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Dielectric elastomer (DE) is an electroactive polymer with the characteristics of high energy output, great flexibility, light-
weight, mechanical compliance, and low cost, which are particularly suitable for DE energy generators. Energy harvesting
efficiency is a key index to evaluate the performance of the energy generator, which depends on the structural configuration
and the mechanical and dielectric properties of the DE material. This paper proposes a fractional viscoelastic polarization
(FVP) model by combining the fractional viscoelasticity model and the polarization-based lumped parameter model. A
dynamical model of a cone dielectric energy generator (CDEG) considering stretch-dependent electrostriction and nonlinear
viscoelasticity is established. Additionally, a deep neural network (DNN) model is developed to explore the relationships
between various parameters and the output energy of CDEGs to efficiently and accurately predict the energy output of CDEGs.
Based on the DNN model, optimal parameter designs for CDEGs are obtained by using non-dominated sorting genetic
algorithm IT (NSGA-II). The experiments verified that the FVP model predicts accurately the output energy of CDEG and the
established optimal design framework can accurately provide the optimal design parameters of CDEG, which offers deep
insights for the design and fabrication of a high-efficiency dielectric energy generator.
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1. Introduction

With the development of society, the demand for energy has
surged. It is imperative to explore efficient methods for har-
nessing ambient energy. Generally, the available energy
sources in the environment encompass mechanical, solar,
thermal, electromagnetic, and chemical energies [1]. Among
these, mechanical energy garners particular attention due to its
wide distribution. As vibration is a significant form of me-
chanical energy, vibration energy generator possesses a mul-
titude of potential application areas, including wave energy
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harvesting [2,3], energy collection from human motion [4,5],
energy capture from vehicle and road vibrations [6-8], as well
as harvesting energy from structural vibrations [9], and so on.
The development of highly efficient devices to harvest en-
vironmental vibration energy is of paramount importance for
modern energy advancement. In recent decades, numerous
novel energy harvesting methods have been developed, in-
cluding dielectric elastomer generators (DEGs) [10,11], tri-
boelectric nanogenerators [12], and piezoelectric generators
[13]. Among these, DEGs have gained significant attention
due to their advantages, including low cost, lightweight, ease
of manufacturing, and high energy density [14-17], thereby
attracting substantial research efforts aimed at developing
high-performance energy harvesting devices.
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The conversion of mechanical energy into electrical en-
ergy of DEGs is achieved through the capacitive changes
that occur during the deformation process of the dielectric
elastomer (DE). DEs have a high energy density, reaching
up to 400 mJ/g under ideal conditions. This indicates that
each gram of DE material is capable of delivering 400 mJ of
electrical energy per cycle [18]. Therefore, a significant
number of dielectric energy generators have already been
developed for various fields. For instance, Du et al. [3,11]
proposed a series of DEG for a wave energy generator with
output of 60 mW and 1.75 W. In the field of wind energy
harvesting, a set of DE vibrational wind energy generators
are studied by Lai et al. [19], achieving an output ranging
from 0.16 and 0.7125 mW [20]. Ichikawa and Hijikata [5]
developed a thin sheet DEG of bite force energy, producing
an output of 2.5 uW under bite loads. Xie et al. [21] pro-
posed an alternative current DEG for harvesting energy
from the joint movements of human beings.

Although DEGs have been fully developed in various
application scenarios, the constitutive modeling of DE is a
core challenge due to the finite deformation of the soft DE
materials. The majority of studies still primarily consider the
assumptions of hyperelasticity constitutive modeling and
standard Maxwell stress in DE [11,22,23]. However, many
studies indicate that DE exhibits complex material char-
acteristics, such as nonlinear viscoelasticity [24], visco-
plasticity [25,26], and electrostriction [27,28]. For con-
sidering the viscoelasticity of DEs, integer-order viscoelas-
ticity models are commonly employed, typically
incorporating internal variables to describe energy dissipa-
tion during the deformation process, which often introduce
multiple control parameters [29-31]. Fortunately, fractional
viscoelasticity models have recently been developed for DE
materials, which need much fewer internal variables and
governing equations than integer-order viscoelasticity
models, and hence attract the interest of researchers [32,33].
Moreover, DE materials exhibit intricate electromechanical
coupling phenomena. Experimental evidence indicates that
the influence of deformation state on the dielectric constant
of DEs, i.e., stretch-dependent electrostriction, is substantial
and cannot be disregarded [34,35]. Until now, several
models have been developed to characterize the stretch-de-
pendent electrostriction [27,35-37]. Kumar and Patra [38]
evaluated five types of stretch-dependent electrostriction
models and concluded that the polarization-based lumped
parameter model exhibited the best fit [37]. The highly
nonlinear material properties of DEs can significantly affect
the performance of DE devices [39], so further consideration
of these properties is required in the research of DEGs.

In addition to the material properties of DE, various other
factors also affect the energy harvesting efficiency of DEG
systems, including geometric dimensions, characteristics of
external voltage input, and so on. Analyzing the synergistic
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influence of multiple parameters and finding optimal design
parameters are significant challenges in DEG design and opti-
mization. Most of the in-depth investigations of these problems
were conducted using “one-factor-at-a-time” technique, which
only investigates the effects of a design variable on responses of
the design goal, and applying optimal method on complex
theory and numeral model, rather than evaluating the inter-
active effects of all relevant variables on the overall perfor-
mance to identify optimal design in whole design domain. For
example, Haroun and Lee [40] employed several simulations of
different DEG’s parameters to analysis on the charging per-
formance of the DE-triboelectric generator and optimize their
performance. Jiang et al. [41] developed a pre-stretch control
method and optimized the design dimensions and operational
distance of conical DEGs through experimental studies and
then achieved an energy output density of 130 mJ/g and a
conversion efficiency of up to 40%. However, considering the
nonlinear viscoelasticity and electrostriction of DE, along with
the complex characteristics introduced by structural design, the
interactions among various parameters of DEG are complex
and unstable. Conventional methods have difficulties in im-
plementation, and more effective research methods are needed.
These works mentioned above contribute significantly to
the development of DEGs. Recent research has begun to
employ machine learning to study DE devices [42]. Wang et
al. [43] employed a topology optimization method based on
genetic algorithms to design the optimal electrode config-
uration for dielectric elastomer actuators (DEAs). Ma et al.
[44] combined finite element methods, deep neural networks
(DNNs), and particle swarm optimization to accurately
predict the deformation of DE beams. Li et al. [45] proposed
a data-driven framework for long-term energy consumption
prediction of DEAs. These studies demonstrate that machine
learning method can handle more complex problems com-
pared to traditional optimization design methods.
Enhancing the accuracy of performance prediction for DEG
can be significantly achieved by considering the nonlinear
viscoelasticity and electrostriction. However, the design and
analysis of DEG are challenged by the highly complex effects
of both the nonlinear material properties of DE and the in-
tricate structural parameters of DEG. Nevertheless, the ma-
chine learning method is adept at efficiently capturing these
multi-parameter complex relationships to facilitate rapid and
precise prediction and analysis of DEG. The combination of
the DEG model with nonlinear viscoelasticity, stretch-de-
pendent electrostriction, and machine learning methods can
achieve fast and accurate design and optimization of DEG.
In this study, a fractional viscoelastic polarization (FVP)
model is proposed to establish the dynamic model, and the
energy harvesting theory of the cone dielectric energy
generator (CDEQG) is presented in Sect. 2. The dynamic
model and energy harvest theory are verified in Sect. 3. In
Sect. 4, through DNNSs, the relationship between design
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parameters and the output energy of CDEG is established.
Additionally, the non-dominated sorting genetic algorithm I1
(NSGA-IT) method is employed to investigate the optimal
energy output design of the CDEG in a low-frequency
working environment, and experimental validation is con-
ducted for the optimized results in Sect. 5. Finally, Sect. 6
concludes this work.

2. Theoretical model

In this section, the CDEG is introduced, followed by a
comprehensive explanation of its operational mechanism.
The polarization-based lumped parameter model and the
fractional viscoelasticity model are integrated to character-
ize the electrostriction and viscoelasticity of CDEGs. Sub-
sequently, the dynamic equation of the CDEG is established
using the generalized Hamiltonian principle. Finally, the
energy harvesting theory is presented.

2.1 Physical model

In this paper, the schematic of CDEG is illustrated in Fig. 1.
The conical structure comprises a pre-stretched DE circular
film and two sets of rigid frames. An annular rigid structure
with an inner radius 7, supports the DE film, which has
undergone biaxial pre-stretching, characterized by a pre-
stretch ratio 4,. Additionally, two rigid blocks, with a radius
7., are affixed at the center of the circular film. The DE film
forms a circular truncated cone structure, supported by a
linear spring with a stiffness k;. Flexible electrodes are
pasted on both sides of the DE film. By intermittently ap-
plying voltage and suitable external forces, the CDEG can
achieve efficient energy harvesting.

In reality, the generatrix of the cone structure is curved,
but without sacrificing accuracy, we consider it as a straight
line. We assume the film remains homogeneous during de-
formation, with only the film on the sides of the cone in-
volved in the deformation. Additionally, the spring is
regarded as an ideal linear spring. The entire system is
treated as a single degree of freedom dynamic system. The
global coordinate system x-O-y is illustrated in Fig. 1, where
the original length of the spring is denoted by /%, and the

Rigid T
block d
r, Flexible
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Figure 1 Structural schematic of CDEG.
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position of the rigid block from the origin is defined as x.
External excitation is applied on the top of the rigid block,
causing it to move in the direction of the x-axis, thus driving
the film to elongate or contract.

2.2 FVP model

The FVP model is presented by integrating the fractional
viscoelasticity model with a polarization-based lumped
parameter model. The standard viscoelasticity model is de-
picted in Fig. 2(a). Then, the series connection of spring and
dashpot is replaced by a fractional spring-pot element, and
the parallel spring is substituted by another spring element
with a lumped parameter model based on polarization. Thus,
the FVP model is obtained as illustrated in Fig. 2(b). Here,
E, and E, represent the elastic moduli, C; denotes the purely
elastic parameters, ¢; represents the pure electrical para-
meters and the electromechanical coupling parameters, 7 is
the viscosity coefficient of the fractional viscoelasticity
model, and « indicates the order of the fractional derivative.
The polarization-based lumped parameter model is based
upon the stretch dependence of polarization within dielectric
materials, which is similar to the constitutive expression of
fiber-reinforced material [37,46]. Therefore, the free energy
function of DE with a function of six invariants can be
written as
w=w(ly, b, I, I, Is, 1), (1

where individual invariants are shown as follows [46]:

1
I =1(0), L= 5[r’(C) — (C?],
I; = det(C), I,=E-E, )
I;=E-C'-E, I,=E-C?.E,

where C is the right Cauchy-Green tensor, denoted by C =
F'F, F is the deformation gradient tensor, the reference
electric field E and the spatial electric field E are linked via
E = F'E; the invariants /,, L,, and I; are only related to
mechanical deformation; /, characterizes the contribution of
pure electricity; /s and /¢ contain mechanical and electrical
parameters that characterize the contribution of electro-
mechanical coupling. The free energy function w can be
divided into wy, and w,, which are induced by pure de-
(a) (b)
Ci,c

i

—AWWW—

E
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Figure 2 Viscoelasticity models for DE: (a) standard viscoelasticity solid
model; (b) FVP model.
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formation and electric field, respectively. To further simplify
the model, the components of the free energy function w, are
assumed to be a linear function of electric invariants. And
we select the Yeoh model to represent wy, as it exhibits
outstanding predictive accuracy for the electromechanical
behavior of VHB4910, the material utilized in this research
[47]. The free energy expression w and its components wy,
and w, are written as

w= Wh(11,12,[3)+We(14s]5,16)s (3)
wy, = Cy(1;=3) + Cy(1;=3)*+ C5(, = 3y —p(J - 1), (4)
We = 0114 + 02[5 + c3I6, ®)]

where Cj, C,, and C; are material parameters of the Yeoh
model, p is the hydrostatic pressure, J is the determinant of
F, and ¢, ¢,, and ¢; are material parameters of the electric
part. The parameters C; and ¢; (i = 1, 2, 3) all need to be
determined by experiment.

Characterizing the viscoelasticity and electrostriction of
DE material, the FVP model is adopted as shown in Fig.
2(b). For this model, the total Cauchy stress can be simply
obtained by summing the stress of a hyperelastic spring and
a fractional spring-pot. We employ a polarization-based
lumped parameter model as the hyperelastic component of
the FVP model. The total Cauchy stress can be written as

G otal ~ O + G- (6)

The stress 6, is hyperelastic stress obtained from the po-
larization-based lumped parameter model [37] as follows:
0, = 6@“]};}1 FT + F%MF},C
where oy, represents the hyperelastic stress induced by pure
mechanical deformation, and o. denotes the hyperelastic
stress generated by the applied electric field and the elec-
tromechanical coupling.

The viscosity stress of the spring-pot is given by [48]

6, =2D'", (8)

where D'* is the fractional derivative of the rate of de-

F' = o,to, (7

formation tensor and D = %[FFf1 +F TR, Then, D' can

be expressed in detail as
Dl = F—(llf m [e=0F @) F) i)

F(t) - F (7)dr, 9)
where I(*) is the Euler-gamma function, whose definition is
() = jowt’”exp(ff)dz.

Substituting Egs. (7) and (8) into Eq. (6), a FVP model of

DE is derived. The expression of the total Cauchy stress is
given by
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F'+25D'". (10)

O otal — Fagv—FhFT + Faav;'e

The parameters (C;, ¢;, a, n, i = 1, 2, 3) of the FVP model
are identified by experiments, as detailed in Appendix A.

2.3 Dynamic governing equation

The generalized Hamilton principle is used to establish the
dynamic equation of CDEG by analyzing the kinetic energy,
potential energy, viscous dissipative work, and external
work of the system. The expression is as follows:

j;‘(aT— SV+SW)dt = 0, (11)
0

where 7 is the kinetic energy variation, 6V is the potential
energy variation, o/ is the virtual work of the external and
dissipative forces, and [f,, ¢;] represent any fixed time interval.

The kinetic energy of the system is composed of the ki-
netic energy of the rigid blocks, spring, and flexible film. By
integrating the solid domain, the total kinetic energy can be
written as follows:

T=%m0)62+fﬂ. %povde, (12)
Q

where m is the equivalent mass of components except the
film, including the mass of rigid blocks and the equivalent
mass of springs. p, is the DE film density, Q is the current
spatial area occupied by DE film, and v is the velocity of a
mass point at any position on the film in the current co-
ordinate system. Due to the assumption of uniform de-
formation, each mass point velocity of the membrane is
denoted by
v= —(rrs’frya)x. (13)
The velocity direction is forward along the x-axis. Sub-
stituting Eq. (13) into Eq. (12), the kinetic energy expression
can be written as

1. 2.
T= jmoxz-i-npod(ylpzxz

2(42__ 2 3_ .3
. ’”zb((:bb_ r’; ;2) -2, E::_ ::)2 +x(r2+r2), (14)

where d, is the initial thickness of the DE membrane. Let
r =r,—r,, the variation of Eq. (14) be rewritten as

0T = mgiox + Vi,

_ 2 2

g 2 (rard) | a(ratrd)
2
b

=%~ %h +
2r2 3 brz(rg—raz) 4 (r —raz)
where V; denotes the volume of the DE membrane. By using

integration by parts, the integral form of Eq. (11) can be
rewritten as

Ox, (15)
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tléTdt=J.t1 —mgkox —Vyp i——r
to o 0Pol 2 b

N 3

(r5=rs) +1( T )]xéx dt. (16)

. rz(rbz—re%) 4 (rg—ra)

The potential energy V contains elastomer strain energy,
electric potential energy, and linear spring potential energy,
which can be expressed as

V= [[] wae+ Tk w2, (17)
Q

where w is the free energy density of the DE film, denoted
by Eq. (3), and £; is the stiffness of the linear spring.
Since the reference electric field E is along the thickness
direction of the DE film, we assume E = [0, 0, eg].
Substitute Egs. (3)-(5) into Eq. (17), and the existing
Aphy =2y "y
L= 02400 =22+ v, h T = T = 1,

— 2,2 _ g 42
=1 "¢y, and I, =75 ¢;.

relation is given by 4, =4, X +r? Ir gy =

I,=eg, I Here, 4,-4; are the
stretch ratios along the generatrix, circumferential, and
thickness directions of the conical film, respectively. Then,

the detailed expression of potential energy is obtained as

_1 2 2x24r2 o, 4 ¥
V= Sk b+ Ty O AR a2
2
x2+r2 4 r?

SO S a2 s
2222 +r +ag 40, r2 —33+ 2 a2
P2 P 24,2 @€g T Aoty

2
x2+r2 5 42+
A e e (18)

The electric intensity e, can be calculated using input
voltage U;, and initial DE film thickness d,, ey = U;,/dy. The
variational form of potential energy with respect to the
generalized coordinate x can be expressed by

2r2xox

SV = k(x — hydx + V] ¢ 3 2208 _

Pt ey
2
+2C2(Il_3)/1])22x;5x 2r2xox .
r Ag(x2+r?)
2
3041, 3) i})ﬂxix 2r2x0x .
r Ap(x%+7?)
22x0x (U, V| 4 gx(x®+rd)ox (U, )
—p 7 Xin
ta,———— R2 [do) +a, R [do] . (19)

The total external virtual work 8/ includes external force
virtual work 8¢ and viscous dissipative virtual work dW,.
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OW can be written as

oW = oW+ oW, = Fox—cxox+ [[[ s, : 6FdQ,, (20)
QO

where ¢ represents the structural damping of the structure

without DE film, F’ denotes the external force, and s, is the

viscosity nominal stress tensor. The viscosity stress o, is

provided by Egs. (8) and (9), and further, it can be written as

s,=F o, =2yF 'D*
(04 (@)

Ji(D)e;®e0e, R e, 1)
0 WA (@) @ esfdr,

where e, represents the unit base vector in the direction of the
cone’s generatrix, e, is the circumferential unit base vector, and
e; is the unit base vector in the direction of the film’s thickness.

Substituting Eq. (21) into Eq. (20), the external virtual
work can be rewritten as

oW =—cxox+F(t)ox+V,

2 ! _
:TZ@J‘OU*T)

922X {a} , 2
z r_le +77Ap

r2x

—=_p,
272
(x*+r?)

ox, (22)

where the fractional operators are expressed as
D, = i a)j (t—7) A, 3(e)iy(0)dr, o
Dy - mfo (1= 1) (DA (D)dr.

Substituting Eqgs. (16), (19), and (22) into Eq. (11), ac-
cording to the variational principle, the dynamic equation of
the proposed model is derived as

mxX+f . X+k(x—h)+tcx+f, =F@)+f,(x1), (24)
where
2 rg’*r;) 1 (r§+r§)
+
m. mg VOPO 2 2 3 brz(rgira?) 4(”]37}/3)7
roey re 2 rlg’*r,f) 1 (rngrf)
= =7 5
m 0£0/2,273 brz(rbzfrf) 4(7’%*7’3)
. 2x 2R%x 2x
fo = VoGl ez~ +20,(1,-3)2,
AJ(x2+r?)
2 2
-_rx 5[F3C5U— 2/11322_);_ - ar 2
A (x2+7r?) A2 +r?)

2. 3x U_ N 4] fx(x2+r?)
R dy) T g

%2
dy ) [
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rx
2
(2+r?)
Due to the highly nonlinearity of the dynamic equations
incorporating fractional-order components, the modified

fourth-order Runge-Kutta method is adopted to numerically
solve the equations referenced to Ref. [48].

X o -
fo = Vgnig 5D\ =i ?

{o}
p p D2 ’

2.4 Energy harvest theory

The energy harvesting theory of CDEG is described in detail
in this sub-section. The entire process of energy harvesting
comprises three states. As shown in Fig. 3, in State I, me-
chanical force stretches the DE film to increase its surface
area, decrease its thickness, and increase its capacitance.
The capacitance of CDEG can be calculated by C = g¢,5/d,
where S is the area of CDEG covering the electrode, and d is
the film thickness. The external power supply provides a
charge to maintain a stable voltage. Then the charges on
both sides of the DE film are increasing greatly. Subse-
quently, in State II, the DE membrane shrinks due to the
combined effects of its own restoring force and external load
when the power supply is disconnected. As a result, the DE
film’s thickness increases, surface area lessens, and capa-
citance decreases, indicating State II. The charge Q remains
constant during this process, and the voltage on both sides of
CDEG will increase, denoted as U = Q/C. Finally, in State

b State 11T

State II

Voltage (V)
o =
2
%N\
(]
2
O‘?%
SULIDA00Y
—
[/ S
{

Charge to DE
A — B

b State I T&T
N 2 -

Charge, O (C)

Figure 3 Voltage-charge plot of electric cycle.
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II1, the increased electric energy is transferred to an energy
storage device or the electrical appliance, and the electrode
voltage eventually returns to the initial state. It is worth
noting that throughout the entire process, the power supply
only provides a certain initial energy to maintain the po-
tential difference across the DE film. If energy losses are not
considered, the total energy released ultimately includes
both the electrical energy provided by the power supply and
the electrical energy converted by the DEG. Based on the
working process cycle, mechanical energy can be con-
tinuously converted into electrical energy to achieve the
purpose of efficient energy harvesting.

Due to the capability of DE materials to generate charge
independently and the inevitable charge loss in the circuit,
an external power source is required to maintain the charge.
To realize the operational principle, a circuit design that can
stably guarantee the charge supply is needed. Moreover, an
energy harvest loop is used to verify the generation of
electric energy, as shown in Fig. 4(a). Part I represents the
power supply circuit, which provides the power supply to
furnish charge to supplement the charge loss in the right
loop, and the diode prevents the charge from flowing back to
the power supply when the voltage of the CDEG increases.
Part II indicates the energy generation circuit. When the DE
membrane shrinks, the capacitance of CDEG decreases, and
the voltage rises. The voltage of CDEG exceeds the
breakdown voltage of the diode, the diode turns on and
supplies power to the load until the voltage drops, causing
the diode to reactivate. Part III is the monitoring circuit. R1
is a high resistance resistor with a resistance value of 10°-
10'°Q, R2 represents the equivalent resistance of the os-
cilloscope internal resistance and external resistance in
parallel, and its resistance value is between 10°-10” Q. The
oscilloscope monitors the voltage at both ends of the DEs in
real time. Here, the high-resistance resistor R1 is used to
reduce the energy loss of the monitoring loop, and the re-
sistance voltage divider is used to protect the oscilloscope.

In order to verify the peak output voltage of CDEG, the
diode and load in Part II are removed, and the voltage
change of the DE film is measured, as illustrated in Fig.
4(b). Due to the unidirectional conduction of the diode, the

(a) (b)
& o)
N N
Diode re—AG RI Diode RI
P e . .
:( F!' :| Diode : Oscilloscope T = Oscilloscope
Opc 1 _7__‘_|: Y (@)e 7 |
Lond] | 115y \CDEG| _ | gy
Part | Part [l Part [11 o
Charge Power generation Monitor Measuring circuit

circuit

Figure 4 Circuit of energy harvesting: (a) energy harvesting circuit; (b) voltage monitoring circuit.
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charge cannot flow back to the power supply during the
cycle. The large resistance monitoring circuit reduces the
charge loss to an acceptable range, and the minuscule
amount of charge lost is compensated by the power supply.
In this way, the power generation circuit can assume that the
total amount of charge in the process is unchanged, and the
maximum and minimum capacitance in the process of DE
film deformation are defined as C,,,, and C,,;,, and the total
constant electric charge can be expressed as O = CpaxUin,
where Uj, is the input voltage. The voltage output value can
be predicted by the change of the DE capacitor as follows:
Uout = g’?}:
Based on the obtained peak of output voltage, the energy
harvesting efficiency of the device can be predicted. The
input energy is equal to the energy stored in the DE capa-
citor (capacitor is Cy,,, and voltage is U;,) when the CDEG
is stretched at its maximum, and the output energy is the
energy stored by Cp,;, at the measured output voltage Uy
after DE releases. Thus, the generated energy per circle AE,
and the theoretical output power P, can be written as

(25)

AE = c U2~ c U2, (26)

out max

P,

out

=AE-f. 7)

3. Experimental validation of the theoretical
model

In this section, we implement two experiments. Firstly, the
correctness and effectiveness of the theoretical model de-
rived in Sect. 2 are validated by testing the dynamic re-
sponse. Secondly, the output voltage and the electrical
energy increase per cycle of the CDEG under different ex-
citation frequencies are tested.

3.1 Setup of experiment

Prior to the dynamic test, the manufacturing process of
CDEG involved in the experiment is demonstrated, as
shown in Fig. 5. Initially, a circular DE film with an initial
radius Ry, is subjected to biaxial loading until the desired pre-
stretch ratio 4, is achieved. Consequently, the radius of the
circular region transforms to 7,. Two circular rigid frames
with radii », and r, are employed to secure the boundary,
thereby maintaining the pre-stretch ratio. Chemical 846
carbon conducting grease is adopted as the experimental
flexible electrode, which is subsequently pasted to the sur-
face of the dielectric film, and copper electrodes are con-
nected to the flexible electrode. Then, a linear spring is used
to further support the DE film to realize the out of plane
stretching. Ultimately, the device is fixed to obtain an en-
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ergy generator with a conical geometry.

The physical photograph of the test device is shown in
Fig. 6. The apparatus is mounted in an inverted position on a
rigid support structure. A high-voltage DC power supply
and monitoring circuitry are connected to the apparatus,
with an oscilloscope used to observe voltage fluctuations in
the circuit during dynamic processes. An exciter with a di-
gital signal generator and a digital signal amplifier to pro-
duce the required excitation signal is positioned beneath the
apparatus. A force sensor is fixed to the impact head of the
exciter to record the excited forces. Additionally, a laser
displacement sensor is employed to monitor displacement
changes resulting from deformation of the device.

Subsequently, we validate the dynamic phenomena and
energy harvesting performance of the CDEG. In order to
obtain accurate experimental parameters, we measure film
thickness, geometric size of component, spring stiffness,
original length of spring, component mass, and structural
equivalent damping. Finally, the parameters used in ex-
periments and numerical simulations are given in Table 1.

3.2 Validation of dynamical phenomena

Aimed at validating the dynamic equation Eq. (24), we carry
out a vibration experiment as illustrated in Fig. 6 and
compare the experiment results with the simulation results
obtained by solving Eq. (24). CDEG with different pre-
stretch ratios (4, = 2, 3) are fabricated. A high-voltage DC
power supply maintains a constant voltage output of 1000 V,
while other structural parameters are listed in Table 1.
During our tests, the exciter applies sinusoidal excitation
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Table 1 Values of the parameters used in experiments and simulations
Structural parameters Constitutive parameters
Type of parameter Parameter Value Type of parameter Parameter Value
Initial DE film thickness (m) dy 0.001 C, 14300
Base radius of the cone (m) I 0.06 Yeoh coefficients (Pa) C, =520
Top radius of the cone (m) Ta 0.0200 Cs 16
Original length of the spring (m) h 0.1050 ¢ ~1.3255%107"
Density of DE (kg/m®) Po 960 Lumped parameter model (F/m) ¢ —1.3884x107"
Structural damping (N-s/m) c 2.0 c 6.1979x107"°
Equivalent mass (kg) m, 0.0497 Fractional v1scz)]§ellz;stlc coefficient " 50000
Vacuum permittivity (F/m) £ 8.8542x107"2 Fractional derivative order o 0.37
Spring stiffness (N/m) ks 600 — - -

forces with peak magnitudes of 1 N, and the frequencies are
set as 1, 5, 10, 15, 20, 23, 25, 27, 30, 33, 35, 40, 45, and
50 Hz. The actual dynamic response of the CDEG is mea-
sured using laser displacement sensors. The amplitude-fre-
quency response graphs of the simulation and experimental
results are shown in Fig. 7. It is evident that both experi-
mental and simulation results exhibit closely matching re-
sonance peaks. Furthermore, time-domain comparisons of
experimental and simulated data at several excited fre-
quencies, as shown in Fig. 8, reveal that the proposed CDEG
dynamical model effectively predicts the dynamic behavior.

3.3 Validation of harvesting performance

In order to evaluate the efficiency of the proposed FVP
model for predicting the energy harvesting performance of

CDEG. We carry out experiments to measure the capaci-
tance, output voltage, and harvesting of electric energy per
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Figure 7 Comparison of frequency spectra between experimental and
simulated data.
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cycle. We compare the test results with numerical results
based upon the FVP model, considering stretch-dependent
electrostriction and the general model (GM) with consider-
ing stretch-independent electrostriction. The GM model’s
parameters ¢; and ¢; in Eq. (5) related to the stretch ratio A
can be set to zeros, and the term ¢, can be set to
1.49x107"" F/m.

Firstly, capacitance tests are conducted using CDEG with
pre-stretch ratios of 1, 2, and 3, while keeping other para-
meters consistent with those listed in Table 1. The CDEG is
compressed to change their cone height, and capacitance
values are measured using a high-precision bridge meter at a
frequency of 10 Hz for different heights. These experimental
measurements are compared with the predicted values from
both the FVP model and GM model, as illustrated in Fig. 9.

It can be found that as the pre-stretch ratio increases, the
deviation between the GM model’s numerical results and the
experimental data becomes more pronounced. In contrast,
the predictions of the FVP model align more closely with
the experimental results. Therefore, the FVP model, con-
sidering stretch-dependent electrostriction, can more accu-
rately predict the capacitance than the GM model,
considering stretch-independent electrostriction.

In order to verify the efficiency of the proposed FVP
model in energy harvesting efficiency prediction, the mea-
surement circuit proposed in Sect. 2.4 is used to measure the
output voltage of CDEG under different external excitation
frequencies. We select CDEG with a pre-stretch ratio of 2
and test them under different input voltages of 1000, 1300,
and 1500 V, as well as with external excitations of varying
frequencies with a peak force of 1 N. The maximum output
voltage is recorded for each condition. Additionally, the
maximum voltages predicted by both the GM model and the
FVP model are compared. The results are consistently pre-
sented in Fig. 10. It is observed that the predictions from
both the GM and FVP models are the same close, with the
GM model’s predictions being slightly higher.

Furthermore, the energy generated by a single cycle of the

35

Experiment
30_ cedree  ceOmes  eofl-

FVP model — -
GM model —

Capacitance (nF)

A& B

BT B

0.06 0.07 0.08 0.09 0.10 0.11 0.12
Height of cone (m)

Figure 9 CDEG capacitance changes under different compression heights
(including experimental and theoretical values).
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CDEG operation is subsequently calculated, and these re-
sults are depicted in Fig. 11. It can be observed that as the
input voltage increases, the energy output per cycle also
increases correspondingly. The energy output predicted by
the GM model exceeds the experimental results, while the
FVP model provides predictions closer to the experimental
results. This discrepancy is attributed to the FVP model’s
more accurate prediction of capacitance values, as shown in
Fig. 9, which better agrees with actual conditions than the
GM model.

In brief, based on the comparison between experimental
data and theoretical predictions demonstrates that the CDEG
dynamic system constructed using the FVP model has been
validated, and the dielectric constant dependent on the de-
formation should be considered.

4. Machine learning model for CDEGs

The analysis of the CDEG based FVP model includes sol-
ving the dynamic equation, implementing the iterative pro-
cess, and calculating the ultimate outputs of the generated
energy. The complicated process leads to significant com-
putational costs for numerical solution, which also compli-
cates the analysis of the synergistic effects between the
multiple factors and the output energy. Machine learning
techniques have revealed their robust abilities in tackling
such problems as introduced in the literatures above. In this
part, we employ DNNs to investigate the relationship be-
tween the output energy of the proposed model and multiple
varying parameters. The synergistic effects of multiple
CDEGs parameters on energy harvesting capacity are deeply
analyzed through the developed DNN model.

4.1 Data preparation

The DNN model is a data-based model, which requires the
selection of an appropriate dataset based on the specific
question to ensure accurate training and testing. For effec-
tively reflecting the attributes of the problem, the dataset
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Figure 10 Output voltage of CDEG under different frequency excitations.
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Figure 11 Electrical energy of CDEG varies with frequency in each cycle.

requires a sufficiently large number of data samples that are

Table 2 Design parameters of CDEGs

40

Parameters

evenly distributed across the problem domain. Firstly, we
employ Latin hypercube sampling techniques to establish an
average-distributed set of parameters [49].

Six design parameters are defined as listed in Table 2,
which are the input voltage Uj,, pre-stretch ratio 4, excita-
tion frequency f, excitation max force spring stiffness k,
equivalent mass m,, and the ratio of inner to outer diameter
w = r,/r,, where rp, = 0.06 m, respectively. In experimental
design, both the pre-stretch ratio 4, and the input voltage Vi,
are limited to prevent mechanical rupture and electrical
breakdown in the DE film. To ensure structural feasibility,
the pre-stretch ratio range of 1 to 4 and an input voltage
range of 1 to 3000 V is adopted. The spring stiffness k; and
equivalent mass m, are selected based on experimental
conditions. Specifically, the lower limit for spring stiffness
is determined by the minimum stiffness k; of available
springs, and the minimum equivalent mass m;, is calculated
after removing any additional mass from the system. Al-
though %, and m, have no theoretical upper limit, they are
capped at 3000 N/m and 0.5 kg for practicality. The ex-
citation frequency range is chosen to encompass the entire
resonance region, and the frequency range is set as 1 to
60 Hz based on both experimental observations and nu-
merical simulations. The w is constrained by spring diameter
and structural stability, set between 0.333 and 0.5. Based on
the aforementioned results, the upper and lower bounds for
each parameter are specified accordingly.

Based on the defined upper and lower bounds, a sample
set of different variable combinations is generated using the
Latin hypercube sampling techniques. The Latin hypercube
sampling algorithm is coded in the commercial software
MATLAB, resulting in a total of 2000 sampling points
generated within the constrained domain. Subsequently, this
dataset of parameters is used in the proposed theoretical
model to solve the energy output results. Consequently, the
dataset of 2000 sets of six structural attributes and their
associated energy output parameters serves as the input for
the development of the machine learning model.

Normalization ensures that different parameters are on the
same scale, which is beneficial for enhancing the stability

Lower bound Upper bound Symbol

Input voltage Ui, (V) 0 3000 X
Pre-stretch ratio 4, 1 4 X
Excitation frequency f (Hz) 1 60 X3
Spring stiffness &, (N/m) 45 3000 X4
Equivalent mass m;, (kg) 0.02 0.5 Xs

The ratio of inner to outer radius 0.3333 0.5 X6

and generalization capability of the model. Hence, the min-
max normalization method is employed, which transforms
all parameters into the same range [0, 1]. The mathematical
expression for this normalization technique is as follows:
Ynormal — Jreal :ymi.n ’

ymax ymm
where y,omal 18 the normalized value, y,., is the real value,
and yn,;, and yy. are the minimum and maximum value of
Vreal In the whole data set.

In the training process of machine learning models, it is a
common practice to split the training dataset into two parts:
75% training set and 25% testing set. Next, the 4-fold cross-
validation method is utilized to assess the robustness of
model training. As illustrated in Fig. 12, a random selection
of 25% data samples from the entire dataset is designated as
the test set, while the remaining samples are allocated to the
training set. This process is repeated four times, resulting in
four distinct data partitions for the validation set utilized in
model training.

(28)

4.2 DNN model for CDEGs

Deep neural networks are a type of artificial neural network
(ANN) characterized by the presence of multiple hidden
layers, in addition to input and output layers. The principle
of the DNN is illustrated in Fig. 13. The data is initially fed
into the input layer, where it undergoes modulation through
activation functions within the hidden layers. Each hidden
layer computes the weighted sum of the input parameters,
representing the signal strength, which is then passed
through an activation function and forwarded to the sub-
sequent hidden layer. This process continues until the final
output is generated at the output layer. DNN model is unable
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Figure 12 Partitioning of the testing and validation sets in 4-fold cross-
validation.
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Figure 13 Operational principles of a deep ANN.

to describe the relationship between inputs and outputs
using an explicit function. Instead, it captures the connection
between them by constructing a complex hierarchical
structure. As a result, DNN model is typically regarded as
black box models, as it does not provide detailed insights
into the internal structure of the model.

The DNN model is coded by using the Keras package in
Python with TensorFlow as the backend. The network ar-
chitecture is presented in Table 3. The adopted network
consists of an input layer, an output layer, and six hidden
layers. The number of nodes in the hidden layers is con-
figured as 72, 72, 72, 72, 36, and 6, respectively. A total of
19132 parameters are included in the training process.

Figure 14 shows the training outcomes for the training set,
with the data points generally aligning close to the valida-
tion line, which indicates that the training accuracy of the
DNN model is at a high level. Simultaneously, the predic-
tion results for the corresponding test set are also shown in

Table 3  Structure of layers and elements in the DNN model

Layer Output shape Parameters

Input layer (None, 6) 6
Hidden layer 01 (Dense) (None, 72) 504
Hidden layer 01 (Dense) (None, 72) 5256
Hidden layer 01 (Dense) (None, 72) 5256
Hidden layer 01 (Dense) (None, 72) 5256
Hidden layer 01 (Dense) (None, 36) 2628
Hidden layer 01 (Dense) (None, 6) 222

Output layer (Dense) (None, 1) 7

Total params: 19132; trainable params: 19132
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Fig. 14, accompanied by the R* coefficients, which quantify
the predictive performance relative to the actual outcomes.
The R* coefficient is calculated by

vi—5)

-t

R*=1- 5 (29)

»i=y)

gy

where y, represents the value of the i""

test sample, y, de-
notes the predicted value for the /"™ sample, and y signifies
the mean value of the test data, n represents the total number
of test samples. Figure 14 presents the predictions for four
validation sets, with R? of 0.9572, 0.9188, 0.9456, and
0.9307, respectively. These results indicate that the trained
DNN model exhibits a high predictive capability for the
energy output of CDEGs. Moreover, the choice of dataset
does not significantly impact the model’s accuracy. Subse-
quently, the DNN model corresponding to the optimal per-
formance Group I is utilized as the final predictive model for
subsequent parameter analysis and optimization processes.

4.3 Synergistic effects analysis of multiple parameters

A detailed analysis is conducted on the relationship between
the design parameters and energy output of CDEG, utilizing
the DNN model. During the analysis, the fixed parameters
are set to default values, where f'is 5 Hz, m, is 0.049 kg, k; is
100 N/m, 2, is 3, Uy, is 3000 V, the radii of the CDEG’s top
and bottom surfaces are respectively set at 0.02 and 0.06 m,
meaning @ = 0.333. To better evaluate the impact of each
parameter on the output power, the following formula is
used to express the main effect SS of the parameter within
the selected parameter range:

&y
51 nk—1) ’
where k represents the number of groups, y, denotes the
mean value of the i group, 7 is the mean value of all
samples, and #; indicates the sample size of the i™ group.
Figure 15 displays the synergistic effects of varying the
input voltage U, with another varied parameter on the
output energy, when the rest parameters are fixed to be the
default values as set above. It can be observed that the SS for
voltage U, is generally larger than those of other para-
meters, slightly lower than the SS of excitation frequency.
Additionally, there is a positive correlation between voltage
and output power, indicating that voltage is the most influ-
ential parameter affecting the energy output of the CDEG. If
the input voltage remains below the breakdown voltage of
DE, increasing the input voltage can result in higher energy
output. Figure 16 illustrates the synergistic effects of the
radius ratio w with another varied parameter on the output
energy, and the rest parameters are fixed to be the default

SS (30)



Figure 14 Comparison of the training results of output power for cross-validation: (a) Group I; (b) Group II; (c) Group III; (d) Group IV.
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Influence of U;, and various parameters on output power of CDEGs: (a) equivalent mass; (b) pre-stretch ratio; (c) excitation frequency; (d) spring
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values. It is evident that the SS for w is substantially smaller
compared to the SS of other parameters, suggesting that w
has a relatively minor influence on the energy harvesting
performance.

Figure 17 illustrates the mutual influence of equivalent
mass, excitation frequency, spring stiffness, and pre-stretch
ratio on the energy output of the CDEGs, when the re-
maining parameters are fixed at the default values. Figure
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17(a) indicates that a reduction in m, reduces the excitation
frequency at which maximum energy output occurs. Figure
17(b), (d), and (e) reveals that energy output efficiency re-
mains high for spring stiffness below 200 N/m, attributable
to the greater deformations induced by lower stiffness
springs, which amplifies the structural capacitance changes.
However, due to the stress-softening phenomenon in DE
during elongation, we set the minimum spring stiffness at

Pou (W)
0.048

0.042
0.036
0.029
0.023

0.017

03
2
m, (kg)

P (W)
0.064

0.051
0.039
0.026
0.014

0.001

Figure 16 Influence of w and various parameters on output power of CDEGs: (a) input voltage; (b) equivalent mass; (c) spring stiffness; (d) excitation

frequency.
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Figure 17 Influence of various on the output power of CDEGs: (a) equivalent mass and frequency; (b) spring stiffness and frequency; (c) pre-stretch ratio
and frequency; (d) equivalent mass and spring stiffness; (e) pre-stretch ratio and spring stiffness; (f) pre-stretch ratio and equivalent mass.
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50 N/m to ensure the film conforms to model assumptions.
Figure 17(a)-(c) demonstrates that there exists an optimal
excitation frequency for maximizing the energy output of
CDEGs. Figure 17(c), (e), and (f) shows that the pre-stretch
ratio between 2 and 3.5 can moderately enhance energy
collection efficiency, primarily because DE is a hyperelastic
material. A larger stretch ratio induces the DE material to
enter a hardening phase, increasing material strength but
hindering deformation, while a smaller pre-stretch ratio re-
sults in a thicker DE film, leading to smaller capacitance
changes from deformation. In summary, voltage U, has the
most significant impact on the model’s output capability,
followed by excitation frequency f, equivalent mass m,, and
stiffness, which influence the output performance by con-
trolling the model’s resonance and resonance range. The
pre-stretch ratio has a moderate effect on the output per-
formance, with an optimal selection range existing. In
contrast, the radius ratio w has a relatively minor influence.

5. Parameter optimization design and experi-
mental validation of CDEGs

The issue of time costs in solving theoretical models impedes
the optimization design of CDEG. However, the optimiza-
tion method based on combining DNN and genetic algorithm
can significantly reduce computational resources, due to the
fast prediction ability of the developed DNN model. Hence,
an NSGA-II framework is developed and receives the opti-
mization objective functions based on the DNN model.

5.1 Multi-objective optimization and optimal design
parameters

The influence of various parameters on the efficiency of the
CDEG is complicated. It is difficult to select the optimal
design parameters based solely on the parameter analysis
from the previous section. Moreover, CDEGs generally
operate in low-frequency vibrational environments, for in-
stance, wave vibration typically below 2 Hz [50]; human
motion frequency below 5 Hz; some vertical movements of
the vehicles around 1 to 20 Hz and significant vibrations in
structures and industrial equipment is approximately be-
tween 5 and 12 Hz. Therefore, CDEG requires the for-
mulation of an optimization problem aimed at achieving
sufficiently high energy harvesting efficiency at lower fre-
quencies. This can be represented as follows:

max. B (x,),
min xs, (€29)
st u,>x;>21,i=1,2,..,6,

="

where x; represent the six design variables, u; and /; indicate
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the upper and lower bounds for each design variable, where
the upper limit of input voltage and 4, are 2000 V and 3, and
ranges for other parameters are detailed in Table 2.

In this part, the NSGA-II algorithm coded by the Geatpy
package in Python is employed for multi-objective optimi-
zation. The algorithm is configured with a population size of
500, a mutation probability of 0.2, a crossover probability of
0.9, and an evolutionary generation count of 3000. The re-
sulting Pareto front is illustrated in Fig. 18. It is noted that
the Pareto frontier provides the designer with many solu-
tions, and any point in the Pareto frontier can be a solution.

5.2 Experimental validation of the optimization results

We selected a set of optimal solutions for experimental
validation of the Pareto front diagram obtained in the pre-
vious section. The structural parameters and predicted out-
puts are presented in Table 4. It should be specially
illustrated that the small differences between the experiment
and optimization parameters lie in the reality test condition.
The experimental device, established based on the para-
meters after optimization, is illustrated in Fig. 19(a). The
apparatus is tested (Supplementary Video 1) for capacitance
values at varying compressions, output voltage as time
variations, and position of rigid block as time changes, as
illustrated in Fig. 19(b)-(d). The actual output power is
calculated to be 3.57 mW, which is close to the optimized
result of 3.88 mW.
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~ 0.064 Human motion
g
8 0.041
Vehicle vibration
0.02 4
0.00 T T T T r
0 3 6 9 12 15

/(Hz)

Figure 18 Pareto frontier of the excitation frequencies and energy output
design optimization.

Table 4 Comparison of optimization and experiment parameters

Parameters Optimization Experiment

Input voltage U, (V) 1993.117 2000
Pre-stretch ratio 4, 2.98 3

Excitation frequency f (Hz) 2.21 2.21
Spring stiffness & (N/m) 48.5 50

Equivalent mass m, (kg) 0.0466 0.046

The ratio of inner to outer diameter w 0.338 0.333

Output power P, (mW) 3.88 3.57
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Figure 19 Experimental of CDEG after optimization: (a) the experimental apparatus established using the optimal parameters; (b) capacitance values of the
CDEG under different deformation conditions; (c) variations in output voltage waveforms; (d) position-time history curve.

6. Conclusions

This study develops the FVP model of DE material con-
sidering deformation-dependent electrostriction and non-
linear viscoelasticity, whose parameters are fitted from
experimental data. Experiments are carried out to validate
the dynamic model and energy harvest theory. A DNN is
employed to establish the relationship between six design
parameters of CDEG and output energy. And then the
CDEG for harvesting low-frequency vibration energy is
designed. For the CDEG, the dynamical governing equation
and energy output prediction theory based on the FVP
model align more closely with experimental results com-
pared to the model neglecting stretch-dependent. The study
investigates the effects of various parameters on the output
performance of CDEGs. The results indicate that higher
input voltages, a pre-stretch ratio within the range of 2 to
3.5, and a spring stiffness below 200 N/m significantly en-
hance the energy output of the CDEG. Subsequently, an
optimization framework based on DNN is proposed to
maximize energy output, minimize excitation frequency, and
determine optimal structural parameters. Experimental va-
lidation using the optimized device demonstrates a close
match between the results and the predictions derived from
the proposed optimization method. Based on this frame-
work, the optimized CDEG model achieves maximum en-
ergy output power design within the frequency range of 1 to

16 Hz. Our study provides a deep understanding of the
mechanism of the CDEG. Actually, the developed models
CDEG can also be used for the practical design of other DE
energy harvesting.

Appendix A

The uniaxial tensile experiments and capacitance testing
experiments are carried out to calibrate the mechanical and
electrical parameters of DE, which is VHB 4910 produced
by 3M corporation in this paper.

Al. Mechanical parameter identification

The mechanical parameters C; (i = 1, 2, 3), a, #, and elec-
tromechanical coupling parameters c; (i = 1, 2, 3) in Egs. (4)
and (5) are measured in different experiments due to the
assumption that the viscous part of the stress is independent
of the electric field. Uniaxial tensile experiments at different
rates are adopted to calibrate the hyperelastic C; (i = 1, 2, 3)
and viscous parameters a, #, and the dielectric constant tests
of circular films under biaxial tensile are used to calibrate
the electromechanical coupling parameters ¢; (i = 1, 2, 3).
Based on the uniaxial tensile and incompressible conditions,
the stretch ratio of the specimen is assumed to be 1, =4, 1, =
1_1/2, Ay = 272 In the absence of an electric field, the
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nominal stress tensor can be given by
owy
OF
by substituting Eqgs. (4) and (9) into the preceding expres-
sion, the nominal stress along the tensile direction of the
specimen under uniaxial tension can be represented as

s=F o,+06,)==2F +27F 'D'“, (A1)

5= 2[cl+2cz(/12 +27 =3y +3Cy A7+ 207 - 3)2

2 -1 At
(A7 =4 )+2’7F(1*a)

. jot(zf ) 3 () - ) - Adr. (A2)

The uniaxial tensile experiments are carried out on the
tensile testing machine. The sample is a rectangular DE film
with length 5 cm and width 3 cm, as shown in Fig. Al(a).
The short side of the specimen is fixed to test the force
displacement curve in different stretching rates (1 = 0.0167,
0.0500, 0.0833, 0.1167, 0.1500, 0.1833 s'l), and repeats
three times. The stretching rate / = 0.0167 s ' is regarded as
quasi-static loading rate. The mechanical parameters can be
derived by fitting experimental data based on Eq. (A2).

As shown in Fig. Al(b), the hyperelastic model para-
meters are fitted using quasi-static tensile data, resulting in
C, = 1430kPa, C, = —0.520 kPa, and C; = 0.016 kPa.

(@)

Figure A1

524931-16

Subsequently, by combining the hyperelastic model data
with loading data at various rates, viscoelastic model para-
meters with a high degree of matching are determined to be
a = 0.37 and 5 = 50000 Pa. The calibrated model demon-
strates a good fit with the experimental data.

A2. Electromechanical coupling parameters identifica-
tion

The dielectric constant testing utilizes circular film speci-
mens, where the circular DE membrane is subjected to
equal-order biaxial tension in the plane. An electric field is
applied in the thickness direction, and its stretch ratio is
assumed to be 4, = 472, 2, = 272, 15 = 4, and the electric
field is E. The spatial polarization vector P is obtained from
the polarization-based lumped parameter model and basic
definition as follows [37]:

ow
P=-F_=¢ A
ok’ (A3)
P=¢ye,— 1E, (A4)

where & is the permittivity of vacuum, and &, is the relative
dielectric constant.
Compare Egs. (A3) and (A4), the expression of the re-

lative permittivity can be obtained as
e —— 0.01675" .
1609 = —— 0.0500s" =037 P
. 0.0833 5" #=50000 Pa i
A ——0.11675" .
1204 0.1500 5! =
- * —— 0.1833 s 52
< .
o]
= 804 > .
C,= 1430 kPa
4047 2 €,=-0.520 kPa
o Cy= 0.016 kPa
0 Quasi-static loading
1 2 3 4 5

IR

Mechanical parameters calibration: (a) uniaxial tensile test; (b) the fitting curve based on Eq. (A2).

(b)
4.6
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4.2
\Fitting parameters
& 3.8 ¢,;= -1.3255x10"2 F/m
c,= -1.3884x10™" F/m
c5= 6.1979x107'° F/m
3.4+
x  Experiment
Curve fitting
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0.0 0.2 0.4 0.6 0.8 1.0
A

Figure A2 Electrical parameters calibration: (a) relative dielectric constant test; (b) the fitting curve based on Eq. (AS).
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e = l_ﬁlz_ﬁ_zﬁfz_

" %o co 2o (AS5)

The test samples are carried out by stretching the circular
films with different radius to the same size, the stretch ratios
used in this paper are 4 = 1.0000, 0.6940, 0.4444, 0.2500,
0.1600, 0.1111, 0.0816, 0.0625, and the same circular re-
gions (radius is 2 cm) in the middle are selected to paste
flexible electrodes (MG Chemicals 846 Carbon Conductive
Grease), show in Fig. A2(a). The relative permittivity of
circular films with different stretch rates is tested, and ma-
terial parameters of the electric part are obtained by fitting
according to Eq. (A5).

Figure A2(b) presents the results of dielectric constant
tests and their corresponding fitting curve. The relative
permittivity &, of VHB 4910 obtained in the experiment is
4.37 when 4 = 1, and the relative permittivity decreases to
3.65 with 1 = 0.0625, which is a relative decrease of
16.47%. The electrical model parameters obtained by fitting
the experimental data are ¢; = —1.3255x10"" F/m, ¢, =
—1.3884x107" F/m, and ¢; = 6.1979x10™"° F/m. The fitting
curves are in good agreement with the experimental data.
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