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ABSTRACT
Flexoelectric effect can be used to design actuators to control engi
neering structures including beams, plates, and shells. Multiple flexo
electric actuators method has the advantage of less stress 
concentration and better control effect, but the mode-dependent 
optimal actuator locations could influence the flexoelectric actuation 
effect significantly. In this work, a neural network model is established 
to study the optimal combinations of multiple flexoelectric actuators 
on a rectangular plate. In the physical model, an atomic force micro
scope (AFM) probe was employed to generate an electric field gradient 
in the flexoelectric patch, so that flexoelectric control force and 
moment can be obtained. Multiple flexoelectric actuators on the 
plate was considered. Case studies showed that the flexoelectricity 
induced stress mainly concentrate near the probe, the size and shape 
of the flexoelectric patch have limited effect on the actuation, hence, 
only the actuator positions were choosing as the input of the ANN 
model. Using the prediction of the neural network model, the driving 
effect of a large number of actuators at different positions can be 
quickly obtained, and the optimal position of the actuator can be 
analyzed more accurately.
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Introduction

In the past ten years, precision actuation has been applied to fields such as biomedicine, 
precision manufacturing, aerospace, as well as semiconductor and microelectronics [1–4]. 
Smart materials can be used as actuators to achieve precise actuation and active vibration 
control, among which piezoelectric materials [5], shape memory alloy [6], magnetostric
tive materials [7], electrostrictive materials [8], electro/magnetorheological fluids (ERF/ 
MRF) [9,10] are the most widely used. Flexoelectricity is an electromechanical coupling 
effect and exists in all solid dielectric materials [11,12]. Compared with piezoelectricity, it 
does not need prepolarization and is not restricted by the Curie temperature [13]. Because 
of these characteristics, the research of flexoelectric materials as actuators and sensors has 
attracted more and more attention [14,15].

Direct flexoelectric effect describes the linear relationship between stress gradient and 
electric field in dielectric materials, and converse flexoelectric effect describes the linear 
relationship between electric field gradient and stress in dielectric materials. Based on 
converse flexoelectric effect, it can be applied to actuation and active vibration control of 
micro-nanostructures. Fu et al. [16] reported the converse flexoelectric effect in 
Ba0.67Sr0.33TiO3 (BST) and measured the flexoelectric coefficient of the BST sample 
through experiments. Based on the direct flexoelectric effect, Hu et al. [17] proposed 
the distributed dynamic sensing using flexoelectric materials, and defined flexoelectric 
signal of distributed flexoelectric sensors laminated on an arbitrary shell structure. The 
open-circuit and the close-circuit models of distributed flexoelectric sensing are estab
lished, which proves that the distributed sensing based on flexoelectricity is feasible. In 
soft robotics, distributed sensing and actuation give robots new capabilities. Since soft 
robot motion is mainly based on deformation, the integration of pneumatic or hydraulic 
valves or small motors for tendon-driven systems, and the distribution of sensor across 
their bodies facilitate the control of their complex motion and the monitoring of their 
interaction with the environment [18]. Wu et al. [19] proposed a biconcave beam structure 
and actuation method based on the converse flexoelectric effect, which provides a non- 
uniform structure to generate an electric field gradient, and this method can be applied to 
flexoelectric actuators. The key to using converse flexoelectric effect is to generate 
inhomogeneous electric field, and atomic force microscope (AFM) probe can generate 
high inhomogeneous electric field [20]. Fan et al [21]. constructed an electric field 
gradient by placing AFM probe on the flexoelectric patch to produce stress inside the 
flexoelectric material. The induced flexoelectric stress and bending moment can be used 
to control the vibration of the beam. Zhang et al. [22] designed a flexoelectric actuation 
method induced by a line-electrode to control the vibration of a plate. The electric field 
gradient is generated through the line-electrode, which induces the bending moments 
inside the flexoelectric layer laminated on the thin plate to affect the vibration of the 
plate. Hamid et al [23]. present a design methodology based on a combination of 
isogeometric analysis (IGA), level set and point wise density mapping techniques for 
topology optimization of piezoelectric/flexoelectric materials. This computational meth
odology contributes to design of micro and nano-scale flexoelectric devices with opti
mized electromechanical conversion efficiency.

The flexoelectric material is used as an actuator, in order to achieve a good actuation 
and control effect, the most direct way is to increase the applied voltage, but this will lead 
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to stress concentration phenomenon, causing fatigue problems in the actuator structure. 
Compared with changing the material properties and structural parameters of the actua
tor, increasing the number of actuators can reduce the voltage applied on each actuator, 
weaken the influence of stress concentration, and achieve a good control effect. The 
control method using multiple actuators can effectively improve the efficiency of vibra
tion control and avoid the phenomenon of insufficient control force and stress concen
tration of a single actuator. However, the multi-channel control algorithm is more 
complex and needs to face the problem of optimal control. With the help of neural 
network, fuzzy control and other intelligent control algorithms, this problem can be 
effectively solved.

Artificial neural network is a mathematical model that simulates the neural structure 
and thinking mode of the human brain [24]. It consists of a large number of processing 
units interconnected to form a nonlinear, parallel and distributed adaptive information 
processing system. Artificial neural networks have been applied to many subjects in 
classification, clustering, pattern recognition and prediction [25]. Narendra et al. [26] 
studied the application of neural network in the identification and control of nonlinear 
dynamic systems, established the identification model and control model, and realized 
the adaptive control of nonlinear systems. Song et al. [27] designed a neural network 
feedforward controller to describe the nonlinear characteristics of shape memory alloy 
actuators. The model can well adapt to the nonlinear problems caused by hysteresis. 
Neural networks have also been applied to vibration control. Sun et al. [28] modeled the 
flexible robotic manipulator by lumped spring-mass method, and proposed full-state 
feedback control and output feedback control based on neural network respectively to 
suppress the vibration of t a flexible robotic manipulator. Osama et al. [29] designed an 
active control method using piezoelectric sensors and piezoelectric actuators based on 
neural networks to reduce vibration of flexible cantilever plates. This method uses an 
artificial network controller to calculate the optimal voltage applied to the piezoelectric 
patches. Li [30] used the light-activated shape memory polymer (LaSMP) to control the 
vibration of thin ring shell, and established the neural network model and inverse model 
of light intensity and Young’s modulus of LaSMP, and controlled the vibration of elastic 
ring at low frequency by changing light intensity. Neural networks are also used in 
mechanics, Samaniego [31] explore an energy approach to the solution of partial differ
ential equations in computational mechanics via Deep Neural Networks (DNNs) to solve 
the boundary value problem.

In this study, a rectangular plate model actuated by a multi-flexoelectric is established, 
the electric field gradient caused by AFM probe is deduced, and the stress generated in 
the flexoelectric material is obtained by converse flexoelectric effect. Then, the amplitude 
of the elastic plate is calculated by the modal expansion method. The neural network 
model driven by multi-actuator is established. The input and output of the model are the 
abscissa and ordinate of the multiple actuators and the amplitude of the plate, respec
tively. The actuation effect of multiple actuators in different positions is predicted and the 
optimal actuator position in rectangular plate is obtained. Using the prediction of the 
neural network model, the driving effect of a large number of actuators at different 
positions can be quickly obtained, and the optimal position of the actuator can be 
analyzed more accurately.
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Physical model

Actuation of flexoelectric patches

A rectangular plate with multiple flexoelectric actuators is shown in Figure 1. To simplify 
the calculation, it is assumed that the geometric dimensions of the flexoelectric patches 
are the same. Geometric parameters of rectangular plate and flexoelectric patches are 
shown in Figure 1, in which, the length, width and thickness of the plate and the length 
and thickness of the flexoelectric patches are denoted by a, b, h, L and ha respectively. It is 
assumed that the boundary condition of rectangular plate is simply supported on four 
sides. Figure 2 shows a schematic diagram of the electric field generated by the AFM 
probe. R is the AFM probe radius, which affects the electric field gradient. The radius R of 
the AFM probe tip is far less than the thickness of the patch ha, and the plate h, i.e. R ≪ ha 

≪ h. xi and yi are the distances from the center of the flexoelectric patches to the x and 
y axes.

According to the converse flexoelectric effect, when the voltage is applied 
between the electrode of the flexoelectric patch and the AFM probe, the electric 
field gradient generated by the AFM probe will produce stress in the flexoelectric 
patch, which can be used to control the vibration of the plate. When the voltage 
applied to the probe is φa

i , the potential within the flexoelectric patch can be 
approximated as [32]: 

ϕi ¼
RðRþ 2haÞϕa

i

2ha

1
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðx � xiÞ
2
þ ðy � yiÞ

2
þ ðz � ha � R � h

2Þ
2

q

2

6
4

�
1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðx � xiÞ
2
þ ðy � yiÞ

2
þ ðz þ ha þ R � h

2Þ
2

q

3

7
5;

(1) 

the transverse electric field between the patch and the AFM probe can be expressed as: 

Figure 1. Simply supported plate with multiple flexoelectric actuators.
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Ezi ¼ �
@ϕ
@z
¼

RðRþ 2haÞϕa
i

4ha

2z � 2ha � 2R � h

½ðx � xiÞ
2
þ ðy � yiÞ

2
þ ðz � ha � R � h

2Þ
2
�

3
2

2

4

�
2z þ 2ha þ 2R � h

½ðx � xiÞ
2
þ ðy � yiÞ

2
þ ðz þ ha þ R � h

2Þ
2
�

3
2

3

5;

(2) 

with Equation 2, the induced flexoelectric stress components Txxi and Tyyi based on 
the converse flexoelectric effect and common flexoelectric material matrix can be 
given: 

Txxi ¼ Tyyi ¼ π12
@Ezi

@z

¼ �
π12RðRþ 2haÞϕa

i

2ha

3ð2z � 2h � 2R � hÞ2

4½ðx � xiÞ
2
þ ðy � yiÞ

2
þ ðz � ha � R � h

2Þ
2
�

5
2

2

4

�
1

½ðx � xiÞ
2
þ ðy � yiÞ

2
þ ðz � ha � R � h

2Þ
2
�

3
2

�
3ð2z þ 2hþ 2R � hÞ2

4½ðx � xiÞ
2
þ ðy � yiÞ

2
þ ðz þ ha þ R � h

2Þ
2
�

5
2

þ
1

½ðx � xiÞ
2
þ ðy � yiÞ

2
þ ðz þ ha þ R � h

2Þ
2
�

3
2

3

5;

(3) 

Figure 2. Electric field domains and equipotential lines generated by the AFM probe.
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in which Txx and Tyy are the normal stresses in the x and y directions. The membrane force 
of the flexoelectric patch can be calculated by integrating the stress through the patch 
thickness as: 

N a
xxi ¼ N a

yyi ¼

ð h=2þha

h=2
Txxidz

¼ �
π12RðRþ 2haÞϕa

i

2ha

R

½ðx � xiÞ
2
þ ðy � yiÞ

2
þ R2�

3
2

2

4

þ
2ha þ R

½ðx � xiÞ
2
þ ðy � yiÞ

2
þ ðRþ 2haÞ

2
�

3
2

�
2ha þ 2R

½ðx � xiÞ
2
þ ðy � yiÞ

2
þ ðha þ RÞ2�

3
2

3

5;

(4) 

with the membrane force, the bending control moment can be further derived as: 

Ma
xxi ¼ M a

yyi ¼
hþ ha

2
� Na

xxi

¼ �
π12RðRþ 2haÞðhþ haÞϕa

i

4ha

R

½ðx � xiÞ
2
þ ðy � yiÞ

2
þ R2�

3
2

2

4

þ
2ha þ R

½ðx � xiÞ
2
þ ðy � yiÞ

2
þ ðRþ 2haÞ

2
�

3
2

�
2ha þ 2R

½ðx � xiÞ
2
þ ðy � yiÞ

2
þ ðha þ RÞ2�

3
2

3

5:

(5) 

For vibration control of thin plate, if only the transverse displacement is considered, the 
dynamic equation can be expressed as: 

D
@4u3

@x4 þ 2
@4u3

@x2@y2 þ
@4u3

@y4

� �

þ ρhu
3
þ c _u3 ¼ F3 þ

@2Ma
xx

@x2 þ
@2Ma

yy

@y2 ; (6) 

where D is the bending stiffness defined as D ¼ Yh3=½12ð1 � μ2Þ�; ρ is the mass density of 
the plate; _u3 and €u3 represent the first- and second-order derivation of the transverse 
displacement u3 with respect to time t; c is the equivalent damping constant; F3 is the 
external excitation force in the transverse direction; Ma

xx and Ma
yy are the distributed 

control moment induced by the flexoelectric actuators.
Equation 6 can be solved with the modal expansion method by writing the transverse 

displacement u3 as the summation of all participating modes []: 

u3ðx; y; tÞ ¼
X1

m¼1

X1

n¼1

ηmnðtÞU3mnðx; yÞ; (7) 

where U3mn (x,y) is the modal shape function of the rectangular plate and ηmn is the modal 
participation factor or the modal coordinate. Both U3mn (x,y) and ηmn depend on the mode 
numbers m and n in the x and y directions, respectively.
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The modal function of a structure depends on its boundary conditions. 
Therefore, the modal function of rectangular plates with four edges simply sup
ported is defined as: 

U3mn ¼ C sinð
mπx

a
Þ sinð

nπy
b
Þ: (8) 

C is the amplitude constant, which will cancel out in the displacement calculation. The 
modal participation factor ηmn can be calculated with the consideration of the plate’s 
dynamic equation, eigenvalue analysis, and orthogonality of modal shape functions as: 

€ηmn þ 2�mnωmn _ηmn þ ω2
mnηmn ¼ F̂mnðtÞ; (9) 

Where ζmn is the damping ratio and it is a mode-dependent value; F̂ a
mn is the (m,n)th modal 

force, including both external mechanical excitation F̂ m
mn and flexoelectric control effect F̂ a

mn, 
and can be expressed as: 

F̂m
mn ¼

1
ρhNmn

ð

x

ð

y
F3U3mndxdy; (10) 

F̂ a
mn ¼

Xk

i¼1

F̂ a
mni ¼

Xk

i¼1

1
ρhNmn

ðyiþL=2

yi � L=2

ðxiþL=2

xi � L=2
�

@2Ma
xxi

@x2 þ
@2Ma

yyi

@y2

 !

U3mndxdy; (11) 

Nmn ¼

ða

0

ðb

0
U2

3mndxdy: (12) 

In this study, to focus on the vibration control effect caused by flexoelectricity, it is assumed 
that the external mechanical force F3 is zero. k is the number of actuators and F̂a

mn is combined 
flexoelectric control force resulting from k actuators. By substituting the modal shape function 
Equation 8 and the actuation bending moment Equation 5 induced by each actuator into the 
modal force expression Equation 11, the total k actuation modal force is obtained: 

F̂ a
mni ¼

Xk

i¼1

F̂ a
mni ¼

Xk

i¼1

1
ρhNmn

ðyiþL=2
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�
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@x2 þ
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¼
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�
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i
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�
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� 15R3
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�
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þ
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2
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þ
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�
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2
þ ðy � yiÞ

2
þ ðRþ haÞ
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�

5
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3

5U3mndxdy;

(13) 
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when the excitation is assumed to be harmonic and the frequency is ωi, the modal 
participation factor can be obtained: 

ηmn ¼
F̂a

mn

ðω2
mn � ω2

i Þ þ 2j�mnωmnω
e jωt

¼
F̂a

mn

ω2
mn

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

½1 � ðωi=ωmnÞ
2
�
2
þ 4ζ2

mnðωi=ωmnÞ
2

q e jðωi t� φiÞ;

(14) 

where φi is the phase angle lagging behind the excitation and can be defined as: 

φi ¼ arctan
2�ðωi=ωmnÞ

1 � ðωi=ωmnÞ
2 : (15) 

By substituting the modal shape function Equation 8 and the modal participation factor 
Equation 14 induced by each actuator into the displacement expression Equation 7, the 
maximal transverse displacement of the plate for each mode is obtained: 

u3mnðx; yÞ ¼
Xk

i¼1

u3i ¼
Xk

i¼1

π12RðRþ 2haÞðhþ haÞϕa
i U3mnðx; yÞ

4ρhNmnω2
mnha

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
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2
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þ
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½ðx � xiÞ
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2
þ ðy � yiÞ

2
þ ðRþ haÞ

2
�

5
2

3

5U3mndxdy

(16) 

Neural network model

BP (Back Propagation) neural network is a multilayer feedforward neural network, first 
proposed by Rumelhart et al., 1986. Its main principle is to use the least square method 
and gradient descent iteration to minimize the root mean square error between the 
neural network output value and the desired output value, so as to realize the complex 
nonlinear mapping. The general structure of BP network consists of an input layer and an 
output layer, and other intermediate parts are called hidden layers. In feedforward neural 
network, processing units of each layer of neural network are connected with all units of 
the previous layer. These processing units are called neurons, and their basic structure is 
shown in Figure 3. In the Figure 3, ω is the weight of each layer network, and bk is the 
threshold. Each input is multiplied with the weight and then added with the threshold, 
and then the output is obtained through the activation function φk . The activation 
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function φðxÞ ¼ 1=ð1þ e� xÞ. The connections between neurons in a neural network are 
assigned by weights. These weights are adjusted through the training process to optimize 
the output of the neural network. BP neural network adjusts weights by δ algorithm. 
A typical three-layer neural network is shown in Figure 4.

The process of BP neural network algorithm is as follows: (1) Randomly define the 
weight ωki and threshold bk of each layer network. (2) Randomly select training data to 
calculate the input and output of neurons in each layer. (3) Modify the weight of layer 
network through hidden layer. (4) Calculate the global error. (5) Judge whether the error 
meets the requirements. When the error reaches the preset accuracy or the number of 
learning times is greater than the set value, the algorithm is terminated. Otherwise, the 
next learning sample and the corresponding expected output are selected for the next 
round of learning.

In this paper, a three-layer feedforward neural network model is established with the 
position coordinates of the actuator as the input and the maximum amplitude of the 
elastic plate as the output. This model can accurately predict the vibration caused by 
multiple actuators at any position. In order to get the best actuator placement position, it 

Figure 3. mathematical model of neurons.

Figure 4. Schematic diagram of neural network model.
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is necessary to input as many combinations of actuator positions as possible into the 
neural network model, and quickly obtain the plate amplitude generated by the actuator 
at different positions. Then, the position where the plate generates the maximum ampli
tude is the best position of the actuator.

Case studies

In this section, the first part will discuss the influence of the size, shape (aspect ratio) and 
thickness of the flexoelectric patch on the flexoelectric actuation effect. The second part 
will compare the results of the flexoelectric actuation neural network model and the 
theoretical calculation to verify the accuracy of the neural network model. The third part 
will evaluate the optimal position of the multi-actuator actuation through the neural 
network model, and obtain the best flexoelectric actuation effect. The parameters of the 
elastic plate (polypropylene) and actuator (BST) are listed in Table 1.

The flexoelectricity induced transverse displacement with single actuator

Influence of flexoelectric patch parameters
When the flexoelectric patch is placed in the center of the plate and the same voltage is 
applied, the size and aspect ratio of the flexoelectric patch are changed, and the displace
ment at the center 0:05; 0:05ð Þ of the plate for mode (1,1) is shown in Table 2.

When changing the shape and area of the flexible spot, the amplitude of the plate 
center is almost unchanged. The converse flexoelectric effect is caused by the electric field 
gradient, and the electric field gradient generated by the AFM probe is mainly concen
trated in a small area of the probe tip, so the stress induced by the flexoelectric patch is 
mainly concentrated in the center of the patch. The effect of changing the patch area and 

Table 1. Parameters and properties of the plate model.
Property Values

Plate length a, m 0.1
Plate width b, m 0.1
Plate thickness h, m 0.001
Young’s modulus of beam Y, N/m2 1.556 × 109

Plate mass density ρ, kg/m3 907
Poisson’s ratio μ 0.3
Flexoelectric patches thickness ha, μm 50
Flexoelectric patches length L, m 0.01
Flexoelectric constant π12, μC/m 100 [33]
AFM probe tip radius R, nm 50
Actuation voltage ϕi , V 100
modal damping ratio, �k 0.01

Table 2. Actuation results of flexoelectric patches of different sizes.
Area of Flexoelectric 
Patch, cm2

Size of Flexoelectric 
Patch, cm

Displacement, 
nm

Size of Flexoelectric 
Patch, cm

Displacement, 
nm

0.025 0.5*0.5 1.91575 1.0*0.025 1.93303
1 1.0*1.0 1.91468 2.0*0.5 1.91523
2.25 1.5*1.5 1.91466 3.0*0.75 1.91473
4 2.0*2.0 1.91465 4.0*1.0 1.91467
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aspect ratio on the converse flexoelectric effect is limited. Therefore, in the modeling 
process of the neural network model, the structural parameters of the flexoelectric patch 
will be ignored, and other parameters will be selected as input data.

Influence of flexoelectric patch positions
This section discusses the influence of actuator position on flexoelectric actuation. When 
the excitation of the external mechanical force is not considered, and the position of the 
flexoelectric patch on the plate is changed, the transverse displacement of a certain point 
(mode(1,1) at 0:05; 0:05ð Þ, mode (2,1) at 0:025; 0:05ð Þ, mode (2,2) at 0:025; 0:025ð Þ, mode 
(3,1) at 0:0167; 0:05ð Þ) on the elastic plate caused by the converse flexoelectric effect is 
shown in Figure 5.

As can be seen, changing the position of the actuator significantly changes the 
displacement on the plate actuated by the converse flexoelectric effect. The amplitude 
of the plate induced by the flexoelectric actuator at different positions is related to the 
mode shape. When the y-direction is the first-order resonance, the actuator can be placed 
at the position of y = 0.05 m to have a better actuation effect. When the same actuator is 
in different positions, it is possible to produce opposite displacements at a point on the 
plate. The actuator will produce different actuation effects at different positions, so there 
are some optimal positions in each mode to achieve the maximum actuation effect. If the 

a) Mode (m=1, n=1) b) Mode (m=2, n=1)

c) Mode (m=2, n=2) d) Mode (m=3, n=1)

Figure 5. Induced displacements caused by actuator in different positions.
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position of the actuator is used as the input and the displacement of the plate is used as 
the output, a neural network model can be established to predict the flexoelectric 
actuation and analyze the optimal position of the actuator.

The ANN Model of single flexoelectric actuation

The establishment of the artificial neural network model requires training data. Some 
points are uniformly selected on the plate, and the amplitude of the plate vibration driven 
by the actuator at these positions is calculated as the training data. After the neural 
network model is established through training, the positions of some points are selected 
from the training data to verify the accuracy of the neural network. These data are not 
included in the training data. The prediction results for mode (m, n) = (1,1), (2, 1), (2, 2), 
(3, 1) are shown in Tables 3–6.

Table 4. Displacement of theoretical model and neural network model for mode (2,1).
Actuator 1, m Neural network model, nm Theoretical model, nm Error, %

(0.063,0.033) 0.1922 0.1922 0.08%
(0.039,0.089) 0.0663 0.0661 0.28%
(0.078,0.044) 0.2957 0.2956 0.11%
(0.053,0.021) 0.0349 0.0352 0.85%
(0.036,0.087) 0.0939 0.0937 0.22%
(0.09,0.094) 0.0343 0.0337 1.91%
(0.084,0.044) 0.2542 0.2541 0.10%
(0.055,0.015) 0.0427 0.0430 0.80%
(0.061,0.028) 0.1503 0.1505 0.19%
(0.058,0.042) 0.1432 0.1429 0.16%

Table 3. Displacement of theoretical model and neural network model for mode (1,1).
Actuator 1, m Neural network model, nm Theoretical model, nm Error, %

(0.044,0.03) 1.5221 1.5216 0.14%
(0.039,0.066) 1.5787 1.5787 0.08%
(0.074,0.064) 1.2623 1.2629 0.18%
(0.077,0.019) 0.7124 0.7117 0.05%
(0.022,0.015) 0.5538 0.5541 0.04%
(0.049,0.05) 1.9142 1.9137 0.22%
(0.045,0.092) 0.4702 0.4703 0.04%
(0.063,0.035) 1.5662 1.5657 0.24%
(0.069,0.058) 1.5345 1.5338 0.29%
(0.073,0.025) 1.0161 1.0156 0.38%

Table 5. Displacement of theoretical model and neural network model for mode (2,2).
Actuator 1, m Neural network model, nm Theoretical model, nm Error, %

(0.012,0.014) 0.0622 0.0631 1.47%
(0.028,0.064) 0.0906 0.0906 0.01%
(0.077,0.049) 0.0072 0.0075 2.95%
(0.07,0.075) 0.1150 0.1138 0.86%
(0.089,0.07) 0.0705 0.0725 2.79%
(0.071,0.087) 0.0842 0.0845 0.40%
(0.049,0.086) 0.0062 0.0058 6.86%
(0.057,0.035) 0.0397 0.0412 3.72%
(0.026,0.068) 0.1070 0.1081 0.89%
(0.046,0.023) 0.0301 0.0295 2.03%
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Table 6. Displacement of theoretical model and neural network model for mode (3,1).
Actuator 1, m Neural network model, nm Theoretical model, nm Error, %

(0.044,0.076) 0.0441 0.0443 0.37%
(0.087,0.06) 0.0676 0.0685 1.26%
(0.021,0.026) 0.0501 0.0512 2.22%
(0.029,0.041) 0.0292 0.0292 0.08%
(0.018,0.013) 0.0302 0.0302 0.14%
(0.017,0.017) 0.0392 0.0390 0.54%
(0.084,0.09) 0.0240 0.0236 1.50%
(0.057,0.092) 0.0150 0.0150 0.32%
(0.055,0.057) 0.0667 0.0666 0.09%
(0.018,0.01) 0.0239 0.0235 1.80%

Table 7. Displacement of theoretical model and neural network model for mode (1,1).
Actuator 1, m Actuator 2, m Neural network model, nm Theoretical model, nm Error, %

(0.062,0.077) (0.066,0.013) 1.8436 1.8437 0.00%
(0.087,0.093) (0.008,0.007) 0.2698 0.2736 1.42%
(0.079,0.019) (0.064,0.069) 2.0925 2.0953 0.13%
(0.03,0.043) (0.072,0.068) 2.7573 2.7556 0.06%
(0.054,0.088) (0.04,0.033) 2.2667 2.2682 0.07%
(0.092,0.092) (0.02,0.008) 0.3983 0.3909 1.86%
(0.013,0.017) (0.073,0.079) 1.2674 1.2651 0.18%
(0.088,0.049) (0.089,0.009) 0.8854 0.8835 0.21%
(0.092,0.077) (0.064,0.091) 0.7982 0.8005 0.29%
(0.016,0.092) (0.082,0.03) 1.0594 1.0591 0.03%

Table 8. Displacement of theoretical model and neural network model for mode (2,1).
Actuator 1, m Actuator 2, m Neural network model, nm Theoretical model, nm Error, %

(0.014,0.082) (0.076,0.054) 0.1770 0.1769 0.11%
(0.092,0.061) (0.04,0.031) 0.0097 0.0101 3.32%
(0.005,0.036) (0.026,0.072) 0.3210 0.3212 0.07%
(0.075,0.051) (0.041,0.022) 0.1984 0.2016 1.56%
(0.013,0.067) (0.079,0.041) 0.0874 0.0927 5.76%
(0.017,0.021) (0.084,0.011) 0.0811 0.0769 5.39%
(0.012,0.026) (0.09,0.038) 0.0140 0.0146 4.11%
(0.041,0.016) (0.092,0.061) 0.0601 0.0598 0.53%
(0.028,0.021) (0.057,0.076) 0.0949 0.0951 0.23%
(0.077,0.026) (0.01,0.012) 0.1542 0.1553 0.68%

Table 9. Displacement of theoretical model and neural network model for mode (2,2).
Actuator 1, m Actuator 2, m Neural network model, nm Theoretical model, nm Error, %

(0.012,0.014) (0.01,0.031) 0.1281 0.1285 0.31%
(0.028,0.064) (0.067,0.044) 0.1291 0.1292 0.05%
(0.077,0.049) (0.008,0.006) 0.0122 0.0138 11.34%
(0.07,0.075) (0.011,0.094) 0.0859 0.0857 0.17%
(0.089,0.07) (0.052,0.02) 0.0579 0.0583 0.58%
(0.071,0.087) (0.013,0.014) 0.1531 0.1517 0.89%
(0.049,0.086) (0.079,0.038) 0.0850 0.0851 0.14%
(0.057,0.035) (0.079,0.023) 0.1558 0.1562 0.24%
(0.026,0.068) (0.07,0.049) 0.1151 0.1152 0.06%
(0.046,0.023) (0.018,0.035) 0.1167 0.1171 0.34%
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Table 10. Displacement of theoretical model and neural network model for mode (3,1).
Actuator 1, m Actuator 2, m Neural network model, nm Theoretical model, nm Error, %

(0.019,0.044) (0.081,0.019) 0.1156 0.1154 0.12%
(0.093,0.039) (0.028,0.077) 0.0683 0.0686 0.44%
(0.092,0.074) (0.079,0.033) 0.0979 0.0987 0.85%
(0.049,0.077) (0.027,0.053) 0.0076 0.0076 0.36%
(0.077,0.022) (0.089,0.02) 0.0798 0.0791 0.88%
(0.017,0.049) (0.036,0.059) 0.0581 0.0582 0.21%
(0.043,0.045) (0.022,0.028) 0.0085 0.0081 5.43%
(0.088,0.063) (0.027,0.064) 0.1018 0.1025 0.70%
(0.077,0.069) (0.061,0.067) 0.0188 0.0188 0.04%
(0.092,0.073) (0.048,0.073) 0.0186 0.0171 9.01%

Table 11. Displacement of theoretical model and neural network model for mode (1,1).
Actuator 1, m Actuator 2, m Actuator 3, m Neural network model, nm Theoretical model, nm Error, %

(0.079,0.019) (0.064,0.069) (0.044,0.03) 3.6500 3.6141 0.99%
(0.087,0.093) (0.008,0.007) (0.039,0.066) 1.8437 1.8484 0.25%
(0.016,0.092) (0.082,0.03) (0.074,0.064) 2.3207 2.3223 0.07%
(0.088,0.049) (0.089,0.009) (0.077,0.019) 1.6027 1.5972 0.35%
(0.062,0.077) (0.066,0.013) (0.022,0.015) 2.4469 2.3977 2.05%
(0.013,0.017) (0.073,0.079) (0.049,0.05) 3.1776 3.1811 0.11%
(0.03,0.043) (0.072,0.068) (0.045,0.092) 3.2284 3.2276 0.02%
(0.054,0.088) (0.04,0.033) (0.063,0.035) 3.8331 3.8324 0.08%
(0.092,0.077) (0.064,0.091) (0.069,0.058) 2.3551 2.3321 0.99%
(0.092,0.092) (0.02,0.008) (0.073,0.025) 1.3742 1.4139 2.81%

Table 12. Displacement of theoretical model and neural network model for mode (2,1).
Actuator 1, m Actuator 2, m Actuator 3, m Neural network model, nm Theoretical model, nm Error, %

(0.014,0.082) (0.076,0.054) (0.063,0.033) 0.3691 0.3691 0.00%
(0.092,0.061) (0.04,0.031) (0.039,0.089) 0.0820 0.0762 7.53%
(0.005,0.036) (0.026,0.072) (0.078,0.044) 0.0249 0.0256 3.06%
(0.075,0.051) (0.041,0.022) (0.053,0.021) 0.2424 0.2367 2.37%
(0.013,0.067) (0.079,0.041) (0.036,0.087) 0.0012 0.0010 16.76%
(0.017,0.021) (0.084,0.011) (0.09,0.094) 0.0411 0.0432 4.92%
(0.012,0.026) (0.09,0.038) (0.084,0.044) 0.2694 0.2686 0.30%
(0.041,0.016) (0.092,0.061) (0.055,0.015) 0.1036 0.1028 0.79%
(0.028,0.021) (0.057,0.076) (0.061,0.028) 0.0556 0.0553 0.43%
(0.077,0.026) (0.01,0.012) (0.058,0.042) 0.3155 0.2982 5.79%

Table 13. Displacement of theoretical model and neural network model for mode (2,2).
Actuator 1, m Actuator 2, m Actuator 3, m Neural network model, nm Theoretical model, nm Error, %

(0.012,0.014) (0.01,0.031) (0.007,0.087) 0.0944 0.0914 1.44%
(0.028,0.064) (0.067,0.044) (0.056,0.085) 0.0934 0.0935 0.31%
(0.008,0.006) (0.077,0.049) (0.85,0.079) 0.1072 0.1075 0.14%
(0.011,0.094) (0.065,0.028) (0.07,0.075) 0.0099 0.0094 6.29%
(0.089,0.07) (0.052,0.02) (0.022,0.059) 0.0048 0.0047 9.52%
(0.071,0.087) (0.013,0.014) (0.038,0.007) 0.1850 0.1866 0.19%
(0.049,0.086) (0.079,0.038) (0.046,0.043) 0.0725 0.0725 0.47%
(0.057,0.035) (0.079,0.023) (0.094,0.033) 0.1939 0.1948 0.09%
(0.019,0.019) (0.026,0.068) (0.07,0.049) 0.0118 0.0118 2.18%
(0.046,0.023) (0.018,0.035) (0.082,0.021) 0.0126 0.0122 2.81%
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By comparing the results of ANN model and theoretical calculation results, the 
accuracy of neural network can meet the requirements, and the efficiency of training 
network is also very high, which usually only takes a few minutes, can save a lot of 
computing resources and time. From the data in the table, it can be concluded that 
the neural network model can accurately predict the amplitude of the plate with the 
flexoelectric actuator. Enter as many positions on the plate as possible into the 
neural network model, the displacement of the plate induced by the actuator at 
these positions can be quickly obtained, and the optimal actuator position can be 
obtained. Change the input to the position coordinates of multiple actuators to 
establish the neural network model, which can be used to predict the vibration 
results of the multi-flexoelectric actuation and analyze the optimal actuation position 
of the multi-flexoelectric actuator.

a) X1=0.05, Y2=0.05                  b) X1=0.025, Y1=0.05 

c) X1=0.05, Y1=0.025                   d) X1=0.025, Y1=0.025  

Figure 6. Induced displacement of two actuators for mode (1,1).
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The ANN model of multi-flexoelectric actuation

An artificial neural network model was established to study the optimal actuation position 
of multi-flexoelectric actuator. The input of the model is the coordinate (X1,Y1,X2,Y2. . .Xn, 
Yn) of the multi-actuator position, and the output is the is the displacement of the 
maximum value of the mode shape function on the plate.

Prediction results of multi-flexoelectric actuation neural network
First, the accuracy of the neural network models of the two actuators is verified, and the 
results are shown in Tables 7–10. 10 groups of data were randomly selected for verifica
tion for each mode, and most of the errors were below 5%. The larger error of individual 
data was due to the fact that the output value was too small, resulting in a large relative 
error. Focus only on actuator positions that produce larger displacements, so those results 
with larger errors have no impact on the study.

Taking all the positions of the two actuators as input, and the actuators cannot 
overlap, the neural network model can quickly output the corresponding displace
ment results. Figures 6–9 show the displacement results of one actuator in some 
typical positions changing the position of another actuator for different modes. The 

a) X1=0.05, Y1=0.05                     b) X1=0.025, Y1=0.05 

c) X1=0.05, Y1=0.025                  d) X1=0.025, Y1=0.025  

Figure 7. Induced displacement of two actuators for mode (2,1).
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blank area in the figure is the position of the first actuator, the second actuator 
cannot be placed there.

The prediction results of the flexoelectric actuation neural network model of the three 
actuators are shown in Tables 11–14. Similar to the two actuators, the neural network 
model can accurately predict displacement result.

Optimal positions of multi-flexoelectric actuator
The neural network model is able to predict the result quickly and accurately, and the 
displacement result is obtained by taking the position data of as many actuators as 
possible as input. The position that can produce the maximum displacement is the best 
actuator position. Tables 15–22 lists the optimal positions for two and three actuators for 
each mode. Due to the symmetry of the structure and boundary conditions, the optimal 
position is not unique, and the 10 sets of data with the largest displacement predicted by 
the neural network model are listed.

From the analysis of the prediction results of the neural network model, the optimal 
position of the actuator is related to the mode shape. By placing the actuator at the 
maximum value of the mode shape, the actuator is able to actuate the plate with 

a) X1=0.05, Y1=0.05                     b) X1=0.025, Y1=0.05 

c) X1=0.05, Y1=0.025                  d) X1=0.025, Y1=0.025  

Figure 8. induced displacement of two actuators for mode (2,2).
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maximum amplitudes. Increasing the amplitude of the multi-flexoelectric actuation can 
achieve better vibration control, reducing the applied voltage, and the multi-actuator 
strategy can also reduce stress concentration.

a) X1=0.05, Y1=0.05                     b) X1=0.025, Y1=0.05 

c) X1=0.05, Y1=0.025                  d) X1=0.025, Y1=0.025  

Figure 9. Induced displacement of two actuators for mode (3,1).

Table 14. Displacement of theoretical model and neural network model for mode (3,1).
Actuator 1, m Actuator 2, m Actuator 3, m Neural network model, nm Theoretical model, nm Error, %

(0.019,0.044) (0.081,0.019) (0.044,0.076) 0.0710 0.0712 0.16%
(0.093,0.039) (0.028,0.077) (0.087,0.06) 0.1394 0.1371 1.69%
(0.092,0.074) (0.079,0.033) (0.021,0.026) 0.1424 0.1500 5.01%
(0.049,0.077) (0.027,0.053) (0.029,0.041) 0.0214 0.0216 1.23%
(0.077,0.022) (0.089,0.02) (0.018,0.013) 0.1107 0.1093 1.26%
(0.017,0.049) (0.036,0.059) (0.017,0.017) 0.1006 0.0972 3.52%
(0.043,0.045) (0.022,0.028) (0.084,0.09) 0.0167 0.0156 7.56%
(0.088,0.063) (0.027,0.064) (0.057,0.092) 0.0892 0.0875 1.94%
(0.077,0.069) (0.061,0.067) (0.055,0.057) 0.0490 0.0478 2.54%
(0.092,0.073) (0.048,0.073) (0.018,0.01) 0.0112 0.0064 76.01%
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Table 15. Optimal actuator placement positions for mode (1,1).
Actuator 1, m Actuator 2, m Displacement, nm

(0.045,0.05) (0.055,0.05) 3.8423
(0.05,0.045) (0.05,0.055) 3.8422
(0.05,0.045) (0.055,0.055) 3.8228
(0.045,0.05) (0.055,0.055) 3.8224
(0.045,0.045) (0.055,0.05) 3.8223
(0.045,0.055) (0.05,0.045) 3.8221
(0.045,0.055) (0.055,0.05) 3.8220
(0.045,0.05) (0.055,0.045) 3.8219
(0.05,0.055) (0.055,0.045) 3.8218
(0.045,0.045) (0.05,0.055) 3.8218

Table 16. Optimal actuator placement positions for mode (2,1).
Actuator 1, m Actuator 2, m Displacement, nm

(0.025,0.045) (0.025,0.055) 0.6014
(0.025,0.05) (0.025,0.06) 0.5952
(0.025,0.04) (0.025,0.05) 0.5932
(0.025,0.045) (0.025,0.06) 0.5906
(0.025,0.055) (0.03,0.045) 0.5902
(0.025,0.04) (0.025,0.055) 0.5895
(0.025,0.045) (0.03,0.055) 0.5874
(0.02,0.055) (0.025,0.045) 0.5867
(0.02,0.045) (0.025,0.055) 0.5853
(0.025,0.05) (0.03,0.04) 0.5833

Table 17. Optimal actuator placement positions for mode (2,2).
Actuator 1, m Actuator 2, m Displacement, nm

(0.025,0.025) (0.075,0.075) 0.2387
(0.025,0.025) (0.07,0.075) 0.2332
(0.025,0.025) (0.075,0.07) 0.2332
(0.025,0.02) (0.075,0.075) 0.2330
(0.03,0.025) (0.075,0.075) 0.2330
(0.02,0.025) (0.075,0.075) 0.2327
(0.025,0.03) (0.075,0.075) 0.2326
(0.025,0.025) (0.075,0.08) 0.2325
(0.025,0.025) (0.08,0.075) 0.2325
(0.025,0.02) (0.025,0.03) 0.2280

Table 18. Optimal actuator placement positions for mode (3,1).
Actuator 1, m Actuator 2, m Displacement, nm

(0.015,0.05) (0.085,0.05) 0.1511
(0.015,0.05) (0.085,0.055) 0.1503
(0.015,0.045) (0.085,0.05) 0.1502
(0.015,0.055) (0.085,0.05) 0.1502
(0.015,0.05) (0.085,0.045) 0.1501
(0.085,0.045) (0.085,0.055) 0.1495
(0.015,0.045) (0.085,0.055) 0.1494
(0.015,0.055) (0.085,0.055) 0.1493
(0.015,0.045) (0.085,0.045) 0.1492
(0.015,0.055) (0.085,0.045) 0.1491
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Table 19. Optimal actuator placement positions for mode (1,1).
Actuator 1, m Actuator 2, m Actuator 3, m Displacement, nm

(0.045,0.045) (0.05,0.055) (0.055,0.045) 5.6258
(0.045,0.055) (0.05,0.045) (0.055,0.055) 5.6256
(0.045,0.05) (0.055,0.045) (0.055,0.055) 5.6254
(0.045,0.045) (0.045,0.055) (0.055,0.05) 5.6251
(0.04,0.05) (0.05,0.045) (0.05,0.055) 5.6027
(0.045,0.055) (0.055,0.045) (0.055,0.055) 5.6025
(0.045,0.045) (0.055,0.045) (0.055,0.055) 5.6024
(0.045,0.045) (0.045,0.055) (0.055,0.045) 5.6023
(0.05,0.045) (0.05,0.055) (0.06,0.05) 5.6022
(0.045,0.045) (0.045,0.055) (0.055,0.055) 5.6020

Table 20. Optimal actuator placement positions for mode (2,1).
Actuator 1, m Actuator 2, m Actuator 3, m Displacement, nm

(0.02,0.04) (0.02,0.05) (0.02,0.06) 0.8910
(0.02,0.04) (0.02,0.06) (0.025,0.05) 0.8879
(0.02,0.04) (0.02,0.05) (0.025,0.06) 0.8878
(0.02,0.05) (0.02,0.06) (0.025,0.04) 0.8873
(0.02,0.04) (0.025,0.05) (0.025,0.06) 0.8850
(0.02,0.05) (0.025,0.04) (0.025,0.06) 0.8847
(0.02,0.06) (0.025,0.04) (0.025,0.05) 0.8843
(0.02,0.045) (0.02,0.055) (0.02,0.065) 0.8824
(0.02,0.035) (0.02,0.045) (0.02,0.055) 0.8821
(0.015,0.045) (0.02,0.055) (0.025,0.045) 0.8819

Table 21. Optimal actuator placement positions for mode (2,2).
Actuator 1, m Actuator 2, m Actuator 3, m Displacement, nm

(0.025,0.02) (0.025,0.03) (0.075,0.075) 0.3464
(0.025,0.025) (0.07,0.075) (0.08,0.075) 0.3463
(0.02,0.025) (0.03,0.025) (0.075,0.075) 0.3462
(0.025,0.025) (0.075,0.07) (0.075,0.08) 0.3461
(0.025,0.025) (0.075,0.08) (0.08,0.07) 0.3414
(0.025,0.025) (0.07,0.075) (0.08,0.07) 0.3412
(0.025,0.025) (0.07,0.07) (0.08,0.075) 0.3409
(0.02,0.03) (0.025,0.02) (0.075,0.075) 0.3408
(0.025,0.02) (0.03,0.03) (0.075,0.075) 0.3408
(0.025,0.025) (0.07,0.08) (0.075,0.07) 0.3408

Table 22. Optimal actuator placement positions for mode (3,1).
Actuator 1, m Actuator 2, m Actuator 3, m Displacement, nm

(0.015,0.05) (0.085,0.045) (0.085,0.055) 0.2235
(0.015,0.045) (0.015,0.055) (0.085,0.05) 0.2231
(0.015,0.045) (0.085,0.045) (0.085,0.055) 0.2227
(0.015,0.055) (0.085,0.045) (0.085,0.055) 0.2224
(0.015,0.045) (0.015,0.055) (0.085,0.045) 0.2223
(0.015,0.045) (0.015,0.055) (0.085,0.055) 0.2221
(0.015,0.05) (0.085,0.04) (0.085,0.05) 0.2217
(0.02,0.05) (0.085,0.045) (0.085,0.055) 0.2217
(0.015,0.05) (0.085,0.05) (0.085,0.06) 0.2216
(0.015,0.04) (0.015,0.05) (0.085,0.05) 0.2214
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Conclusions

In this paper, the actuation effect of the converse flexoelectric effect was studied for 
a rectangular plate model with multiple flexoelectric actuators. The electric field gradient 
was generated in the flexoelectric material by the AFM probe, which generates stress and 
bending moment inside the actuator. It was verified that the size and shape of the flexo
electric patch have limited effect on the converse flexoelectric actuation. The influence of 
the actuator position on the rectangular plate on the flexoelectric actuation was studied, 
and it was found that the influence of the actuator in different positions on the actuation 
effect is obvious, and the influence of the position on the actuation in different modes was 
also different. Therefore, a multi-flexoelectric actuation neural network model is established. 
It has been verified that the relative error of the predicted data is within 5%, and the data 
with excessive error has no influence on the research results. The neural network was used 
to predict the actuation effect of actuators in different positions, and the optimal actuator 
position can be obtained from the prediction results. By selecting the deformation data of 
different structures as training data, the flexoelectric actuation neural network models of 
different structures can be established. The results of the case study show that the neural 
network can be used to study the multi-actuators actuation problems, can quickly and 
accurately determine the optimal position of multi-actuators, improve the control effect of 
the actuators, and can be applied to the study of active vibration control.
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