding
model orders are applicable for the actual operating of the ultrasonic
motor.

Take the second set of experimental data for example to illustrate
the difference among various identified models. Fig. 9 shows the
comparison of model calculations with different orders and experi-
mental data. It indicates that the fitting errors of the second group of
experimental data is the least when model orders are of m=2, n=2.
However, the experimental data of the second group is only one of the
whole 15 groups. The final model orders are determined according to
the minimum value of the fitness function. Besides, all the experimental
data covers the possible operating range of the motor, which should be
considered so that the identified model can show the operating of

ultrasonic motor much better. Fig. 10 shows the fitness function con-
vergence curves with different model orders. The results show that
when m=2, n=2, the fitness function value is 0.0073. And when
m=3, n=2, the minimum fitness function value is 0.006 and the
model accuracy of the nonlinear Hammerstein model of USM is the
highest at this moment. Thus, the model orders are set as m=3, n=2.

In fact, the process of determining the model orders is to identify
model parameters. Therefore, if the model orders of ultrasonic motor
are determined, the model identification is finished. The identified
model corresponds to the orders of m=3, n=2, and the model
parameters are

a1=−1.5991, a2= 0.3996, a3= 0.2082, b0= 0.1157,
b1=−2.1553, b2= 1.9237, r0=−1.9213, ru0= 0.99006,
ru1= 7.7251E−4, ru2=−9.8934E−8, rT1=−43.845,
rT2= 3.1163.

Dynamic linear part of the model is

= − + + − − −

− +
− +

x k E u k E u k

T k T k

( ) 1.9213 (0.99006 7.7251 4· ( ) 9.8934 8· ( ))·

43.845 ( ) 3.1163 ( )
f k

2

275.50
4( ( ) 42.201) 2.3648 L L

2
2

(6)

Nonlinear static part is

= − +
+ +

−

−

− −

− − −
y z
x z

z z
z z z

( )
( )

0.1157 2.1553 1.9237
1 - 1.5991 0.3996 0.2082

1

1

1 2

1 2 3 (7)

Here, a more detailed data is given to indicate the effectiveness of
the identified model. The first, fifth and tenth group of data are selected
to make a comparison of calculation results and the experimental data
as shown in Fig. 11. Fig. 12 shows the comparison of three sets of the
experimental data for model validation and the calculation results.
Table 2 shows the mean square error and maximum absolute error of
each group data. Thus, the error between the identified model and the
experimental data is reflected directly. It is easy to see that the differ-
ence between the model and the experimental data is minor and the
model accuracy is high.

6. Adjustment of the fitness function and optimization of the
model structure

Repeated simulation results show that when the fitness function is
the sum of absolute error, a smaller error is received as well as a better
tracking performance of the experimental data based on the regulated
model parameters. Assume that the population size NP=60, maximum
iterations G=100, crossover probabilities CR=0.9, constriction
coefficient F=0.7 and the model orders are of m=3, n=2. The
convergence rate of the fitness function is shown in Fig. 13.

The comparison of the first, fifth and tenth group of model calcu-
lation data and the experimental data is shown in Fig. 14. Fig. 15.
shows the calibration results between three groups of model calculation
data and the experimental data.

The simulation indicates that the fitting effect of using sum of ab-
solute error is better than using mean squared error and the perfor-
mance of ultrasonic motor is improved. Therefore, the model para-
meters can be determined as: a1=−1.7673, a2= 0.5515,
a3= 0.2155, b0= 0.003, b1= 0.276, b2=−0.2792, r0=−2.1135,
ru0= 0.98494, ru1= 7.8792E−4, ru2=−9.7858E−8, rT1=−47.379,
rT2= 3.8363. And the dynamic linear part of the model is

= − + + − − −

− +
− +

x k E u k E u k

T k T k

( ) 2.1135 (0.98494 7.8792 4· ( ) 9.7858 8· ( ))·

47.379 ( ) 3.8363 ( )
f k

2

275.50
4( ( ) 42.201) 2.3648 L L

2
2

(8)

Nonlinear static part is
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= + −
+ +

−

−

− −

− − −
y z
x z

z z
z z z

( )
( )

0.003 0.276 0.2792
1 - 1.7673 0.5515 0.2155

1

1

1 2

1 2 3 (9)

In order to compare with Table 2, the mean square error is still used
for fitness function as shown in Eq. (4). The maximum absolute error
and the fitness function values of each group are collected as shown in
Table 3. In this case, the mean square error of the sets of data used for
modeling is 0.0017.

In Figs. 16–18, application results (solid lines) are used to test the
accuracy of the proposed model. The calculated data (dash lines) of the
model are best suited to the application data. The value of mean square
error and maximum absolute error are shown in Table 4. As a contrast,
the calculated data of the model proposed in Ref. [27] are also drawn in
Figs. 16–18. These figures and Table 4 clearly illustrate the improve-
ment of the proposed model. For example, in Fig. 17, the mean square
error of the proposed model is 0.00109, but the mean square error of
the model proposed in Ref. [27] is 0.02296.

7. Conclusions

This paper proposes the nonlinear Hammerstein model for position
control of ultrasonic motor and the differential evolution algorithm is
used for model identification. Comparison of the calculation data and
the experimental data demonstrates the effectiveness of the model.

Researches show that the effective non-linear Hammerstein model is
very appropriate for ultrasonic motor. Besides, the Hammerstein model
rather than linear model with variable parameters can be less complex.
Various models have been put forward for the modeling of ultrasonic
motor, such as theoretical model, equivalent circuit model, finite ele-
ment analysis model, and so on. They are respectively applicable to
different applications. No matter which model form you use, it should
be based on an in-depth understanding of the nonlinear characteristics
of ultrasonic motor in order to obtain a relatively simple model that can
accurately reflect the operating characteristics of ultrasonic motor.
Polynomials are used by the Hammerstein model to express the non-
linearity of the object. Although it is feasible, it is not necessarily the
easiest method. The nonlinear part of the model should be rationally
designed according to the specific characteristics of ultrasonic motor.

The key to the success of identification modeling is whether the
optimization algorithm is applicable or not. Differential evolution al-
gorithm used for the identification of model orders and model para-
meters can be less complex as well, modeling efficiency as well as
convergence effectiveness can be improved. Under same model para-
meters, multiple identifications based on differential evolution algo-
rithm can converge to the same optimal solution. It indicates that the
robustness of differential evolution algorithm is superior to other in-
telligent optimization algorithms like GA algorithms which can also
include random operations in modeling process of ultrasonic motor.
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