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Abstract

Large amplitude inter-well oscillations in bi-stable energy harvesters have made them a proper energy
harvesting choice due to a high energy generation. However, the co-existence of the chaotic attractor in these
harvesters could essentially decrease their efficiency. In this work, an algorithm for detecting chaos in bi-
stable energy harvesters based on a data-gathering algorithm and estimating the largest Lyapunov exponentis
investigated. First, a simple model of axially-loaded non-linear energy harvesters is derived. This model is
derived using the Euler-Bernoulli beam theory and the Assumed Mode method considering the Von-Karman
non-linear strain-displacement equation. The harvester's numerical simulation results are used in order to test
the algorithm's efficiency and accuracy in identifying the chaotic response. The results obtained show the
algorithm's success in detecting chaos in such systems with a minimum possible calculation cost. The effect
of noise on the algorithm's performance is also investigated, and the results obtained show an excellent
robustness of the algorithm to noise. It can diagnose the harvester's chaotic or harmonic behavior with noise-
contaminated data with 10% noise density. The comparison between this algorithm and the Wolf's method

show a relatively less computation time (up to 80%) to detect chaos with a reasonable accuracy.
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1. Introduction

In the last decades, the aim of mitigating carbon
emission and fossil fuels' environmental effects
has encouraged the use of renewable energies [1].
There are different types of renewable energies
including but not limited to wind, solar,
geothermal, and biomass [2]. More recently,
harvesting the vibration energy as a sustainable
renewable source for power has also been an
emerging idea, attracting the researchers' attention
[3]. At first, the linear energy harvesters have
been investigated by many researchers according
to their simple modeling design and fabrication;
however, after some years, it has been shown that
the linear energy harvesters have some significant
disadvantages [4]. In the recent years, the use of
non-linear energy harvesters has been proposed by
many researchers in order to overcome the
drawbacks of the linear harvesters such as limited
bandwidth and efficiency [5].

There are two major non-linear energy harvester
types, which are the Duffing-type oscillators with
mono-stability and bi-stability [6]-[8]. Among
different non-linear energy harvesters, many

researchers have investigated the bi-stable ones in
order to use the non-linear large amplitude
oscillations to increase the energy harvesting
efficiency [9]. The large amplitude inter-well
oscillation in bi-stable harvesters leads to a high-
performance energy harvesting, making the bi-
stable ones a proper energy harvester [10].

In 2008, Mclnnes et al. [11] proposed using the
stochastic resonance in a bi-stable energy
harvester. Their results showed that adding
harmonic excitation to the primary noise
excitation can significantly increase the harvested
energy. In 2009, Cottone et al. [12] induced the
post-buckling behavior in a cantilever beam using
the electromagnetic force and used it as a bi-stable
energy harvester. Their investigations showed that
using a bi-stable energy harvester can increase the
harvested energy between 400% to 600%
compared with a similar linear counterpart.
Naseer et al. [8] have done a comparative study of
bi-stable energy harvesters under fluid vortex
induction with the mono-stable ones. Their result
indicated that the bi-stable energy harvester
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significantly outperformed in slow wind speeds.
In the moderate and high wind speeds, it performs
almost better than the mono-stable energy
harvesters.

Mann and Owen [13] have studied the bi-stable
energy harvester under harmonic excitation with
varying frequency to capture the frequency
response system. The numerical and experimental
results of their investigation showed that escaping
from a potential well can widen the frequency
bandwidth of the harvester. Stanton et al. [14]
have investigated the bi-stable energy harvester's
behavior using the harmonic balance method. In
their research work, they achieved a closed-form
response to design the harvester's coupling factor
to tune the high energy orbit's stability threshold.
Following the research in bi-stable energy
harvesters, Panyam et al. [15] have studied the bi-
stable energy harvester's response. Using
numerical integration, they achieved the system's
bifurcation diagram according to the excitation
frequency (frequency response). Their
investigation shows many different non-linear
phenomena such as cyclic folding, 1T, 3T, 5T
windows of periodic responses, chaotic response,
and boundary crisis in the bi-stable energy
harvester [15]. They showed that chaos in the bi-
stable energy harvester's response could
drastically decrease the harvested energy.

In order to overcome this issue, some researchers
have investigated chaos control in the bi-stable
energy harvesters [16]-[18]. Kumar et al. [16]
have studied the chaos control in the bi-stable
energy harvester using Linear Quadratic
Regulators (LQR). Utilizing Ott, Grebogi, Yorke
(OGY) [19], the control force successfully forced
the system to oscillate in a large amplitude orbit
rather than a co-existent chaotic attractor. Huynh
et al. [17] have presented a controlled vortex-
induced bi-stable energy harvester. They derived
the governing equations of motion, and then
designed a controller using the OGY chaos
control theory to create a stable orbit. The
numerical and experimental studies have shown
that the designed control system properly transfers
the harvester's behavior from chaotic to stable
large-amplitude orbit.

The experimental implementation of chaos control
in bi-stable energy harvesters requires a method
for chaos detection from time series measured
data [20]. The chaos control methods always use
energy in the actuators [21]. This energy
consumption would decrease the efficiency of the
harvester. If the chaos control method is
implemented without chaos detection, the control
loop may consider higher period orbits or noise as
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chaos and consume unnecessary energy. Due to
this, the use of chaos detection algorithm is
inevitable. There are several ways available for
detecting chaos from time-series data including
Largest Lyapunov Exponent (LLE), Kolmogorov
entropy, and correlation dimension. Harris et al.
[22] have used the multi-scale entropy method
and the "0-1" test in order to detect chaos in a bi-
stable beam. The results of their work showed that
both methods could detect chaos with an
acceptable efficiency. However, sensitivity to
selecting algorithm parameters in correlation
dimension and Kolmogorov entropy made LLE a
more proper method [23].

Wolf [23] has presented an algorithm to detect
chaos from the time-series experimental data.
Although calculating LLE is the most reliable
method used for identifying chaos, its main
drawbacks are the massive amount of data
required to be processed and the calculation costs
[24]. This cost could bring some main difficulties.
Most of the energy harvesting systems are
designed in micro-scales. At that scale, the
processing power of the processors and the
available memories are very low. During the
calculation time, the disadvantages of the chaotic
behavior are still there. Secondly, sometimes the
chaotic behavior is temporal, and with lag in the
detection, we may pass the chaotic regime and try
to control the thing that no longer exists.
Furthermore, the algorithm is sensitive to the
external noise on the dataset.

The algorithm proposed by Wolf has then been
improved by many researchers [25]-[27] in order
to solve the sensitivity to noise and extended run
time. Rosenstein has proposed an m-dimensional
gridding technique using the mean of the different
LLE estimations to decrease the effect of external
noise [25], leading to a robust but complex
algorithm. Mehdizadeh [28] has proposed using
the mean distance of points in the initial point
neighborhood instead of the closest point. The
proposed algorithm is robust to noise and
accurate, and has a longer run time than the
Rosenstein's algorithm. Zhou et al. [26], [27] have
presented a much more fast algorithm. In that
algorithm, they used the distance between two
pseudo-orbits in the attractor's phase space and
calculated the evolution of this distance
concerning time. This algorithm is fast but it
requires to have the exact model of the system. In
real applications of energy harvesting, having the
exact non-linear harvester model is a relatively
challenging issue. Besides, the model's parameters
can vary during the work-life of the harvester due
to depreciation.
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The novel, simple, non-linear Model for Axially
Loaded Energy Harvesters (MALEH) is presented
in this paper. In MALEH, despite Masana and
Dagag [29], the beam section's axial displacement
is considered negligible, and a Von-Karman
Strain is used to model the system. This
assumption made the harvester model simple
without a significant loss of accuracy and
generality, helping the design chaos controllers. A
new Modification of Wolf's Method (MWM) is
utilized in this work in order to calculate LLE of a
bi-stable piezoelectric energy harvester. MWM is
implemented using the minimum possible
randomly selected data points from the complete
dataset. Unlike the Wolf's algorithm, the system's
embedding dimension is also set up to be as equal
as the system dimensions. Although utilizing the
minimum data points and embedding dimension
could affect the accuracy of the calculated LLE,
the results obtained show that a proper detection
of chaos is possible with this minimum
embedding dimension. Moreover, the
piezoelectric elements' output voltage is used as
the time series data, so there is no need to use an
extra sensor, which may cause extra cost and
implementation difficulties. The algorithm is
designed such that it can detect chaos
simultaneously in order to prevent a long time of
efficiency decrease.

In Section 2 of this article, a bi-stable energy
harvester model is presented using the Euler-
Bernoulli beam theory and the assumed mode
method. In Section 3, a chaos detection algorithm
is presented. The results of chaos detection and
noise effect on the algorithm performance are
discussed in Section 4. Section 5 concludes the

paper.

2. Modeling of bi-stable energy harvester

In this section, an analytical model based on the
Euler-Bernoulli beam theory and assumed mode
method is presented for a bi-stable energy
harvester. The harvester was assumed to be a
buckled cantilever Euler-Bernoulli beam with a
tip mass, representing the permanent magnet used
to create the axial load. All the equations in this
section were written according to the previous
work [30].
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Figure 1. Bi-stable piezoelectric energy harvester.
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Table 1. Nomenclature

Geometrical axes along with length, width, and
*1%2:%3 | thickness of the beam, respectively.
Displacement of the beam element concerning
Ut Us | o ¥, x, directions
t Time
U, Elastic potential energy of the beam
M Normal strain in x, direction
E Young's modulus of the beam
S Strain tensor
T Beam stress tensor
Th Beam stress in x; direction
A, Cross-section area of the beam
I Moment of the cross-section area of the substructure
b beam
L Length of the beam
b Width of the beam and piezoelectric layers
h Thickness of the beam
h, Thickness of each piezoelectric layer
TP, TP | Stress in piezoelectric layers
cfy Young's modulus of the piezoelectric layers
2% Effective piezoelectric constant
v Voltage of each piezoelectric layer
U, Potential energy of the piezoelectric layers
€3 Electric field in each piezoelectric layer
A, Cross-section area of each piezoelectric layer
Q, First moment of inertia of each piezoelectric layer
L, Second moment of inertia of each piezoelectric layer
D. D Displacement of electrical load in each piezoelectric
30732 | Jayer
&5, Permittivity of the piezoelectric layer
€ Electric field tensor in the piezoelectric layer
g Base displacement
T Total Kinetic energy
m Mass of the tip mass
Wy Work of non-conservative forces
Q Electrical load crossing the resistive load
P Axial load
P, Axial pressure
w, Work of the axial load
x Dimensionless displacement
n Dimensionless damping
r The critical axial load ratio
P Axial load
k Linear stiffness
K Non-linear stiffness
a Voltage coupling coefficient
A Displacement coupling coefficient
X Dimensionless time constant
f Dimensionless amplitude of the external force
Q Dimensionless frequency of the external force
T Dimensionless time
{y} Time-series data
P(i) Series representing reconstructed attractor
7 Reconstruction time delay
Euclidean distance between two nearest neighbors in
L(t) time t,
A Largest Lyapunov exponent (LLE)
N Number of data in time-series
m Embedding dimension
M Number of points on the attractor
gy Standard deviation of the measured data
Onoise Standard deviation of the noise

Figure 1 shows a schematic representation of the
bi-stable piezoelectric energy harvester. As shown
in this figure, the bi-stable harvester consists of a
clamped steel substructure beam and piezoelectric
patches that are connected in series to a resistive
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load R. An axial force P is acting to the beam
through the permanent magnet with mass m
placed at the tip of the beam and the other with
opposite poles in the harvester box, not shown in
this figure. The whole device is under a base
excitation with the displacement of g(t), a pure
sine wave with a constant frequency. The
displacement field of each element in steel sub-
structure beam according to the Euler-Bernoulli
beam theory [31] can be written as:

du,

u;=- X36 , U;=0, u3=0=u3(x;.t) Q)

where x; , x3, uq, usz, and t are the axis in the
direction of beam length, perpendicular to the
neutral plane, transverse and longitudinal
displacements, and time, respectively. According

to the Von-Karman strain equation, the only non-
zero strain term would be:

6u1 1 aul 2 6u2 2 6u3 2
o)
aXl 2 aXl aXl aXl

2
_ 62u3+1(au3)2 ( )
- ax:  2\0x,
Stress in the substructure beam is:
uy, 1 /0uq\’
b_RQ — Fy.— S 1 g3
Ti=ES =Exs éx% +2E(6xl) (3)

where E is the elastic modulus of the beam.
According to equations (2) and (3), the elastic
potential energy of the sub-structure beam can be
written as:

ey

b

L aZU3 2
_E ), (ax%> a @

th dVb

where St is the transpose of the strain matrix and
TP is the stress matrix, V, is the volume of the
substructure beam, A, is the cross-section area,
and I, is the moment of inertia of the cross-
section of the sub-structure beam. According to
[30], the stress terms for each piezoelectric plate
can be written as:

P _ €
T}, =c1151-€31€3

9%u; S, /Ouz\’ v
=-C§1Xs = + = () +esy— 5
MGz T2 (6X1) €31h, ®)
szch151'331€3=
. 0%uy (6u3)2 v (6)
113 ax3 ax,) h,
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in which e3;, ci;, and v are the effective
piezoelectric constant, elastic modulus, and
voltage of each piezoelectric plate, respectively.

The total elastic potential energy in the
piezoelectric plates is:
IfL1<62u3>2d
- X
U.=c¢ P 0 ax% !
p 11 L
YL
2 ), \ox) )
v L1 g2
e31h Qp , 9 2 dx4
where:
%H’p
{A,.Q,1,}=b ﬁ {1.x3.x3}dx3 (8)
2
The electrical load-displacement in each
piezoelectric plate is:
D3, =e3;S;+E33€3=
621.13 €31 aU3 2 s \% (9)
-e31X36—X%+7<6_X1> 'E33h_p
D32=83151+E33€3—
0%u; e (Ous (10)
Xz Ty <ax> 533h

in which &3, is the permittivity of the
piezoelectric layer. The total work of the electric
field in the piezoelectric layers is:

1
We= E fff Etg de

b v 0%uy v2
='5331ij0 h ox 2 dx;+E33A,— h,

where A. is the electrode area. The total
displacement of every element, according to (1),
and base displacement is:

o { dus
U=19-X3 57— a
where g(t) is the base displacement. According to

(12), the total kinetic energy of the sub-structure
beam, piezoelectric patches, and tip mass is:

T=2ppA fL (6u3>2 SIPLL FAP
=gPehe | (G HgT 28 ) dx
+p,A pr((au3)2+ 2420 >d
P =) tg+2—=g)dx
P | \\at ) at !
1 6u3
+Em<( ot +g> 8(xm)>
where p, and p,, are the mass density of the sub-

structure beam and piezoelectric layers. The non-
conservative work in resistive load is:

(11)

T

0 us0) +0 0 @Y  (12)

(13)
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W,.=2Qv (14)

where Q is the electrical load crossing the
resistive load. The axial load can be rewritten as:

P
P=Py(Ap+2A,)-P= AT 2h, (15)
Therefore, the work of the axial load is:
W,= ﬂ Psslst+fﬂ P;S;dV,
Vb Vp
1 L aU3 2
_Ej(; PSAb <6_X1) dX1 (16)

Ly au3 2
+j(‘) PSAp (a_Xl) dX1
Utilizing the assumed mode method [31] and
Hamilton's law [31], and using (4), (7), (11), (13),

(14), and (16), the equations of motion for the
single-mode bi-stable energy harvester would be:

% +Mx+k(1-rP)x+Kx3-av=Ff cos (Q1)

vV +Ax+xv=0 (17)

where x,n, r, P, k, K, a, A, x, f, Q, and t are the
displacement, dimensionless damping of the first
mode and dimensionless non-linear stiffness of
the first mode, voltage coupling coefficient,
displacement coupling coefficient, dimensionless
time constant, dimensionless modal force for the
first mode, and dimensionless frequency of the
excitation and dimensionless time, respectively.
The overdots indicate the differentiation
concerning time. The variation in the oscillation
frequency concerning the axial load is compared
with the model of Masana and Dagaq [29] in
figure 2. Although the proposed model is much
simpler than the model presented by Masana and
Dagagq, its prediction of the system dynamics is
almost the same as that model.

160 |-
o0 Presented Model

—— Masana and Dagaq

140

120

100

Frequency (Hz)

2
=
T

ES

201

30 a0 50 50
Axial Load (N)

Figure 2. Variation in the frequency of the harvester to
the axial load.

0 10 20

75

In the next sections, the equation sets of (17) are
used in order to calculate the bi-stable energy
harvester's response and implementation of the
chaos detection algorithm.

3. Online estimation of LLE

A chaos detection algorithm based on a new
modification of the algorithm of Wolf et al. [23] is
presented in this section. According to the Taken's
embedding theory [32], the attractor can be
reconstructed with the embedding dimension of m
using a time series consisting of N data points
{y}. The reconstructed attractor can be written as:

p(i)=(Yi'Yi+‘r1'Yi+2‘r1'Yi+3‘r1'""YH-(m»l)‘tl) (18)
where T is the reconstruction delay, and this set
represents a point in the attractor in the
embedding space. The reconstruction delay can be
estimated by the autocorrelation of the time-series
data. The time delay is equal to the delay where
the autocorrelation data drops to 0.632 of its
initial value [25]. After the reconstruction of the
attractor using (18), the Euclidean distance, L(t, ),
between the nearest neighbor of the initial point
Py(i) and itself should be calculated. Finding this
distance after enough evolution time, let LLE be
defined as:

M
1 L(t
A= Z L (tw)
tm-to

n
et L(tx1)

in which M=N-(m-1) t_1. First, the whole space
of the time-series data will be gridded concerning
m and the grid resolution in order to improve the
algorithm speed. After gridding the space, the
algorithm searches in the nearest boxes to the
point rather than the whole data points to find the
nearest neighbor. This method will speed up the
search procedure. It should be noted that if the
distance between two points increases larger than
a pre-specified value, the second point will be
replaced with the nearest point to the first one in
the recent evolution. This procedure will be done
for different initial points in the time series, and
an average number will be reported as LLE.

To this part, our procedure is almost the same as
the conventional procedures of finding LLE using
a measured dataset. In the traditional algorithms,
the aim is to find the exact value for LLE.
However, in controlling the non-linear energy
harvesters' chaos, there is only a need to identify
the chaotic response. In the algorithm presented
here, after gridding the embedding space, instead
of working with more than 200,000 data points,
only one point and its nearest neighbor in each m-

(19)




M. Mohammadpoura et al./ Renewable Energy Research and Application, Vol 2. No 1, 2021, 71-80

dimensional box would be randomly chosen in
order to calculate LLE rather than using the whole
dataset. The sparse matrix calculation can be used
with this selection to rapidly calculate the
evolution of the distance between two points in
time.

The Taken's theory indicates that for an exact
reconstruction of the attractor, the embedding
dimension, m, should be at least greater than 2 *
n, where n is the fractional dimension of the
attractor. In the algorithm presented here, m is
considered to be equal to n. With these
modifications, one will lose the calculated LLE
accuracy but identifying chaos would remain
intact. This claim would be addressed in the
results and discussion section. The algorithm is
designed to calculate LLE of the harvester
synchronously. A synchronous detection would
give a chance to distinguish between the
permanent and temporary chaotic behavior.
Controlling chaos would cost energy, and in the
case of the temporary chaotic behavior, there is no
need to turn the controller on. The harvester's
output voltage is considered to be used as the
time-series data, and reconstructs the attractor.
The next section presents the results and
discussion.

4. Results and discussion

4.1. Results of chaos detection

In this section, the harvester's equations of motion
are solved using the Runge-Kutta numerical
methods, considering the amounts of the harvester
geometrical and material properties indicated in
table 2.

Table 2. Geometrical and material properties of the

harvester.
Name Symbol Value
Beam thickness hy 0.2 (mm)
Piezoelectric layer thickness h, 0.2 (mm)
Beam and piezoelectric width w, 25.4 (mm)
Beam length L 200 (mm)
Piezoelectric layer length L, 80 (mm)
Beam's Young's modulus E 70 (GPa)
piezoelectric layer's Young's modulus c$y 60 (GPa)
Resistance of the resistive load R 450 (KQ)
Piezoelectric permittivity constant $5 25.55 (%)
Effective piezoelectric constant es; -16.6 (%)

Figure 2 shows the steady-state time response of
the dimensionless voltage considering Q=14 and
f=0.5. As it can be seen in this figure, the response
is harmonic in the steady-state condition.

8

= v
T

Dimensionless Voltage

i

AAAAARAALL

. . . .
25 255 26 26.5 27 275 28 285 29 295 30
Dimensionless Time

Figure 3. Dimensionless voltage for large amplitude H
inter-well oscillation.

)

Figure 3 shows the estimated LLE for the data
presented in figure 2. For estimating LLE, the
embedding dimension of m=4 and N=4096 data
points are used in 80 units of dimensionless time.
As it can be seen in figure 3, the estimation of
LLE is converged after about 100 iterations to
zero, which shows the existence of a non-chaotic
attractor, i.e. Limit Cycle Oscillations (LCO),
which completely meets the oscillations of the
system.

Tistimated LLE

200 400 600 BOO 1000 1200 1400 1600 1800 2000
Tterations

Figure 4. Estimated LLE for harmonic inter-well
oscillation.

Setting f=2.7 and Q=18, the system behaves
chaotically, as shown in the phase portrait
depicted in figure 5. This figure shows the phase
space of dimensionless velocity  versus
dimensionless displacement. The phase space
shows the nature of the system response by
displaying the orbits of the system response. The
depicted orbit is non-periodic and space-limited. It
is non-periodic since the orbit does not cover
itself, and tends to go over the attractor's whole
space. It is space-limited because it does not
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exceed the limits of the large amplitude unstable
periodic orbit found in this portrait. This type of
response indicates a fully chaotic behavior.

Figure 6 shows the estimation of LLE for chaotic
data in figure 5. This figure shows that the LLE
estimation is converged after about 800 iterations,
and shows a positive amount indicating a chaotic
attractor in the system.

Dimensionless Velocity

Dimensionless Displacement <107

Figure 5. Phase portrait of the bi-stable energy harvester.

-

=20

Tterations

-40

-60

-80

200 400 600 800 1000 1200
Estimated LLE

Figure 6. Estimated LLE for chaotic motion.

4.2. Effect of noise

The LLE algorithm is defined to be used on a
dataset, which is experimentally measured, in our
case, voltage. As it can be expected, the
experimentally measured data is always noise-
contaminated. Despite using different filtrations
and other methods, some noise according to the
experimentation circumstances is inevitable. In
this section, the effect of noise on the efficiency of
the algorithm is presented. In order to define the
amount of noise first, the standard deviation of the
data is calculated. After that, the noise percentage
is selected based on the standard deviations' ratio,
as depicted in (21). In (20) and (21), 64 and Gneise

are the standard deviation of the measured data
and added noise, respectively.

{y}—0q (20)

Onoise

noise percentage= U_d -100 (21)
Figure 6 shows the voltage response of the system
with deliberate noise. These figures show a
voltage response of the same simulation
contaminated with 10% (a) and 15% (b) of the
noise ratio. As the original data has been obtained
from the system’s periodic response, the algorithm
should calculate LLE to be zero.

™ oo
20104 201.06 201.08

2005 201 2015 202

130 201,02 50104 20106 20108 2011

-20
2005 201 2015 2m

(b)

—without noise

- - with noise

Figure 7. Time response of the voltage with and
without noise:

(a) 10% of noise (b) 15% of noise

Figure 7a shows the estimated LLE for the 10%
noise ratio. The algorithm can efficiently estimate
LLE to be zero, and thus these amounts of noise
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do not affect the performance of the chaos
detection algorithm. However, as shown in figure
7b, the estimated LLE for the data with a noise
ratio of 15% is incorrect. The algorithm fails to
distinguish between the real deterministic chaos
and the noise. Therefore, the filtration should keep
the noise ratio under 15% of the primary data in
order to achieve the correct chaos detection.

20

Estimated LLE
=

o 500 1000 1500 2000 2500 3000
Tterations

@

Estimated LLE
5 .

5 y««/\
0 L

0 500 1000 1500 2000 2500 3000
Iterations,

(b)
Figure 8. Estimated LLE for data with
(a) 10% of noise (b) 15% of noise.

4.3. Comparison with Wolf's algorithm

In this section, the results of the presented
algorithm are compared with the classical Wolf's
algorithm. Table 2 shows this comparison. As
shown in this table, although the algorithm cannot
predict LLE as accurate as the Wolf's algorithm, it
can successfully distinguish the chaotic and
harmonic behaviors even in the presence of noise.
The run time of both algorithms is compared in
this table. These run times are for the simulation
using a corei7 CPU with a frequency of 2 GHz.
The proposed algorithm's run time can be
significantly lower than the Wolf's algorithm

when the measured data is for a harmonic
response, even up to 85%. However, the proposed
algorithm has approximately 50 to 60 percent of
the Wolf's algorithm's run time for the chaotic
data.

Table 3. Comparison of the performance of MWM

with the Wolf's algorithm.
Signal type
>
«Q T =5
S 2 2z Q S z
S 2 35 | E | &%
3 E 2= = <
o 3]
LLE 1.2e —5 2.7e —2 2.06 1.82
s Result | Harmonic Harmonic | Chaotic Chaotic
S’—,, Run
Time 27.2 36.7 48.1 53.1
(s)
LLE —9e¢ -3 3.6e —2 2.1 2.55
g Result | Harmonic Harmonic | Chaotic Chaotic
< Run
Time 5.2 4.9 23.6 32.2

(©)

5. Conclusion

In this work, a new simple model based on the
Euler-Bernoulli beam theory and the Von-Karman
strain for axially loaded non-linear vibration
energy harvesters was derived. The model was
validated by comparing the frequency-load curve
with the model of Masana and Dagaq [29]. A new
modification of the Wolf's method [23] and the
Rosenstein's algorithm [25] was derived. The
proposed algorithm was used to identify the
harvester's chaotic and harmonic responses using
the time-series data of the output voltage
calculated by the numerical method. Accordingly,
the algorithm had the merit of using only one
sensor in the experimental implementation. The
findings of this work could be summarized as
follow:

1. The proposed model had excellent predictions
on the response of the system.

2. The chaos detection algorithm could
successfully identify the chaotic and harmonic
responses.

3. The algorithm could detect chaos for noisy
data having up to 10% of noise density.

4. The algorithm was much faster than the
primary Wolf's method, and it could be faster
up to 85%

This work showed that the algorithm could be
used in the control system of the bi-stable energy
harvesters.
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