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Dear editor,

The inherent hysteresis of a piezoelectric actuator (PEA) re-

sults in intricate nonlinearity between the output displace-

ment and input voltage, which restricts positioning accu-

racy of the actuator [1, 2]. Hysteresis behavior appears as

a coupling of nonlinearity, frequency-dependence and mem-

ory characteristic, which makes it difficult to comprehen-

sively characterize hysteresis [3]. To eliminate the effect of

hysteresis on the positioning accuracy of PEAs, researchers

have proposed various modeling methods to simulate hys-

teresis [4–6].

To accurately simulate the hysteresis effect while improv-

ing the model generalization ability, this study attempts to

develop a novel model based on an improved neural Turing

machine, which has the ability to simultaneously simulate

nonlinearity, frequency-dependence and memory character-

istic of hysteresis. The architecture of the proposed model-

ing method is shown in Figure 1(a). Although it is also feasi-

ble to set frequency as one of the nonlinear module inputs to

simulate hysteresis, the advantages of the model with the fre-

quency module are mainly reflected in the ability to reduce

model training costs and improve the model applicability.

More specifically, since the relationship between frequency

and a hysteresis area is also nonlinear, it is equivalent to

extracting frequency-dependent nonlinearity from hystere-

sis by designing a separate frequency module, thereby im-

proving the interpretability of the constructed model. More

importantly, this design can decrease the nonlinearity of the

function fitted by the nonlinear module, so as to reduce the

complexity of the network structure in the nonlinear module.

Meanwhile, this structure enables distributed model train-

ing, which shortens training time while ensuring modeling

accuracy.

Modeling and identification of frequency module. As is

well known that hysteresis becomes more pronounced as the

frequency of input voltage increases within a certain range,

and the hysteresis area is positively correlated with fre-

quency due to the frequency-dependence. Therefore, it is ap-

plicable to precisely characterize the frequency-dependence

by elaborately constructing a back propagation neural net-

work (BPNN) [7]. The structure of the designed BPNN is

presented in Figure 1(b), where the input node corresponds

to the frequency of the voltage, the output node produces

the hysteresis area at the frequency of f , and the hidden

layer consists of M nodes denoted as hm, m ∈ {1, 2, . . . ,M}.

Therefore, a hysteresis area is calculated as follows:

â = tanh

(

M
∑

m=1

(θmhm) + λ

)

, (1)

where θm and λ respectively denote the weight and bias be-

tween the hidden layer and the output layer, which are fur-

ther determined by training with the error back propagation

algorithm. The hidden node hm is calculated as follows:

hm = tanh(θ̂mf + λ̂m), (2)

where θ̂m and λ̂m denote the weight and bias between the

input layer and the hidden layer, respectively. tanh(·) is an

activation function with the following form:

tanh(s) =
es − e−s

es + e−s
, tanh(s) ∈ (−1, 1). (3)

The training process of the weight and bias in the BPNN

is shown in Appendix A.

Modeling and identification of nonlinear module. The

structure of the nonlinear module is shown in Figure 1(c),

which is a series-wound structure of an extreme learning

machine (ELM) and a BPNN with a single hidden layer.

The performance comparison between the proposed struc-

ture and a solitary ELM/BPNN structure is presented in

Appendix B.

To be specific, for the constructed ELM, the input layer

contains three nodes, which are set as follows:

î1 = â, î2 = vt, î3 = rt, (4)

where â denotes the hysteresis area produced by the fre-

quency module at the frequency of f , vt is the input voltage

*Corresponding author (email: fangyc@nankai.edu.cn)

http://crossmark.crossref.org/dialog/?doi=10.1007/s11432-020-3157-5&domain=pdf&date_stamp=2022-11-1
https://doi.org/10.1007/s11432-020-3157-5
info.scichina.com
link.springer.com
https://doi.org/10.1007/s11432-020-3157-5
https://doi.org/10.1007/s11432-020-3157-5


Wu Y N, et al. Sci China Inf Sci January 2023 Vol. 66 119203:2

vt

rt

dti

i

oo

a

d
t

d d

v
t

v v v

d

v
t

rt
dt

i

hM

hm

h h

hm

hM

o
f m

M

i h o

h

h

a

(a) (b) (c) (d)

Figure 1 (Color online) The structures of the proposed modeling method and the different modules. (a) The architecture of the

proposed model; (b) the frequency module; (c) the nonlinear module; (d) the memory module.

at the moment of t, and rt represents the data read from

the memory module at the moment of t. The calculation

process of rt is presented in detail in the next subsection.

Afterwards, the nodes in the hidden layer are calculated

as follows:

ĥm̂ = sin





3
∑

p=1

(δpm̂ îp) + γm̂



 , m̂∈{1, 2, . . . , M̂}, (5)

where δpm̂ and γm̂ represent the weight and bias between the

input layer and the hidden layer, which are given randomly

and do not need to be updated iteratively, thus effectively

reducing the training time.

Hence, the output of the ELM is calculated as follows:

ô =
M̂
∑

m̂=1

(δ̂m̂ĥm̂), (6)

where δ̂m̂ denotes the weights between the hidden layer and

the output layer, which needs to be determined by model

training.

Further, the output of the ELM is put into the BPNN to

produce the final output of the nonlinear module as follows:

dt = ǒ = tanh





M̌
∑

m̌=1

(ϕ̌m̌ȟm̌) + ω̌



 , (7)

where ϕ̌m̌ and ω̌ denote the weight and bias between the

hidden layer and the output layer. ȟm̌ is calculated by

ȟm̌ = tanh(ϕm̌ô+ ωm̌), (8)

where ϕm̌ and ωm̌ stand for the weight and bias between

the input layer and the hidden layer.

The parameter identification for the nonlinear module is

shown in Appendix A.

Mechanism design of memory module. The detailed

structure of the memory module is presented in Figure 1(d).

To be specific, at the moment of t, the input voltage and

the model output displacement at previous moments, writ-

ten into the memory module, are stored by two memorizers,

thus constructing a voltage sequence container {v1, v2, v3,

. . . , vt−1} and a displacement sequence container {d1, d2, d3,

. . . , dt−1}.

Since the voltage closer to the current moment has a

stronger correlation with the output displacement at the

current moment, the weights applied to the voltage at dif-

ferent moments are set to gradually increase as approaching

the current moment. Hence, the weighted average of the

voltage sequence container is calculated as follows:

v̄t = σv(v1, v2, . . . , vt−1) =

t−1
∑

j=1

ζjvj , (9)

where ζj increases with the time j, which is determined by

ζj =
j

∑t−1

j=1
j
=

2j

t(t − 1)
. (10)

Similarly, the displacement sequence container is weigh-

ted averaged as follows:

d̄t = σd(d1, d2, . . . , dt−1) =

t−1
∑

j=1

τjdj , (11)

where τj is calculated by

τj =

∑t−1

j=1
vj

∑t−1

j=1
dj

·
j

∑t−1

j=1
j
=

2j
∑t−1

j=1
vj

t(t − 1)
∑t−1

j=1
dj

. (12)

Therefore, the output of the memory module is calculated

as follows:

rt = tanh(̟v v̄t +̟dd̄t + ξ), (13)

where ̟v and ̟d are the given weights and ξ denotes a

given threshold.

Experiment and analysis. Experimental results are

shown in Appendix C.

Conclusion. This study proposes a neural Turing

machine-based hysteresis modeling method to simulate hys-

teresis from the aspects of frequency-dependence, nonlinear-

ity and memory characteristic. Experiments demonstrate

the high accuracy and strong generalization ability of the

proposed model. Future work will focus on the application

of the proposed model for hysteresis compensation.
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