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Hybrid energy harvesters under external excitation have complex dynamical behavior and the superiority of promoting
energy harvesting efficiency. Sometimes, it is difficult to model the governing equations of the hybrid energy harvesting
system precisely, especially under external excitation. Accompanied with machine learning, data-driven methods play an
important role in discovering the governing equations from massive datasets. Recently, there are many studies of data-
driven models done in aspect of ordinary differential equations and stochastic differential equations (SDEs). However, few
studies discover the governing equations for the hybrid energy harvesting system under harmonic excitation and Gaussian
white noise (GWN). Thus, in this paper, a data-driven approach, with least square and sparse constraint, is devised to
discover the governing equations of the systems from observed data. Firstly, the algorithm processing and pseudo code are
given. Then, the effectiveness and accuracy of the method are verified by taking two examples with harmonic excitation and
GWN, respectively. For harmonic excitation, all coefficients of the system can be simultaneously learned. For GWN, we
approximate the drift term and diffusion term by using the Kramers—Moyal formulas, and separately learn the coefficients
of the drift term and diffusion term. Cross-validation (CV) and mean-square error (MSE) are utilized to obtain the optimal
number of iterations. Finally, the comparisons between true values and learned values are depicted to demonstrate that the
approach is well utilized to obtain the governing equations for the hybrid energy harvester under harmonic excitation and

GWN.
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1. Introduction

The vibration energy harvester (VEH) can produce elec-
tric energy from ambient vibrations!!=! to provide wire-
less sensors with sustaining energy. There are many types
of energy harvesting techniques, such as piezoelectric,!*"]
electromagnetic,'%! etc.”#! Among them, combining piezo-
electric components and electromagnetic elements, hybrid en-
ergy harvesters were investigated and widely applied due
to the advantage of improving the harvesting efficiency.””]
Panyam and Dagaq!'" studied a tri-stable hybrid energy
harvester under harmonic excitation by using multi-scales
method. Karami and Inman!!'"l proposed an approximation
method to explore the hybrid energy harvester under harmonic
excitation. Xia e al.l'?! investigated the performances of the
energy harvesters with different boundary conditions. More-
over, noises exist in the real environment and result in dif-

[13,14

ferent dynamical behaviors. 1 Therefore, hybrid energy

harvesters under random excitation were studied in previous

5.[15-201 For example, Zhou et al.''>! showed that the

researche
performance of hybrid energy harvesters under Gaussian exci-
tation is improved by adding nonlinear components. Sengha
et al.'"®) modeled a hybrid energy harvesting system driven by
harmonic excitation and colored noise. Foupouapouognigni

et al.'') indicated that the performance of the hybrid VEH,
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which was influenced by Gaussian white noise (GWN) and
harmonic excitation, was improved. Sun et al.1'81 used the
stochastic averaging technique to analyze the stochastic re-
sponses of a fractional-order hybrid VEH driven by GWN. The
influences of colored noise excitation on hybrid VEH were in-
vestigated by Yang and Cao.!?’!

Stochastic responses of hybrid VEH in the above arti-
cles were studied in the condition that the governing equations
were firstly known. However, for a complex system, it is trou-
ble to model the governing equations precisely in practical ap-
plications. To overcome this difficulty, in recent years, data-

21,22]

driven modeling! was presented and applied in different

areas, such as fluid dynamics, meteorology, finance, etc.[?3-26]
With the developments of machine learning and data science,
some methods were proposed to identify elusive dynamical
systems. For deterministic differential equations, Brunton et
al.”") proposed a data-driven method called sparse identifica-
tion of nonlinear dynamics (SINDy), and demonstrated that
the method is well agreement in the deterministic differential
equations by using the iterative threshold algorithm. Bonin-
segna et al.!*®! modified the SINDy to avoid the adjustment of
the threshold parameter in Ref. [27]. However, stochastic dif-
ferential equations widely exist in practical applications. For
stochastic differential equations (SDEs), the methods which
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were devised in Refs. [27,28] were also used to model SDEs
driven by GWN. Rudy ef al.!*’! presented a deep neural net-
work approach to estimate the coefficients and the measure-
ment noise simultaneously, and showed good robustness of
the method by increasing the noise level. Dai er al.*%! pro-
posed the maximum likelihood estimation to learn the SDE
under fractional Brownian motion, and the results showed a
good accuracy for true values. Lu and Lermusiaux[®'l de-
vised a Bayesian learning technique to model stochastic dy-
namical systems. Huang and Li*? used the SINDy to dis-
cover the equations of a four-dimensional stochastic projectile
system. Wu et al.!33] obtained the mean residence time and
escape probability of SDEs from data by using the devised ap-
proach. Additionally, based on the Koopman generator, Zhang
et al.3* developed an approach to extract SDEs influenced
by Lévy noise from data on mean exit time, and indicated
that this method can also apply to dynamical systems under
GWN. Lu and Duan®! discovered the SDEs from data with
Lévy noise by utilizing extended dynamic mode decomposi-
tion, and acquired the transition probability density functions
by solving the Fokker—Planck equations. Together with the
Kramers—Moyal formulas and SINDy, governing laws under
different Lévy noise were extracted from the observed data
of stochastic dynamics equations.[?*-38] Among these meth-

ods, SINDy has been widely applied in discovering governing
equations from massive datasets. The method combines the
least-squares and compressed-sensing to solve the sparse co-
efficients of the equations, so that the approximate governing
equations can be obtained. It is useful to analyze the subse-
quent dynamical behavior of the system.

To the best of our knowledge, few authors pay attention
to discovering the equations from data for the hybrid energy
harvester in present. In this paper, we develop a sparse identi-
fication approach to identify the equations for the hybrid VEH.
The framework of this paper is organized as follows. In Sec-
tion 2, the mathematical model of the hybrid VEH with non-
dimensional form is given. In Section 3, a sparse identification
process is developed to solve the sparse coefficients for the hy-
brid VEH. In Sections 4 and 5, two examples of the hybrid
VEH are taken to examine the validity of the devised method.
In Section 6, some conclusions are remarked.

2. Hybrid VEH under noise excitation

A family of hybrid electromagnetic and piezoelectric en-
ergy harvesters are considered as shown in Fig. 1. The model
is simplified as a mass—spring—damper system in Fig. 1(a) cou-
pled with a piezoelectric circuit in Fig. 1(b) and an electromag-
netic circuit in Fig. 1(c) under base acceleration.

(c)
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Fig. 1. (a) Simplified diagram of a hybrid VEH coupled with (b) a piezoelectric energy harvesting circuit and (c) an electromagnetic circuit.

The coupling equations of the hybrid energy harvesting
system are given by

MX (1) + f(X)X () +8(X) + L1V (1) + LI (1) = —MXy (1),

G (0)+ 5 = Bik(0)
LI(t) + (Re +Re)I(7) = LoX (7). (1)

Here, X, X and )?b denote the displacement, the velocity and
the base acceleration of the mass M, respectively. V is the elec-
tric voltage measured across the equivalent resistance load R,,.
Cp and (:' 1 are the the piezoelectric capacitance and the piezo-
electric coupling coefficient. L, I and Eg denote the inductance
of the coil, the output current and the electromagnetic cou-
pling coefficient, respectively. R, and R, successively denote
the load resistances of the electromagnetic and the resistance
of the coil. f(X) and g(X) represent the damping term and the
stiffness term.

Then, we make the equations dimensionless by means of

a transformation!!8-3%]
X Xb _
=07, x=—, x=-—, V=GV, I=LI,
I A
_fX) _e®)
o= Mo’ 8l¥) = Mw?l,’
& = #: &= % ,
Mw*lCy Mw-l.L
! Re+Re ) ]
= = A= Ao =& (2
H prq), Ha oL M G =05 ()

Subsequently, the dimensionless equations of the hybrid
VEH can be expressed as follows:

X+ f)x+g(x) + GV + &l = —,
V+ V=244,
I+l = Ao 3)
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Here, f(x) and g(x) are the non-dimensional damping force
and stiffness term. {1, {, A1 and A, are the non-dimensional
coupling coefficients in Eq. (1). u; is the reciprocal of the
product of resistance and capacitance. U, represents the ratio
of resistance and inductance.

As examples of different external excitation, harmonic
excitation and GWN!!3491 are considered in Sections 4 and
5. With the method of stepwise sparse regressor (SSR),[28411
we devise the method of identified sparse regression to dis-
cover the governing equations by learning the coefficients of
the formula.

3. Sparse identification for hybrid VEH

Drawing on the ideas of machine learning, we combine
the least-square sense, SSR algorithm and cross-validation
(CV). A sparse identification process is developed to learn
the unknown coefficients in the equations. Assume that we
have observed N data points of system state time series of dis-
placement, voltage and output current denoted by X, V' and
I, respectively. Meanwhile, data points X, V and I have
been dimensionless to [x1,x2,%x3,...,%n5], [vi,V2,V3,...,VN]
and [i],i2,13,...,iN] at [t1,72,83,...,ty]. We transform Eq. (3)
into the following differential equations:

dx = ydr £ b, dt,
dy = —[f(x)x+g(x)+ &V + &I de + E(r)de

£ bydt +&(1)dt,
dV = (= V + Ay) dr £ bsdt,
dl = (—uol + Axy) dt = bydt, 4)

where §(r) = Fcos(t) + W (¢) is the harmonic excitation and
Gaussian white noise. For the GWN, it satisfies

E[E(1)] =0, E[E()S()]=2D5(t—1), ©)

where 8(t —t') represents the Dirac delta function and D
denotes the noise intensity. Then, &(¢)dr = Fcos(r)dr +
V2DdW (t), where W (¢) is the standard Winner process.

3.1. Learned process of drift term

In this subsection, we introduce the sparse identification
of drift term b = [by, by, b3,b4]T. Firstly, we approximate the
|

o1 (t1,x1,%1,v1,11)
A=
| §1(tn—2,XN—2,%N—2,VN-2,iN—2)
o
B = , u=
| IN—2 VN—2 IN-2

first-order derivative by using the first-order difference, i.e.,

L Xl — Xk L Xkl — g

Xk = At s Yk = At )

Vil =V hkpr— i
V=T k=T (6)

The derivative of the system state with respect to ¢ can be
calculated. Subsequently, we obtain the datasets as follows:

[xlax2ax3a" . ,.XN],

A
= [ylay23y3a' .- 7nyl];

[y17y27y37"'7yN_1]7 Y:[y17)>27y37"'7yN_2]7

X =

X = [k, 42,43, ..., %n_1]
Y =

V =[vi,v2,v3,...

7VN]’ V:[‘.}]’vzﬁv3""7‘>N71]7

I= [i17i27i37"'7i1\/]7 j: [i17i27i31"'7iN71}' (7)

According to the feature of unknown coefficient term in
Eq. (4), a series of basis functions called dictionary is con-
ducted as

&(t,X,X,V,I)
- [qn(t,X,X,V,I),...,¢K(t,X,X,V,I)}. 8)

The learned results will be better if we select an abundant
type of basis functions, while the real workload is enormous
and polynomial basis functions are enough precise for most
cases.

By referring to Ref. [42], by, b3 and b4 are estimated by
using the Kramers—Moyal formula, i.e.,

. Vi1 — Yk . Vil — Vi
by = lim ~——— b3 = lim ———
LR valt S VR R vil S VIR
k1 — g
by = lim ———. 9
4 A—0 At ©)

Substituting Eqgs. (6)—(9) into Eq. (4), we obtain
K . K K
VR Y upg;, V) upd, I=) upe.  (10)
j=1 j=1 j=1

Then, the array of unknown coefficients u can be derived
by

Au=B, (11)
where

¢K(tlvx17x17vl7i1)

; 12)

oo Ok (tN—2,XN—12,XN—2,VN—2,iN-2)

uilp U2 U3

U1 UK2 UK3
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However, Eq. (11) may have no solutions due to the equa-
tions more than variables. Based on this, we use the least

square sense, i.e.,

argmin|| Au — B3 (13)
u
Thus, the solution u can be obtained by
u=(ATA)" (A"B). (14)

As we know, here u are not yet the sparse solutions. For
enhancing the sparsity, we introduce L; regular, i.e.,

4 = argmin (|| Au — B3 +p|lull1), (15)

where p > 0 is called as the penalty factor applied in restrict-
ing the weight of the sparsity constraint. Due to the meaning
of the L; regular, some terms in the solutions will be equal to
ZEero.

The approach we used to solve Eq. (15) is iterative al-
gorithm SSR together with CV. Compared with the iterative
threshold algorithm, *'?7 Lasso, ¥ elastic net!**! and match-
ing pursuit,[*3! SSR not only can adaptively select the number
of iterations and the sparsity level, but also does not needlessly
adjust the external parameters like threshold parameter A. The
purposes of CV!#®! are the division of data and the selection
of optimal parameter. The pipeline works are summarized in
Table 1.

Table 1. The algorithm for sparse identification.

Algorithm

Python pseudo code of sparse identification for the hybrid VEH

Input
Basis function P(t, X, X,V, I).
Derivative of the system state.
Matrix A and B.

Calculate

for 4 in range(the number of k-fold):

Datasets of non-dimensional system state time series X, V', I

Divide the data into training data and test data.

for j in range(K): #K is the number of basis functions.
Solve Au=B by using u=(ATA)7l (ATB) and training data.
m = min|u;j|, u,=0, A[:;m] =[] and u[m] = [].
i

Calculate the MSE for the w by using test data. Meanwhile, we save all MSE and u.

Select the u corresponding to the minimum MSE as .

Output The optimal solutions .

3.2. Learned process of diffusion term

For GWN, the diffusion term ay; in Eq. (4) is calculated
as 2D. Analogously, we construct the basis function ¥(X).
Then, the diffusion term is approximated as

L
an=Y qv;. (16)
j=1

The ay; can be estimated by the Kramers—Moyal formula

N2
= lim (Vi1 — k) .

17
Ar—0 At an

Consequently, the diffusion coefficients g are acquired by

~

Aq=B, (18)
where
A v (x1) i (x1)
A= : . : ,
Vi ()éN—l) II/L(X'N—I)
B=[02-n) o vt —yw2)’] /A (19)

Finally, by performing Eqgs. (13)—(15) and the algorithm
in Table 1, we obtain

q= (ATA) - (ATB) . (20)

According to the steps in Table 1, we strengthen the
sparse level of the solution g and the sparse solution § is ob-
tained.

4. Discover equations for a hybrid VEH under
harmonic excitation
4.1. A hybrid VEH under harmonic excitation
Let f(x) = cax* + cox? + co, g(x) = Six + &xX° +
8sx°147481 and D = 0. The equations of the system can be
expressed as

X+ (C4x4 +ex? + co)X+ dix+ 83 + 85x°
+ &1V + &I = Feos(z),
V+uwV =A%,

I+l = Ao, 1)

where cg, ¢, and ¢4 are the damping coefficients, and 6y, 03
and Os are the stiff coefficients. Then, we obtain the following
differential equations:

dx = ydz, (22a)
dy = 7[(C4x4+czx2+co)y+51x+53x3+55x5

F 8V + Gol]dr + Feos(r)dt, (22b)
dV = (= V +Ayy) dt, (22¢)
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dl = (—pol + Aoy) dr. (22d)

Meanwhile, we make

bon = —[(cax* + cox® + co)y + Spx + 83x° + 85x° (23a)
+ &V + &, (23b)

bsh = —V + A1y,

ban = —pol + Aoy. (23¢)

4.2. Sparse learning of the system under harmonic excita-
tion

We set parameters as co = —0.5, ¢; = 0.5, ¢4 = —0.1,
0=1,8=-30=1, C1=0.5, CzZO.S,FZ I, u =1,
)L] = 1,[.12 =0.5, 2,2 =1.

According to Eq. (22), five independent system state tra-
jectories of N, = 10° steps each are generated as the observed
data by using the method of the fourth order Runge—Kutta.
We compute the derivatives X,Y,Vand I by applying
Eq. (6) with the time step At = 0.001, where the smaller Az, the
higher the accuracy. Then, K = 27 basis function dictionary
Py (1, X, X, V.I ) is considered. The specific composition of
the dictionary reads as

Spfl(ta*XaAX.-7‘/7I)
= [1,X,X, X% XX, X% X% X?X XX,

X3 X4 X3X, X2 X2 x X3 x4
X3 XX, X3X?, X2X3, X X4 X,

V', 1 sin(t),cos(t),sin(2t), cos(Zt)} . (24)

The matrices A and B can be obtained by Egs. (9), (10)
and (12). To avoid under-fitting and over-fitting, 7-fold CV
is utilized to select the specific number of iterations on which
SSR needs to be run. We have a family of models with the
number of iterations as parameter (SSR(0), ..., SSR(27)). By
performing the algorithm in Table 1, we select the one model
that is best to fit the observed datasets. Figures 2(a), 2(b)
and 2(c) respectively demonstrate MSE of coefficients learn-
ing from Egs. (22b), (22c) and (22d), where n denotes the
number of non-zero coefficients.

From Fig. 2(a), we can see that when n < 8, the MSE vi-
brates firstly and then decreases slowly. Subsequently, the part
of n > 8 is magnified in the upper right of Fig. 2(a). The results
show that when n changes from 8 to 9, the mean square error
plummets, and then slowly decreases until » = 11. We hold
the opinion that the model is under-fitting in n < 8 and over-
fitting in 7 > 11.128] Analogously, Figs. 2(b) and 2(c) show that
the number of non-zero coefficients in Egs. (22c) and (22d) is
2. Thus, for Eq. (22b), we focus on n =9 and n = 10. For
Egs. (22¢) and (22d), n = 2 is the best parameter value.

-7 F —6 —6
30k (a) s x10-7 0.8 (b) %10 o6k X10
25+
1.0 0.61 5
201 0.4F
<] <] =l
E s 05 (é; 04t %
0
10F 0 15 20 25 o2l 4 6 0.2 2 4 6
sk
o, T : T : T 0p, o R
0 5 10 15 20 25 0 1 2 3 4 5 6 0 1 2 3 4 5 6
n n n

Fig. 2. MSE from applying SSR algorithm is plotted as a function of solution size n. (a) Eq. (22b); (b) Eq. (22¢); (¢) Eq. (22d).

Table 2. Identified coefficients for Eq. (22b).

Function True Learn Learn Func. True Learn Learn
(Func.) n=9) (n=10) n=9) (n=10)
1 0 0 0 x4 0 0 0
X -1 —1.00082 —1.00089 X3 -1 —1.00003 —1.0002
X 0.5 0.49936 0.49953 X4X 0.1 0.09753 0.09753
Xx? 0 0 0 X3x? 0 0 0
XX 0 0 0 X2x3 0 0 0
X2 0 0 0 xx* 0 0 0
X3 3 3.00041 3.00034 X3 0 0 0
XX -0.5 —0.49566 —0.49572 1% -0.5 —0.50104 —0.50152
XxXx? 0 0 0 I -0.5 —0.49906 —0.49888
X3 0 0 0 sin(t) 0 0 —0.00055
x* 0 0 0 cos(t) 1 0.99993 0.99989
X3X 0 0 0 sin(2t) 0 0 0
X2x? 0 0 0 cos(2t) 0 0 0
xXx3 0 0 0

The sparse solutions i, can be learned as listed in Tables 2—4. The results indicate that the coefficients learned from the
algorithm are similar to the true values, and n = 9 is more suitable for Eq. (22b). Furthermore, Figs. 3(a) and 3(b) demonstrate the
comparisons of learned values and true values with regard to damping force f(x) and stiffness term g(x), respectively. Figure 4
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shows the comparison of time-varying displacement and time-varying voltage from the original system and the learned system.
The results show that the true system and the learning system are in good agreement.

Table 3. Identified coefficients for Eq. (22c).

Func. True Learn Func. True Learn Func. True Learn Func. True Learn
X 0 0 X 1 1.000240 X2 0 0 XX 0 0
X? 0 0 4 ~1 —1.001459 I 0 0

Table 4. Identified coefficients for Eq. (22d).

Func. True Learn Func. True Learn Func. True Learn Func. True Learn
X 0 0 X 1 1.000506 X2 0 0 XX 0 0
X2 0 0 Vv -0.5 —0.499224 1 0 0
L70F (a) —— Original system
— -~ Learned system
1.65F
= 160}
8
1.55F
L50F Y
70 75 80 85 90 95 100
t
0.08 — Original system
— - — Learned system
0.06 \
=
X 0.04
0.02
. . . Of , , . . . . .
-1 0 1 70 75 80 85 90 95 100
z t
Fig. 3. Comparisons between the learned values and true values of (a) Fig. 4. Comparisons of (a) time-varying displacement and (b) time-
f(x) and (b) g(x). varying voltage.

(b) Learned

—-1=2 =

(d) Learned

—1

(S}

A ! -17=2
Fig. 5. Comparisons between true values and learned values of the byy. (a) and (b) y =10.5,1=0.5; (c) and (d) y=0.5,V =0.5.
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-1—~10 v

0
0.5
4 —1TZ1.0 I

(b) Learned

-1—10 Vv

(d) Learned

Fig. 6. Comparisons between true and learned functions. (a) and (b) b3y; (c) and (d) bay.

Table 5. The learned results of 10 sets data with different Ar and different M.

Parameters True At =0.001, N, =2 x 10° Ar =0.001, N, = 10° At =0.01, Ny, = 10°
Mean (Std.) Mean (Std.) Mean (Std.)

5 1 1.000802(0.00019522) 1.00082(0.00020036) 1.00611(0.0014855)
o -0.5 —0.499361(0.00015668) —0.499356(0.00015668) —0.49452(0.0013342)
& -3 —3.00039(0.00009571) —3.00041(0.000099989) —3.00117(0.0002840)
e 0.5 0.495663(0.0010569) 0.495655(0.0010569) 0.45675(0.010522)
s 1 1.000031(0.0000077152) 1.0000346(0.0000084255) 0.99953(0.000112)
cs —0.1 —0.097525(0.0006024) —0.097524(0.0006024) —0.075233(0.006024)
& 0.5 0.50101(0.00024634) 0.50104(0.00025415) 0.51296(0.003154)
& 0.5 0.49908(0.00022365) 0.49906(0.00022843) 0.48973(0.002498)
F 1 0.999974(0.48542) 0.99992(0.485485) 0.99872(0.486192)
M 1 1.00024(0.48655) 1.00025(0.486560) 1.002298(0.487063)
I 1 1.00295(0.00071926) 1.00298(0.00072429) 1.02915(0.007092)
A 1 1.000497(0.486625) 1.000498(0.486625) 1.00480(0.487672)
U 0.5 0.49852(0.00035954) 0.49851(0.00036207) 0.48546(0.0035364)

Since Eq. (23b) is four-dimensional, the figure of equa-
tion is impossible to plot intuitively. Thus, we plot the equa-
tion as two-dimensional by fitting two state variables. In
Figs. 5 and 6, comparisons of the true and learned by, b3, and
by are shown to indicate the learning results. Here, Figs. 5(a)
and 5(c) represent the true function bop; Figs. 5(b) and 5(d)
represent the learning function by,. The two rows of the fig-
ures denote the case with (i) y=0.5 and I = 0.5; (ii)) y = 0.5
and V = 0.5, respectively. Figures 6(a) and 6(b) are the true
functions of b3, and bgy, respectively. Figures 6(c) and 6(d)
are the learning functions of b3, and by, respectively. The re-
sults show that the learning functions agree well with the true
functions.

By referring to Refs. [49-51], we know that as the fluctua-
tions of the estimated parameters are small with the increase of
data length, the estimated parameters converge approximately
to the true value of the parameters. Then, 10 sets data with
different Ar and NV, are learned by the sparse identification al-

gorithm. The results from Table 5 demonstrate that for the
same time step Ar, the longer the data length, the smaller the
standard (Std.) deviation. For the same data length N, the
standard deviation decreases as the Ar decreases. Thus, with
an increase of data length and a small time step, the identified
coefficients can be close to the true values of the coefficients.

5. Discover equations for a hybrid VEH under
GWN and harmonic excitation

5.1. A hybrid VEH under GWN and harmonic excitation

In this section, the parameter values are the same as those
in Subsection 4.2, except for the parameter 2D = 0.01. We
consider a hybrid energy harvester under both GWN and har-
monic excitation, i.e.,

i+ (C4x4 + X+ co)X+ O1x+ 83> + 85
+8V + Gl = Feos(t) + W(t),
V4 WV =A%,
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I+l = A (25)

Then, Eq. (25) can be written as the It6 stochastic differ-
ential equations

dx = ydz,
dy = —[(C4x4+czx2+co)y+51x+ 83 + 85x°

(26a)

+ &V + Gl dt + Feos(t)dt +V2DdW (1), (26b)
dvV = (= V + Ay) dt, (26¢)
dl = (—pol + Apy) dr. (26d)

Accordingly, the diffusion term ay; = 2D, and the drift
term b of Eq. (26) can be obtained as

big y
A ba| |- [(C4x4+62x2+co)y+51x+ &3 +55x5+C1V+C21] + Fcos(t)
b= - 7
bsg —wV+Ay
bag — I+ Ay

5.2. Pre-processing of drift term and diffusion term

For the drift term b, Kg = 18 basis function dictionary &g (t, X, X, V.I ) is given by

B6(t, X, X, V,I)=[1,X,X, X2 XX, X3 X2X, X% X3X, X X*X,X® V I sin(t),cos(t),sin(2t),cos(2t)]. (28)

By using the sparse identification algorithm in Table 1,
the drift coefficients @G can be solved by

Au=B, (29)

where A and B are obtained by Eqgs. (9), (10) and (12).
Analogously, for the diffusion term ay; = 2D, L = 4 basis
function dictionary ¥ (X)) is constructed as

U(X)=[1,X,X2 X7 (30)

According to Subsection 3.2, the sparse solution § can be

X108 (a)

calculated.

5.3. Sparse learning of the system under GWN and har-
monic excitation

On the basis of Eq. (26), the fourth-order Runge—
Kutta3?! is utilized to generate one hundred independent sys-
tem state trajectories of Ng = 103 steps. Then, X s Y, V and
I are approximated numerically by Eq. (6). Through Egs. (28)

and (29), A and B in Eq. (29) are established. Similarly, A
and B are obtained via Egs. (30) and (19).

0.06

MSE

MSE

Fig. 7. The mean MSE of CV for fifty trajectories and each non-zero coefficients n. (a) Function byg; (b) function b3g; (c) function bag; (d)

function ay;.

Likewise, we use 10-fold CV to find the optimal number
of iterations of SSR. For the one hundred trajectories and each

the number of non-zero coefficients n, the mean MSE of 10-

fold CV is calculated by performing the algorithm in Table 1.
Here, Figs. 7(a), 7(b), 7(c) and 7(d) show the mean MSE of the

function bsg, b3, bag and az; with every trajectories and the
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number of iterations. Then, to judge the number of iterations,
we choose the optimal trajectory which has a minimum MSE
in all average MSE. Figures 8(a), 8(b), 8(c) and 8(d) are the
MSE of the functions byg, b3g, bsg and ap;. From Fig. 8(a),
the MSE has large fluctuations in n < 4 and small fluctuations
in n > 4. The part of n > 7 is amplified in the upper right of
Fig. 8(a). It can be seen that the MSE decreases sharply from
n =8 to n =9 and fluctuates after n > 10. Meanwhile, the
minimum MSE of the trajectory is acquired in n = 10. Thus,
we conclude that the best number of iterations is Kg — 9 or
K — 10 in drift function byg, i.e., n =9 or n = 10. Due to the
feature of bog, we only consider n = 9. Similarly according to

the above analysis, because of the minimum MSE correspond-
ing to the n, the number of optimal non-zeros coefficients of
the functions b3g, bag and ax aren =2, n =2 and n = 1, re-
spectively. Differently, in Fig. 8(d), we choose n = 1 because
n = 0 does not satisfy the existence of white noise in Eq. (25).

In the following, from the sparse identification algorithm
in Table 1, we learn the coefficients of byg, b3g, bag and ax»
using Kg —9, Kg — 2, Kg —2 and L — 1 iterations, respectively.
With the application of the optimal trajectory and 10-fold CV,
the learned results are shown in Tables 6, 7, 8 and 9 correspond

to bag, b3, bag and apy, respectively.

(a) 0.05 (b X10—-14
1251
0.04 1.0
100 | 9.86
0.03
& A 0.5
wn 75f <
= 9.84 0.02
50F 10 15 2 4 6
0.01
251
0
0 5 10 15 0 2 4 6
n n
0.30
d
0.008 (d)
0.25
0.006 0.20 02
511 0.15
n 0.004 S :
0
0.10 T
1 2 3
0.002 4 6
0.05
0 0 :
0 2 4 6 0 0.5 10 15 20 25 30
n n

Fig. 8. The MSE of optimal trajectory with non-zero coefficients n. (a) Function b,g; (b) function b3g; (c) function bsg; (d) function ap;.

Table 6. Identified coefficients for byg.

Func. True Learn (n =9) Func. True Learn (n =9)
1 0 0 X3 -1 —1.002978
X -1 —0.994891 X*x 0.1 0.097383
X 0.5 0.494865 X6 0 0
x? 0 0 Vv -0.5 —0.518883
XX 0 0 1 —0.5 —0.481516
x3 3 3.003853 sin(t) 0 0
X2X -0.5 —0.490058 cos(t) 1 1.010846
x4 0 0 sin(2t) 0 0
X3x 0 0 cos(2t) 0 0
Table 7. Identified coefficients for bs3g.
Func. True Learn Func. True Learn Func. True Learn Func. True Learn
1 0 0 X 1 0.9995 XX 0 0 Vv -1 —0.999501
X 0 0 X2 0 0 X2X 0 0 I 0 0
Table 8. Identified coefficients for byg.
Func. True Learn Func. True Learn Func. True Learn Func. True Learn
1 0 0 X 1 0.999750 XX 0 0 Vv 0 0
X 0 0 x? 0 0 XX 0 0 I -0.5 —0.499875

120203-9
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Table 9. Identified coefficients for ay;.

Func. True Learn Func. True Learn Func. True Learn Func. True Learn
2D 0.01 0.010011 X 0 0 x? 0 0 x3 0 0

We show intuitively the learned results in Figs. 9-11. Figure 9 demonstrates the fitting situation of the functions f(x) and
g(x). Figure 10 represents the comparison of the original system and the learned system in time-varying displacement x(¢) and
voltage V (¢). It can be seen that compared with the true coefficients, the learned coefficients have slight deviation within an

acceptable range.

0.1 (a) 15F
0 1.0F
-0.1 0.5t
—~ = I
;i/ -0.2 < 0
-0.3 -0.5F
-0.4 -1.0F
=05 " " 1 " " -15r
-2 -1 0 2
x
Fig. 9. Comparisons between the learned values and true values of (a) f(x) and (b) g(x).
(a) —— Original system 0.25[ (b) —— Original system
1.7 —— Learned system —— Learned system
v U 0.20
1.6
= 0.15
= <
¥ 19 0.10
1.4 0.05
1.3 0
70 75 80 8 90 95 100 70 75 80 8 90 95 100
t t
Fig. 10. Comparisons of (a) time-varying displacement and (b) time-varying voltage.
(a) True (b) Learned
2
1
9]
<L 0
—1
—2
1

Y —1=10 v

(c) True (d) Learned

S0
-5 =0.
v 1T %5 Y -1=1.0 7

Fig. 11. Comparisons between true and learned functions. (a) and (b) b3g; (c) and (d) bag.

Then, the results of comparison between true values and learned values with respect to b3g and b4 are shown in Fig. 11.
Figures 11(a) and 11(b) are the true functions of b3g and bsg, respectively. Figures 11(c) and 11(d) are the learning functions
of b3g and bsg, respectively. The true and learned results of function byg are displayed in three parts x—V, x—I and x—¢. We

120203-10
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demonstrate the equation in two-dimensional due to the dimension of b,g more than two. Figures 12(a)-12(e) represent the true

results. Figures 12(b)—12(f) represent the learned results. The three rows of the figures describe the case with (i) y =0.5,1=0.5
andr=10; (i) y=0.5,V =0.5and r = 10; (iii)) y = 0.5, V = 0.5 and I = 0.5, respectively. It can be seen that the coefficients
learned from the sparse identification algorithm have good enough accuracy.

(a) True (c) True

2

0
v}
&

—2

—4

1
0
v -1—2 1 T I

(b) Learned (d) Learned

0
14 —1_271 T I

—17—2 — x

(e) True

4

~ 0
—1=p 1

1 0

Fig. 12. Comparisons between true values and learned values of the byg. (a) and (b) y =0.5,1=0.5,7=10; (¢c) and (d) y=0.5, V = 0.5,

t=10; (e) and (f) y =0.5,V =0.5,1=0.5.

Above all, the hybrid energy harvesting system identified
by sparse identification is consistent enough with the real sys-
tem.

6. Conclusion

In this paper, a sparse identification approach was devel-
oped to acquire the governing equations of the hybrid energy
harvesting system from the simulated sample state data. Two
examples were taken to verify the feasibility and effectiveness
of the method.

To begin with, a hybrid energy harvester under harmonic
excitation was the first example. Through approximating
derivatives by the first-order difference and constructing the
basis functions dictionary, we obtained the expressions of dif-
ferential equations of the system, which are equal to the linear
combination of basis functions. Then, for the number of non-
zero coefficients n and each sample trajectory, 7-fold cross-
validation (CV) was applied to prevent under-fitting and over-
fitting by observing the variations of MSE. Removing the situ-
ations of under-fitting and over-fitting, we selectedn =9, n =2
and n = 2 for the differential equations y, V and /, respectively.
After solving Au = B by using the sparse identification algo-
rithm, we learned the unknown coefficients, and discussed the
degree of fitting. The results showed that the method is applied
to solve the coefficients which are sufficiently accurate to the
true functions, and all the learned coefficients are greatly con-
verge to the true coefficients with the increase of data length

under a small time step. Thus, this method can be well utilized
to the deterministic hybrid energy harvesting system.

A hybrid energy harvester under both harmonic excitation
and Gaussian white noise was the second example. Firstly, we
received the approximated equations of the drift term and dif-
fusion term based on the Kramers—Moyal formulas. Accord-
ing to the basis function dictionary, we calculated the iterative
expressions of the drift term and diffusion term, respectively.
Together with the 10-fold CV, the sparse identification algo-
rithm was used to obtain the number of optimal non-zero co-
efficients n =9, n =2, n =2 and n = 1 corresponding to the
functions of byg, bsg, bsg and apy, respectively. According
to the comparison of learned functions and true functions, the
results demonstrated that the method is well applied to the hy-
brid energy harvesting system with an acceptable deviation.
Meanwhile, compared with the first example, the second ex-
ample depends on more sufficient data to reduce the effect of
the noise.

Thus, measuring the time-series data of the system state,
we can build the equations for the hybrid energy harvester.
Then, the learned system can be applied to explore the subse-
quent dynamical behavior with the aim of the improvement of
performance of the energy harvester.

Acknowledgements

Project supported by the National Natural Science Foun-
dation of China (Grant Nos. 12002089 and 11902081) and

120203-11



Chin. Phys. B 31,

120203 (2022)

Project of Science and Technology of Guangzhou (Grant
No. 202201010326).

References

(1]

[2]
[3]
(4]
[3]
(6]

(71

[8]
[91

[10]
[11]
[12]
[13]
[14]
[15]

[16]
[17]

[18]
[19]

[20]
[21]
[22]

[23]
[24]

Liu Q, Xu Y and Kurths J 2020 Commun. Nonlinear Sci. Numer. Simul.
84 105184

Yang Y G, Xu W, Sun Y H and Gu X D 2015 Chin. Phys. B 25 020201
Zhang Y, Jin Y and Li Y 2021 Phys. D 422 132908

Daqgaq M F 2012 Nonlinear Dyn. 69 1063

Seuaciuc-Osério T and Dagaq M F 2010 J. Sound Vib. 329 2497
Foong F M, Thein C K, Ooi B L and Yurchenko D 2019 Mech. Syst.
Signal Process. 116 129

Dragunov V P, Dorzhiev V Y, Ostertak D T and Atuchin V V 2018
Sensors Actuators, A Phys. 272 259

Ibrahim A, Ramini A and Towfighian S 2018 J. Sound Vib. 416 111
Siddique A R M, Mahmud S and Heyst B V 2015 Energy Convers.
Manag. 106 728

Panyam M and Daqaq M F 2017 J. Sound Vib. 386 336

Karami M A and Inman D J 2011 J. Sound Vib. 330 5583

Xia H, Chen R and Ren L 2015 Sensors Actuators, A Phys. 234 87
Jiang J, Xu W, Han P and Niu L 2022 Chin. Phys. B 31 060203

Wang X, Duan J, Li X and Song R 2018 Appl. Math. Comput. 337 618
Zhou X Y, Gao S Q, Liu H P and Guan Y W 2017 Smart Mater. Struct.
26 015008

Sengha G G, Fokou Kenfack W, Siewe Siewe M, Tabi C B and Kofane
T C 2020 Commun. Nonlinear Sci. Numer. Simul. 90 105364
Foupouapouognigni O, Nono Dueyou Buckjohn C, Siewe Siewe M and
Tchawoua C 2018 Phys. A 509 346

Sun Y H, Yang Y G, Zhang Y and Xu W 2021 Chaos 31 013111
Mokem Fokou I S, Nono Dueyou Buckjohn C, Siewe Siewe M and
Tchawoua C 2018 Commun. Nonlinear Sci. Numer. Simul. 56 177
Yang T and Cao Q 2019 Mech. Syst. Signal Process. 121 745

Brunton S L and Kutz J N 2019 Data-Driven Science and Engineer-
ing: Machine Learning, Dynamical Systems, and Control (Cambridge:
University Press) pp. 229-275

Chang L J, Mo Y F, Ling L M and Zeng D L 2022 Chin. Phys. B 31
060201

Schwantes C R and Pande V S 2015 J. Chem. Theory Comput. 11 600
Gagne D J, Christensen H M, Subramanian A C and Monahan A H
2020 J. Adv. Model. Earth Syst. 12 e2019MS001896

[25]
[26]

[27]
(28]
[29]
[30]

131
(32
(33
3
3
136
3
(38
(39
[40

[N

~

]
]
]
]
]
|
]
]
1
]

[41]
[42]

[43]
[44]
[45]
[46]

(471

(48]
[49]
[50]
[51]
[52]

120203-12

Canhoto A 12021 J. Bus. Res. 131 441

Kutz J N, Brunton S L, Brunton B W and Proctor J L 2016 Dynamic
mode decomposition: data-driven modeling of complex systems (Soci-
ety for Industrial and Applied Mathematics) pp. 195-206

Brunton S L, Proctor J L, Kutz J N and Bialek W 2016 Proc. Natl.
Acad. Sci. USA 113 3932

Boninsegna L, Niiske F and Clementi C 2018 J. Chem. Phys. 148
241723

Rudy S H, Nathan Kutz J and Brunton S L 2019 J. Comput. Phys. 396
483

Dai M, Duan J, Liao J and Wang X 2021 Appl. Math. Comput. 397
125927

Lu P and Lermusiaux P F 2021 Phys. D 427 133003

Huang Y and Li Y 2022 Chin. Phys. B 31 070501

Wu D, Fu M and Duan J 2019 Chaos 29 093122

Zhang Y, Duan J, Jin Y and Li Y 2020 Chaos 30 1

Lu Y and Duan J 2020 Chaos 30 1

Li Y and Duan J 2022 J. Stat. Phys. 186 1

LiY,Lu Y, Xu S and Duan J 2022 J. Stat. Mech. Theory Exp. 023405
Li Y and Duan J 2021 Phys. D 417 132830

Xu M, Jin X, Wang Y and Huang Z 2014 Nonlinear Dyn. 78 1451

Huang D, Zhou S and Litak G 2019 Commun. Nonlinear Sci. Numer.
Simul. 69 270

Champion K, Lusch B, Nathan Kutz J and Brunton S L 2019 Proc.
Natl. Acad. Sci. USA 116 22445

Risken H 1996 Fokker-Planck Equation (Berlin: Springer-Heidelberg)
pp. 63-95

Tibshirani R 2011 J. R. Stat. Soc. Ser. B Stat. Methodol. 73 273

Zou H and Hastie T 2005 J. R. Stat. Soc. Ser. B Stat. Methodol. 67 301
Mallat S G and Zhang Z 1993 IEEE Trans. Signal Process. 41 3397
Hastie T, Tibshirani R and Friedman J H 2001 The elements of sta-
tistical learning: data mining, inference, and prediction (New York:
Springer) p. 214

Guo SL, Yang Y G and Sun Y H 2021 Chaos, Solitons and Fractals
151 111231

Zhang Y, Duan J, Jin Y and Li Y 2021 Nonlinear Dyn. 106 2829
Pavliotis G A and Stuart A M 2007 J. Stat. Phys. 127 741

Samson A and Thieullen M 2012 Stoch. Process. their Appl. 122 2521
Lu F, Lin K and Chorin A 2016 Comm. App. Math Comp. Sci. 11 187
Wang Z Q, Xu Y and Yang H 2016 Sci. China Technol. Sci. 59 371


https://doi.org/10.1016/j.cnsns.2020.105184
https://doi.org/10.1016/j.cnsns.2020.105184
https://doi.org/10.1088/1674-1056/25/2/020201
https://doi.org/10.1016/j.physd.2021.132908
https://doi.org/10.1007/s11071-012-0327-0
https://doi.org/10.1016/j.jsv.2010.01.015
https://doi.org/10.1016/j.ymssp.2018.06.012
https://doi.org/10.1016/j.ymssp.2018.06.012
https://doi.org/10.1016/j.sna.2018.01.053
https://doi.org/10.1016/j.sna.2018.01.053
https://doi.org/10.1016/j.jsv.2017.11.036
https://doi.org/10.1016/j.enconman.2015.09.071
https://doi.org/10.1016/j.enconman.2015.09.071
https://doi.org/10.1016/j.jsv.2016.09.022
https://doi.org/10.1016/j.jsv.2011.06.021
https://doi.org/10.1016/j.sna.2015.08.014
https://doi.org/10.1088/1674-1056/ac5616
https://doi.org/10.1016/j.amc.2018.05.038
https://doi.org/10.1088/1361-665X/26/1/015008
https://doi.org/10.1088/1361-665X/26/1/015008
https://doi.org/10.1016/j.cnsns.2020.105364
https://doi.org/10.1016/j.physa.2018.06.026
https://doi.org/10.1063/1.5145178
https://doi.org/10.1016/j.cnsns.2017.08.006
https://doi.org/10.1016/j.ymssp.2018.12.004
https://doi.org/10.1017/9781108380690
https://doi.org/10.1017/9781108380690
https://doi.org/10.1017/9781108380690
https://doi.org/10.1088/1674-1056/ac4cc5
https://doi.org/10.1088/1674-1056/ac4cc5
https://doi.org/10.1021/ct5007357
https://doi.org/10.1029/2019MS001896
https://doi.org/10.1016/j.jbusres.2020.10.012
https://doi.org/10.1137/1.9781611974508
https://doi.org/10.1137/1.9781611974508
https://doi.org/10.1137/1.9781611974508
https://doi.org/10.1073/pnas.1517384113
https://doi.org/10.1073/pnas.1517384113
https://doi.org/10.1063/1.5018409
https://doi.org/10.1063/1.5018409
https://doi.org/10.1016/j.jcp.2019.06.056
https://doi.org/10.1016/j.jcp.2019.06.056
https://doi.org/10.1016/j.amc.2020.125927
https://doi.org/10.1016/j.amc.2020.125927
https://doi.org/10.1016/j.physd.2021.133003
https://doi.org/10.1088/1674-1056/ac4e0d
https://doi.org/10.1063/1.5118788
https://doi.org/10.1063/5.0018812
https://doi.org/10.1063/5.0004450
https://doi.org/10.1007/s10955-022-02873-y
https://doi.org/10.1088/1742-5468/ac4e87
https://doi.org/10.1016/j.physd.2020.132830
https://doi.org/10.1007/s11071-014-1527-6
https://doi.org/10.1016/j.cnsns.2018.09.025
https://doi.org/10.1016/j.cnsns.2018.09.025
https://doi.org/10.1073/pnas.1906995116
https://doi.org/10.1073/pnas.1906995116
https://doi.org/10.1007/978-3-642-61544-3_4
https://doi.org/10.1007/978-3-642-61544-3_4
https://doi.org/10.1111/j.1467-9868.2011.00771.x
https://doi.org/10.1111/j.1467-9868.2005.00503.x
https://doi.org/10.1109/78.258082
https://doi.org/10.1007/978-0-387-21606-5
https://doi.org/10.1007/978-0-387-21606-5
https://doi.org/10.1007/978-0-387-21606-5
https://doi.org/10.1016/j.chaos.2021.111231
https://doi.org/10.1016/j.chaos.2021.111231
https://doi.org/10.1007/s11071-021-06960-9
https://doi.org/10.1007/s10955-007-9300-6
https://doi.org/10.1016/j.spa.2012.04.006
https://doi.org/10.2140/camcos.2016.11.187
https://doi.org/10.1007/s11431-015-6001-2

	1. Introduction
	2. Hybrid VEH under noise excitation
	3. Sparse identification for hybrid VEH
	3.1. Learned process of drift term
	3.2. Learned process of diffusion term

	4. Discover equations for a hybrid VEH under harmonic excitation
	4.1. A hybrid VEH under harmonic excitation
	4.2. Sparse learning of the system under harmonic excitation

	5. Discover equations for a hybrid VEH under GWN and harmonic excitation
	5.1. A hybrid VEH under GWN and harmonic excitation
	5.2. Pre-processing of drift term and diffusion term
	5.3. Sparse learning of the system under GWN and harmonic excitation

	6. Conclusion
	References

