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The artificial neural network modelling of the piezoelectric
actuator vibrations using laser displacement sensor

Levent Paralı
∗
, Ali Sarı

∗∗
, Ulaş Kılıç
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We report an improvement of the artificial neural network (ANN) modelling of a piezoelectric actuator vibration based on
the experimental data. The controlled vibrations of an actuator were obtained by utilizing the swept-sine signal excitation.
The peak value in the displacement signal response was measured by a laser displacement sensor. The piezoelectric actuator
was modelled in both linear and nonlinear operating range. A consistency from 90.3 up to 98.9% of ANN modelled output
values and experimental ones was reached. The obtained results clearly demonstrate exact linear relationship between the
ANN model and experimental values.
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1 Introduction

Piezoelectric materials are widely used as smart struc-
tures due to their inherent transducer characteristics.
Functioning as actuators, they convert electrical energy
into mechanical and contrary, transform mechanical en-
ergy into electrical when operating as sensors [1]. Piezo-
electric actuators (PEAs) find a wide application in
atomic force microscopes [2], accelerator based imaging
systems [3], machine tools [4], computer components [5],
industrial and medical robots [6] mainly due to their ef-
fective displacement capabilities. PEA’s mechanical dis-
placement characterization is a core issue in scientific and
industrial research [7, 8].

The mechanical displacement of a vibrating surface
is determined as a change of distance from the refer-
ence/zero position (equilibrium condition). A vibration
of PEA can be described by the displacement, velocity,
and acceleration, separately or together, in the given ex-
citation frequency ranges [9, 10]. The dynamic testing of
PEAs relates mainly sweep-sine excitations with displace-
ment measurements. Computer-based measurement tech-
niques are widely employed to control PEA vibration due
to their high sensitivity and precision [11, 12].

A PEA represent a coupled electro-mechanical-acou-
stic system with frequency dependent properties charac-
terized by device dimensions and used material. The anal-
ysis and design of the PEA are commonly performed by
using lumped element models (LEM). Prasad and Gallas
et al defined the velocity of the clamped piezoelectric-
driven device (excited alternative voltage) via a scan-

ning laser vibrometer and integrating the velocity in the

frequency domain to obtain displacement under various
conditions. They carried out both the electro–acoustic

model and the LEM of a piezoelectric-driven device (con-
stituted of a thin piezo–ceramic disk glued on a metal-

lic shim). These model approaches are validated against
experimental measurements, [13-15]. Especially, Chiatto

et al presented a comprehensive review covering the de-
velopment and the evolution of LEM of predicting the

frequency response of piezo-driven synthetic jet devices,
commonly used to control fluid flows [16].

In many vibration applications, the structure of the
vibration is defined by mathematical models. Many stud-

ies have reported the linear operation of PEAs, [17-20].
Nevertheless, if PEA is exposed to a changing excitation

voltage, the nonlinear operating conditions could occur
due to its limited capacity. Under the nonlinear working

conditions, some adverse effects associated with nonlinear
dynamics, hysteresis, and saturation could cause prob-

lems, such as a loss of performance and a resonance fre-
quency shift. Therefore, the nonlinear control techniques

such as: (i) the Preisach model, (ii) a nonlinear auto-
regressive moving average model with exogenous inputs

(NARMAX), and (iii) Artificial Neural Network (ANN)
modelling has been improved to solve the nonlinear prob-

lems. Especially, neural networks are widely used because
of their high precision approximation capabilities and a

strong ability to be fault tolerant in the identification pro-
cess [21, 22]. For instance, Ahn et al [23] used the neural

networks on hybrid-type active vibration isolation, Liu
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Fig. 1. Schematically displayed the tested PEA(7BB-20-6) with real dimensions. PZT layer is adhered onto a brass plate
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Fig. 2. Experimental setup of the digital measurement system
based on LDS (Keyence) and measurement boards (National In-

struments) controlled by LabVIEW application, [26]

and Zhang [24] reported the fault detection and diagno-
sis based on parameter estimation and neural network,
Chen [25] used neural networks for structural fault diag-
nosis.

Modern nonlinear modelling methods are successfully
used to describe nonlinear systems. One of these methods
is ANN, based on many calculations performed by par-
allel operation of nonlinear elements. Due to the parallel
learning process, fast response and adaptation features,
ANN is probably one of the best information processing
systems.

As it is well known, ANN can described as

Y = f(

m
∑

i=1

wi xi) (1)

where, the input x1, . . . , xm is transferred through pro-
cessing elements via internal connections. Each connec-
tion has a weight w1, . . . , wm which impacts particular
element [25]. This can be positive, null, and negative. The
transfer function behaves as a sum of the processing el-
ements outputs which use all inputs in the calculation.

The activation function arrange predetermined output of

unlimited input processing elements. The four the most

used activation functions are: linear, threshold, step, and

sigmoid.

2 Material and methods

In this study, we used PEA sound component of Mu-

rata Manufacturing Co., Ltd. [24] with known parameters

(see Table 1) namely 7BB-20-6. The diaphragm structure

of PEA is made by adhering of the Lead Zirconate Ti-

tanate (PZT) onto a brass plate. The drawing of PEA is

shown in Fig. 1.

Table 1. Specific parameters of PEA tested in this study

Plate size diameter, D (mm) 20

Element size diameter, a (mm) 14

Electrode size diameter, b (mm) 12.8

Thickness, T (mm) 0.42

Metal plate thickness, tm (mm) 0.2

Resonance frequency, fr (kHz) 6.3 ± 0.6

Capacitance, C (nF) 10± 30%

Dielectric Constant, εr 1510

Resonant Impedance, R (Ω) ≤ 300

Input voltage, Vp−p max (V) 30

Operating temperature, tC
◦C -20∼ 70

Table 2. Measurement capabilities of the LK-G37 (LDS) used in
the experimental part

Measuring range 30± 5 mm

Adjustment time 0.06 ms

Repeatability 0.05 µm

Spot shape Φ30 mm

Sampling rate 20 µs

Accuracy ± 0.02%
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Fig. 3. The final structure of ANN model, used in this study for modelling PEA vibration

The vibration properties of the studied PEA were ex-
perimentally measured at room temperature employing
the LK-G37 laser displacement sensor (LDS), and con-
trolled by the LK-G3001 controller (Keyence) [25]. Mea-
surement parameters of LDS are listed in Table 2.

2.1 Experimental Setup

The concept of the vibrometry system uses virtual in-
strumentation technique utilized in LabVIEWTM (Na-
tional Instruments). Figure 2 shows an experimental
setup of the system.

The control and data read-out system consists of a
personal computer with two PCI measurement boards.
As a drive signal generator (excitation voltage) for PEA
vibration control NI PCI-6115 board was used. An analog
signal obtained from the LDS was processed on an ana-
log input channel of the digitizer, NI PCI-5122. Setting of
LDS device was performed separately through the Nav-
igator program (Keyence). Before the initiating of the
measurement application, the precise arrangement had
to be set. The detailed configuration of the measurement
system is presented in [26]. The laser beam was focused
to the center of PEA disc. Analytically, boundary con-
ditions of the PEA can be specified as completely free
or any forced situations. The completely free boundary
means that the PEA is floating in space with no attach-
ment or connection in the ground and exhibits rigid body
behavior at zero frequency. However, in the experimen-
tal works, it is not possible to fully obtain free condition.
Therefore, to model the completely free boundary, the
PEA must be supported by using some methods during
test [27].

Mentioned measurement system is capable to measure
the dynamic displacement as PEA vibration response us-
ing the swept-sine excitation method [26]; from ie 10 Hz
up to 40 kHz with 1 Hz step.

4 ANN modelling of PEA vibration

The ANN modeling of PEA vibration behavior uses
real experimental data obtained previously in [26]. After
finding the minimum and maximum displacement values
at the given voltage and frequency, the values were nor-
malized. The data preparation process is described fur-
ther.

4.1 Model structure

The proposed ANN model for the nonlinear behavior
of PEA has two inputs: voltage and frequency. The dis-
placement is used as an output. In this study, we used
a multi-layer feed-forward back propagation neural net-
work with Levenberg-Marquardt algorithm, which mini-
mizes the sum of the mean squared error. The Levenberg-
Marquardt algorithm derived from the steepest descent
and Newton algorithms, is given by the equation

∆w = (J⊤
J + µI)−1

J
⊤e, (2)

where w is a weight vector, J is the Jacobian matrix,µ
is combination coefficient, I is an identity matrix, e is
an error vector, and µ is an adjustable parameter. Over-
larging µ parameter leads to the algorithm behavior as
the steepest descent method. Otherwise, it behaves as the
Newton’s method. Update algorithm for µ is given by

µ(n) =

{

µ(n− 1)k forE(n) > E(n− 1)

µ(n− 1)/k forE(n) ≤ E(n− 1)
(3)

ANN model consists of the thirty fully connected hid-
den layers set. The so-called logistic activation function
was used for each input layer and for ANN output layer

f(n) =
1

1 + exp−n
(4)

The proposed ANN model was designed by the follow-
ing steps:

• Minimum and maximum displacement values were
found for each excitation voltage value.

• Each displacement value was normalized, to be 0-1.

• Data set was divided into training and test sets.

• After being educated by the training set, the model
was examined via the testing set.

• The results of testing obtained from the ANN were
converted to actual values.

• Error calculations were performed by different statis-
tical methods such as mean square error and mean
absolute error.

Figure 3 shows the final structure of ANN model.

4.2 Preparation of the experimental data

The changes in displacement of PEA surface were mea-
sured for frequencies between 5001 and 8000 kHz with the
step of 1 Hz and recorded for amplitudes of excitation
voltages from 0.5 to 10 V with the step of 0.5 V. Thus,
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Fig. 4. ANN performance, shown as MSE value dependency on the
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Fig. 5. Regression curve displayed for Case 6, when the training
set includes 600 data and testing set includes 59400 data.

the displacements were measured for 60000 different in-
put values. Minimum and maximum displacement values
were normalized by [28, 29]

Y min
j = min(yi,j)

Y max
j = max(yi,j)

i = 5001, . . . , 8000

j = 0.5, 1.0, . . . , 10

Y norm
i =

yi − ymin
j

ymax
j − ymin

j

i = 1, . . . , 60000

j =0.5, 1.0, . . . , 10

(5)

Table 3 shows the data set.

Table 3. Preparation for data processing

Frequency(Hz)
Voltage (V)

0.5 1 ... 9.5 10

5001 y2 y3001 ... y54001 y57001

5002 ... y3002 ... y54002 y57002

... ... ... ... ... ...

8000 y2999 y5999 ... y56999 y60000

The normalized values used for training and testing of
ANN were converted to the real values by

Y ANN
i = ynormi (ymax

j − ymin
j ) + ymin

j

i = 1, . . . , 60000

j = 0.5, 1.0, . . . , 10

(6)

4.3 Modelling results

For designing the proposed ANN model the Neural
Network Toolbox (Matlab) was used. The data set in-
cludes 60000 points and the whole data set consists of
two groups: training and testing sets. The data were ex-
amined for six different situations are shown in Table 4.

Table 4. Distrubution of examined six different situations

Situation
Number of data in set:

Training Testing

Case

1 30000 30000

2 20000 40000

3 15000 45000

4 12000 48000

5 6000 54000

6 600 59400

The proposed algorithms were carried out 20 times for
each case. Determination coefficient (R2), mean square
error (MSE) and mean absolute error (MAE) were calcu-
lated for each situation

R2 =
F0 − F

F0
,

F0 =

n
∑

i=1

(Fi(exp) − Fmean)
2,

F =

n
∑

i=1

(Fi(exp) − FANN )2,

MSE =
1

n

n
∑

i=1

(Fi(exp) − Fi(ANN))
2,

MAE =

∑

|Fi(exp) − Fi(ANN)|
∑

Fi(exp)
.

(7)

Table 5 represents the calculated values. As shown, the
resulted errors for the testing set are quite low due to the
major reduction in the training set. If we assume that the
epoch value is high enough, the neural network can learn
the training situation. Thus, the epoch value is a core
factor in the training stage. In this study, the optimum
epoch values were manually defined as almost 100. The
training set error decreased by a very small value of 0.7%.
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Fig. 6. Experimental and ANN modelling results for Case 6 at (a) — 0.5 V, and (b) — 5 V
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Fig. 7. Experimental and ANN modelling results for Case 6 at (a) — 5.5 V, and (b) — 10 V

Table 5. Calculated error values for six proposed configurations of
training and testing sets

R2 MSE MAE
Case

1 0.8220 0.0005 0.3214

2 0.9986 0.0005 0.0274

3 0.9985 0.0005 0.0270

4 0.9989 0.0004 0.0239

5 0.9986 0.0005 0.0272

6 0.9936 0.0030 0.0383

Figure 4 shows the variation of MSE in ANN model
according to the number of iterations. As one can see
MSE value did not change significantly after the 40-th
iteration (epoch).

Training R (regression) value is an indication of the
relationship between the ANN modeling results and the
experimental values (see Fig.5). In this study, this value
was calculated as 0.99964 by ANN toolbox for Case 6.
The value of R = 1 clearly indicates that there is an
exact linear relationship between ANN modeling and the
experimental values.

Figure 6 and 7 show the experimental and ANN results
for Case 6 at excitation voltages from 0.5 to 10 V.

5 Evaluation of mathematical

modelling and discussion

Root Mean Square Error (RMSE) is a frequently used
measure of the model performance in many research stud-
ies such as metrology, mathematics and expert systems.
RMSE seems to be more suitable to declare a model
achievement than MAE.

In this study, we used the RMSE for the definition of
the error rate of coincidence between the mathematical
modelling and experimental results. The RMSE method
is more preferred [28] as it can be easily implemented.
If the RMSE value is close to zero, the ability of model
predictions increases. Also, the acceptable error rates are
varied for training process [31]. RMSE calculations are
shown as a consistent value according to the equation

RMSE =

√

√

√

√

1

n

n
∑

i=1

(yi − ŷi)2 (8)

where yi is a measurement value, ŷi is a predicted value,
n is number of data. Table 6 shows the mean RMSE be-
tween ANN modelling and experimental results induced
by the excitation voltages from 1 to 10 V.
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Table 6. Consistent values in % of calculated RMSE of PEA as a

result of this study

Voltage Consistency Error

(V) % %

1 98.41 1.59

2 97.65 2.35

3 97.42 2.58

4 95.92 4.08

5 94.73 5.27

6 93.46 6.54

7 92.52 7.48

8 91.89 8.11

9 91.47 8.53

10 90.87 9.13

6 Conclusions

ANN modelling of PEA has been improved using ex-
perimental data. The dynamic displacement changes of
PEA as the vibration response on the swept-sine excita-
tion was performed. The resonant frequencies of vibra-
tions were determined. The consistency between the ob-
tained ANN modelling results and experimental vibra-
tion displacement values of PEA reached values from 90.3
to 98.9%, and their regression value was 0.99964. There
is probably an exact linear relationship between ANN
modeling and the experimental values, and the achieved
ANN modelling performance demonstrates quite accurate
results for all working conditions. The ANN modelling
could not only avoid the complex calculation on nonlinear
behaviors of PEA, but also it is more compatible to reflect
the dynamical characteristics. Therefore, this ANN mod-
elling could be recommended as training-testing tool for
estimating vibration properties of PEA under any other
excitation voltages.
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