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Abstract—Being inherently compliant, the robotic artificial
muscles are increasingly popular in applications such as safe
human-robot interaction, legged robotics, prostheses and orthoses, and soft robotics. Their full utilization is often challenged
by the coupled hysteresis among input, strain, and tension force.
Although conventional two-dimensional hysteresis models are
available, no prior studies on three-dimensional hysteresis models
with coupled inputs have been reported for robotic artificial muscles. This paper presents a new approach to capturing the threedimensional hysteresis of robotic artificial muscles by embedding
a two-stage Preisach model. The proposed method is applied to
shape memory alloy (SMA) actuators. Since direct temperature
measurement of the SMA actuator is not available, the concept
of temperature surrogate, representing the constant voltage value
in Joule heating that would result in a given temperature at the
steady-state, is adopted. The proposed approach is utilized to
capture the hysteresis among temperature surrogate, contraction
length, and force of an SMA actuator. Model verification is
further conducted. For comparison purposes, two modeling approaches, namely, the Summed Preisach and the Linear Preisach,
are also realized. Experimental results demonstrate that the
proposed scheme can effectively characterize and estimate the
three-dimensional hysteresis in SMA actuators. This study can
be applied towards other robotic artificial muscles such as
McKibben actuators and Super-coiled Polymer actuators.

I. I NTRODUCTION
Robotic artificial muscles are actuators that have similar
working mechanisms as biological muscles – they can contract
in their cross-sectional directions when activated [8, 26].
Compared to conventional actuators such as electric motors
and hydraulic actuators, robotic artificial muscles have demonstrated high power-to-weight ratio, high force-to-weight ratio,
inherent compliance, and good dynamic range in a muscle-like
form factor [8, 26, 27]. While electric motors and hydraulic actuators can produce large forces and achieve accurate positioning, they often introduce substantial mass, inertia and friction,
may require large volumes, and rely on linkages or substantial
gear reductions to drive joints. Therefore, they generally do not
exhibit muscle-like properties. The robotic artificial muscles,
such as shape memory alloy (SMA) actuators, McKibben
actuators, and Super-coiled Polymer (SCP) actuators (Fig. 1),
are increasingly popular in novel robotic applications such as
safe human-robot interaction, legged robotics, prostheses and
orthoses, and soft robotics [8, 14, 22, 32, 36]. However, it is
often a challenging task to accurately model and control these
actuators due to the three-dimensional and coupled hysteresis

nonlinearities – any of the two variables among input, strain,
and tension force are often mutually correlated. No prior
studies on three-dimensional hysteresis models with coupled
variables have been reported for robotic artificial muscles.
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Fig. 1.
(a). A Flexinol shape memory alloy (SMA) actuator (Dynalloy,
Inc). Diameter: 0.38 mm. (b). A McKibben actuator. Diameter: 8 mm. (c). A
Super-coiled Polymer (SCP) actuator. Diameter: 0.62 mm.

SMAs are a group of metallic materials that can recover
the strain under certain stimulus such as thermomechanical
variations [10]. They have been adopted in various areas, such
as automotive, aerospace, micro-electromechanical systems,
and robotics [9, 21, 23]. However, the three-dimensional and
coupled hysteresis among temperature, strain, and force in
SMA actuators has not been accurately captured [10]. Although physics-based models have been proposed, the analysis
is often constrained to particular types of SMAs and and could
not faithfully capture the hysteresis [9]. The derivation of
these models is based on complicated molecular-level physics
[4]. Phenomenological models that are derived directly based
on input and output data are proposed, however, the existing
models can only capture the hysteresis between two domains
and were thus limited in many applications where strain and
tension force varied simultaneously. For example, an adaptive
neuro-fuzzy inference system model was realized for an SMA
actuator at various frequencies, but only the voltage – strain
hysteresis was captured [12]. Similarly, a generalized PrandtlIshlinskii model was adopted for position control, only the
temperature – deflection hysteresis was compensated [33]. In
practical applications, such as SMA-actuated robot hand for
grasping object with different temperature and weight, the

strain and tension force of the SMA actuators would vary
under varying loads and inputs, resulting in complicated coupling relationships. The existing methods could not faithfully
capture or compensate for the three-dimensional and coupled
hysteresis in SMA actuators.
Modeling of hysteresis has been an active research area,
and the existing studies have predominantly focused on twodimensional hysteresis scenarios. Since physics-based models
are derived based on material properties [4], their utilization is more limited comparing to phenomenological models (e.g., Preisach model, Krasnoselskii-Pokrovskii model,
Prandtl-Ishlinskii model, Maxwell-Slip model, Duhem model,
and Bouc-Wen model), that are directly obtained by input and
output data [1, 15, 18, 24, 28]. Among the phenomenological
models, Preisach model has proven to be effective for various
hysteresis behaviors [18, 25, 34, 35]. The Preisach model
can be expressed as a weighted superposition of delayed
relays. Practical model implementation involves discretization
of Preisach weight function to obtain a finite number of
parameters [19, 25]. The identification of the Preisach model
could often be reformulated as a linear least-squares problem
and solved efficiently [25, 34]. The Preisach model is adopted
in this work considering its great advantages, however, the
hysteresis in robotic artificial muscles are three-dimensional
and coupled, new methods need to be developed.
Comparing to the modeling of two-dimensional hysteresis,
describing higher-dimensional hysteresis is significantly more
challenging. Few strategies exist dealing with multi-variable
hysteresis. Finocchio et al. [6] proposed a vector hysteresis
model based on the Preisach model to capture the isotropic
hysteresis behavior of the magnetization process, the magnetization output was computed in two steps to obtain the amplitude and phase independently. Similarly, Krejci and Sprekels
[13] presented a multi-dimensional Prandtl-Ishlinskii model,
but the model assumed that each input variable independently
influenced the output. The existing multi-dimensional hysteresis models cannot be directly adopted to describe the hysteresis
in robotic artificial muscles, where the hysteresis among input,
strain, and force are mutually coupled.
This paper presents the first study to capturing the threedimensional and coupled hysteresis of robotic artificial muscles by embedding a two-stage Preisach model. The proposed
method is applied to SMA actuators. Since direct temperature
measurement of SMA actuators is not available, the concept of
temperature surrogate, representing the constant voltage value
in Joule heating that would result in a given temperature at
the steady-state, is adopted. The proposed approach is utilized
to capture and estimate the hysteresis among temperature surrogate, contraction length, and force of an SMA actuator. For
comparison purposes, two modeling alternatives, namely, the
Summed Preisach and the Linear Preisach, are also realized.
Experimental results demonstrate that the proposed scheme
can effectively characterize and estimate the three-dimensional
hysteresis of the SMA actuator simultaneously. For example,
The root-mean-square (RMS) modeling percentage errors for
Length – Force hysteresis are 4.9%, 6.3%, and 11.6%, under

the proposed model, Summed Preisach, and Linear Preisach
models, respectively. This work can be applied towards other
artificial muscles such as McKibben actuators and SCP actuators.
II. C HARACTERIZATION AND D ISCUSSION
A. Characterization
SMAs are a group of metallic materials with the capability
of returning to the previous shape under temperature or stress
stimulus. When the shape memory effect occurs, the crystalline
structure of the material changes between Martensite phase
and Austenite phase [10]. While SMA actuators have been
adopted in various applications, the accurate modeling is
challenging due to their coupled hysteresis among temperature,
strain, and force. More details can be found in [4, 10].
To fully characterize the hysteresis in SMA actuators, three
static relationships need to be jointly considered, namely, the
Force – Voltage hysteresis under constant length, the Length
– Voltage hysteresis under constant force, and the Contraction
Length – Force hysteresis under constant voltage. Denote the
contraction length L, voltage V , and force F.
1) F – V Hysteresis: The relationship between the steadystate force and voltage of the actuator was measured when
the actuator length was close to resting length. In order to
prevent that the SMA actuator being slack under low voltage,
a pretension of 0.3 N was used. The force was measured by a
load cell. Since the time constant of the thermal dynamics was
verified to be approximately 5 s, each voltage step was held
for 30 s, ensuring that the steady-state temperature and force
have been reached. Note that the dynamics of the actuator has
been explored [9, 23]. Fig. 2 (left) shows the corresponding
hysteresis measurements. The force range is [0.3, 11.2] N, and
the voltage range is [0, 3] V.
2) L – V Hysteresis: Fig. 2 (middle) shows a series of major
hysteresis curves between quasi-static contraction length and
voltage under different loading forces ranging from 0.98 N to
8.82 N. Loading forces were generated by attaching weights
to the actuator, and the contraction length was measured by
a position sensor. The contraction length was defined as the
change of actuator length with respect to its resting length. The
contraction length increases when the actuator is elongated,
and decreases during contraction. Since the actuator length
changes with different loading forces, the initial value of each
curve is different. It is noticed that the hysteresis curves exhibit
different shapes, further challenging the accurate modeling
with efficient methods.
3) L – F Hysteresis: The relationship between steady-state
contraction length and force of the actuator was measured
under different constant voltages. The contraction length was
controlled by programming a servo motor that was attached to
the actuator. Fig. 2 (right) shows a series of major hysteresis
curves. The initial forces among different hysteresis curves
are close to zero, and the corresponding lengths of hysteresis
curves are different. This is due to the fact that, at higher
voltages, the actuator has a shorter length under contraction.
The final length of the actuator is determined such that the
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The major hysteresis curves of the F −V hysteresis (left), L −V hysteresis (middle), and L − F hysteresis (right) of an SMA wire actuator.

largest forces under different experiments are approximately
the same.
B. Steady-state Voltage as Temperature Surrogate
The phase transition of SMA is induced by temperature,
for example, the phase transition of the SMA actuator in
this work occurs within [70, 90]◦ C. Since the adopted SMA
wire is too thin (0.20 mm in diameter) for conventional
thermocouples or laser thermometers to work properly, direct
temperature measurement of the SMA actuator is a challenging
task. In order to obtain the temperature information, in this
work, the quasi-static voltage V is adopted as the temperature
surrogate [35]. The goal of applying quasi-static voltage inputs
is to achieve the steady-state temperature values, and further
obtain the relationship between contraction length/force and
temperature. The applied quasi-static voltage input value, V ,
becomes a surrogate for the steady-state temperature T , since
V can be formulated as a single-valued and monotonically
increasing function of T , namely, V = q(T ).
Although the explicit expression of the temperature surrogate, q(T ), is not required for model implementation, an
illustrative example is provided here based on a simple thermal
model of Joule heating [16]. The thermo-electric model of the
SMA actuator can be expressed as
dT (t)
= −d1 (T (t) − T0 ) + d2V 2 (t),
(1)
dt
where d1 and d2 are positive constants relevant to the density,
volume, heat transfer coefficient, resistance, and surface area
of the SMA actuator, and T0 is the ambient temperature. Note
that the resistance of the actuator might also undergo mild
changes during phase transition, the change is less than 15%
[29] and is considered to be constant in this work.
Under a constant (quasi-static) voltage V , the steady-state
temperature T can be computed as dd21 V 2 (t) + T0 . V can be
expressed in terms of T :
r
d1
(T − T0 ) = q(T ).
(2)
V=
d2
q(T ) in Eq. (2) is indeed single-valued and strictly increasing,
and thus is a legitimate surrogate for T .

III. H YSTERESIS M ODEL
From Fig. 2, it is shown that the relationship among temperature surrogate, contraction length, and force of the SMA
actuator is hysteretic and coupled together. The hysteresis
curves exhibit different shapes under different conditions.
Individual hysteresis model could be separately identified and
then combined to obtain the overall model. However, then the
model will be overly complicated.
In this section, an efficient model is proposed for capturing
the three-dimensional and coupled hysteresis in SMA actuators. the proposed model is derived by embedding a two-stage
Preisach model: the proposed approach first characterizes the
F −q(T ) hysteresis as F = H1 [q(T )] when the actuator is close
to its resting length, and then embeds the relationship into the
overall model as L = H2 [F − H1 [q(T )]]. Two alternative methods, namely, the Summed Preisach and the Linear Preisach,
are also briefly described. More details on Preisach model can
be found in [18, 19, 25, 34].
A. Force – Temperature Surrogate Hysteresis
A Preisach model with non-negative weight function ω is
adopted to model the F − q(T ) hysteresis:
F(t) = H1 [q(T (·)); ζ0 ](t)
Z

=

P0

ω(β , α)γβ ,α [q(T (·)); ζ0 (β , α)](t)dβ dα + c0 ,
(3)
4

where P0 is called the Preisach plane P0 = {(β , α) :
q(Tmin ) ≤ β ≤ α ≤ q(Tmax )}, where [q(Tmin ), q(Tmax )] is the
range of the temperature surrogate, which equals to the steadystate voltage range. γβ ,α denotes the hysteron, which is the
basic element of the Preisach model, c0 is a constant bias. The
length of the actuator is maintained close its resting length and
a pretension of 0.3 N is used (see Section II.A), so the initial
condition H1 (0) = 0.3 N is held.
The output of the hysteron at time t depends on the history
of temperature surrogate up to time t: q(T (τ)), 0 ≤ τ ≤ t.
ζ0 (β , α) ∈ {−1, 1} is the initial hysteron output, the hysteron

discretization level, {µi j } are model parameters, and c1 is a
constant bias. The negative term of H1 [q(T )] is introduced due

to the fact that the hysteresis between length and temperature
if q(T (t)) > α
 +1,
surrogate is monotonically decreasing, as shown in Fig. 2
−1,
if q(T (t)) < β
γβ ,α [q(T (·)); ζ0 (β , α)](t) =

ζ0 (β , α), if β ≤ q(T (t)) ≤ α. (middle). Unlike that {si j } in Eq. (5) are only dependent on
(4) the temperature surrogate, {pi j } depend on both temperature
In practical usage, the integral expression of the Preisach surrogate and force. When the loading force is zero, and the
model is approximated by discretizing the model parame- actuator temperature equals to room temperature, the actuator
ters (weight function) ω to a finite number of parameters will remain its resting length, the initial condition H2 (0) = 0
[19, 25]. The weight function is approximated as a piecewise is held.
It is noted that the identification of the proposed model
constant function – the weight wi j is constant within cell
(i, j), i = 1, 2, · · · , N1 ; j = 1, 2, · · · , N1 − i + 1, where N1 is (Eq. (6)) can also be realized by the linear least-squares
called the discretization level and wi j is the model parameter. method, and a brief explanation is provided. For ease
are combined: D =
Fig. 3 illustrates the Preisach weight function discretization of presentation, the model parameters
>
d1 d2 · · · dN2 (N2 +1)/2 c1 , where dk = µi j , k = (i −
with N1 = 4, as an example of Preisach model discretization.
1)(2N2 − i + 2)/2 + j − 1. The input sequence is denoted
a
as F[n] − H1 [q(T [n])], n = 1, 2, · · · , N, and the corresponding
pi j [n] can be calculated by tracking the evolution of the
w12
w13 w14
w11
input history. By stacking pi j [n] into a row of a matrix:
P(n, k) = pi j (n), and P(n, N2 (N2 +1)/2+1) = 1. The output of
>
w21
w22 w23
the model L̃ = L̃(1) L̃(2) · · · L̃(N) can be expressed
b
as

at t can be expressed as:

w31

w32

L̃ = PD.
w41

Fig. 3.

Illustration of the Preisach weight function discretization.

At time n, the output of the discretized Preisach model is
expressed as
N1 N1 +1−i

F(n) = H1 [q(T )](n) = ∑

i=1

∑

wi j si j (n) + c0 ,

(5)

j=1

Denote the experimental contraction length measurements
under input sequence F[n] − H1 [q(T [n])], n = 1, 2, · · · , N, are
>
expressed as Y = y(1) y(2) · · · y(N) . The parameter
D can be calculated such that kPD −Y k2 is minimized under
the constraint that all of the weights are non-negative [25,
36]. Note that the identification of this model assumes the
knowledge of H1 . In practice, H1 is firstly identified based on
F − q(T ) hysteresis, H2 is then identified jointly by L − q(T )
and L − F hysteresis measurements.
C. Comparison Methods

where wi j is the weight for the cell (i, j), and si j (n) is the
signed area of the cell (i, j), which is fully determined by the
temperature surrogate up to time n. Note that L ≈ 0 and L was
assumed not present in the model.
The model parameters consist of the weights {wi j } and the
constant bias c0 . The model identification can be reformulated
as a constrained linear least-squares problem and solved efficiently with the Matlab command lsqnonneg [25, 34].

Two alternative methods, namely the Summed Preisach and
the Linear Preisach, are briefly discussed.
1) Summed Preisach: The Summed Preisach model considers that the contraction length of the SMA actuator can
be expressed as the weighted summation of two independent
hysteresis models, H3 and H4 , regarding temperature surrogate
and force, respectively,
L = H3 [F] − H4 [q(T )].

B. Proposed Model
By embedding the Force – Temperature Surrogate hysteresis
(F = H1 [q(T )]), the following model is proposed to characterize the hysteresis of SMA actuators among temperature
surrogate, contraction length, and force:
N2 N2 +1−i

L(n) = H2 [F − H1 [q(T )]](n) = ∑

i=1

∑

(7)

µi j pi j (n) + c1 . (6)

j=1

Note that F(n) = H1 [q(T (n))] (Eq. 5) held only when L(n) was
zero. H2 denotes the overall hysteresis model, N2 is the model

(8)

Similarly, the negative term of H4 [q(T )] is introduced considering that the hysteresis between contraction length and
temperature surrogate is monotonically decreasing (Fig. 2).
In order the identify the model parameters, the hysteresis
measurements between L − q(T ) and L − F can be jointly
utilized.
Note that this approach cannot capture the shape difference
of each hysteresis curves, for example, when the force F
changes to another constant value F0 , the L − q(T ) hysteresis
profile will remain the same except with an added offset

(H3 [F0 ] − H3 [F]). Furthermore, the F − q(T ) hysteresis measurements are not utilized for model identification, thus the
model cannot accurately characterize the coupling between the
force and temperature surrogate.
2) Linear Preisach: By simplifying the hysteresis between
F and q(T ) as a linear relationship, the Linear Preisach model
is expressed as
L = H5 [F − a · q(T ) − F0 ],

(9)

where H5 is a Preisach model, the linear term a and offset
F0 can be identified with a linear regression method using
MATLAB command polyfit, and then the hysteresis model
H5 can be identified based on L − F hysteresis and L − q(T )
hysteresis measurements. Since this approach simplifies the
F − q(T ) hysteresis to be hysteresis-free and linear, significant
modeling errors are expected.

(a)

(b)

Fig. 4. The experimental setup for (a) Contraction Length – Temperature
Surrogate, and (b) Contraction Length – Force and Force – Temperature
Surrogate hysteresis measurements.

IV. E XPERIMENTAL S ETUP
The experimental testbed, as shown in Fig. 4, consists of an
SMA actuator (Dynalloy, Inc) with resting length of 105mm
and diameter of 0.20 mm, a position sensor (SPS-L035-LATS,
Honeywell) with 0.04 mm resolution in contraction length
measurements, a load cell (LSP-2, Transducer Techniques)
for force measurement, a servo motor (MX-28, Dynamixel)
to control the length of the actuator. While SMA actuators
with different diameters can be utilized, the one with 0.20 mm
diameter is chosen since they can produce relatively large force
with fast response. Similar to [32, 36], a tangential blower
fan (QG030-198/12, Ebm-papst) is used to provide an even
airflow environment. Fig. 4(a) shows the setup for Contraction
Length – Temperature Surrogate hysteresis measurement, and
Fig. 4(b) shows the setup for Force – Temperature Surrogate
and Contraction Length – Force hysteresis measurements. The
SMA actuator has a dark blue color and is highlighted in
Fig. 4. The position sensing mechanism is to measure the
position of a magnet accurately by an array of magnetoresistive
sensors. The magnet and the weights are hung on the actuator
to generate loading forces. The weights containing ferrous
metals are kept a distance from the magnet to ensure accurate
position measurements. The additional mass of the magnet and
components hung on the actuator is about 20 g. Quasi-static
voltage steps are supplied by a pulse-width-modulated (PWM)
circuit. Data acquisition is realized in Labview.
V. E XPERIMENTAL R ESULTS
In order to examine the proposed method for characterizing and estimating the hysteresis in SMA actuators, model
identification and verification experiments are conducted. The
performance is measured by the average and RMS of the
absolute errors divided by the corresponding output range:

M

∑ |ei |/M
Eaverage = i=1
s R

× 100%,

(10)

× 100%,

(11)

M

∑ e2i /M

ERMS =

i=1

R

where ei denotes the error, M is the number of data-points
to be evaluated, and R is the output range. They are denoted
as the “average error” and the “RMS error” in this paper.
Since quasi-static measurements are taken and the temperature
surrogate is obtained based on the steady-state voltage steps,
the time information is of less relevance, instead, the term
“index” is adopted that refers to the numbering of the quasistatic contraction length, force, and temperature surrogate.
A. Experimental Measurements
Similar to [19, 25, 35, 36], a damped oscillation-type of
voltage input is employed, as shown in Fig. 5. Each voltage
step lasts 30 s and the steady-state values of the force and
the contraction length are recorded. The steady-state voltage
values are considered as the temperature surrogate (see Section
II.B).
Under resting length condition, a single hysteresis curve
between quasi-static force and temperature surrogate is obtained, as shown in Fig. 6. The same voltage input is utilized
and the hysteresis between contraction length and temperature
surrogate under constant loading forces is shown in Fig. 7.
Furthermore, the hysteresis between contraction length and
force under constant temperature surrogate values is shown in
Fig. 8. It is shown in Fig. 7 and Fig. 8 that hysteresis curves
exhibit different profiles under different conditions, and this
phenomenon needs to be captured.
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B. Model Identification
1) Proposed Model: In order to identify the proposed
model, the discretization levels (N1 and N2 ) of the Preisach
models H1 and H2 are both set to be 20 since further increasing
the discretization levels would increase the model complexity,
but do not generate significant improvement in modeling
accuracy. H1 and H2 are identified sequentially.
H1 is first identified based on the experimental Force –
Temperature Surrogate hysteresis (Fig. 6 (left)). Fig. 6 (middle) shows that the proposed model can accurately capture the
hysteresis. Fig. 9 (left) shows the identified weights of H1 .
Since the hysteresis between force and temperature surrogate
is relatively small, the identified weights of the Preisach model
H1 are primarily located close to the β = α line. While this
indeed means that a linear model can be adopted [19, 34], it
will be shown later that the adoption of a hysteresis model still
produces better modeling performance than using a linearized
approach. The average error and RMS error are 1.2% and
1.9%, respectively.
H2 is then identified based on Contraction Length – Temperature Surrogate hysteresis (Fig. 7) and Contraction Length
– Force hysteresis (Fig. 8). The model weights are shown in
Fig. 9 (right). Since the hysteresis between contraction length
and temperature surrogate is evident, a significant portion of
the major weights of the Preisach model H2 are located outside
of the β = α line [19]. The weights of H2 tend to be small
at high α and β values, contributing to the saturating feature
of the hysteresis. The modeling performance is shown in Fig.
7, Fig. 8, and Fig. 10. The average and RMS errors for the
Contraction Length – Temperature Surrogate hysteresis are
4.8% and 7.2%, respectively. The average and RMS errors
for the Contraction Length – Force hysteresis are 4.3% and

4.9%, respectively. Since 37 different voltage steps are used
in each loading condition (Fig. 5) and 5 loading conditions
are tested, a total of 185 data points are adopted for the
Contraction Length – Temperature Surrogate modeling error
analysis in Fig. 10(a). Similarly, 138 data points are adopted
for the Contraction Length – Force modeling error analysis in
Fig. 10(b). The model can effectively capture the hysteresis of
the SMA actuator.
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2) Summed Preisach: For a fair comparison, the discretization levels of the Preisach terms H3 and H4 are also chosen
to be 20. Unlike the identification of the proposed model, H3
and H4 are directly identified based on Contraction Length
– Temperature Surrogate hysteresis and Contraction Length –
Force hysteresis.
The modeling performance is shown in Fig. 7, Fig. 8, and
Fig. 10. The average and RMS errors for the Contraction
Length – Temperature Surrogate hysteresis are 10.0% and
11.8%, respectively. The average and RMS errors for the
Contraction Length – Force hysteresis are 3.8% and 6.3%,
respectively. While this model demonstrates comparable mod-

eling accuracy as the proposed model for Contraction Length
– Force hysteresis, its modeling performance for Contraction
Length – Temperature Surrogate hysteresis is much worse.
This model cannot capture the hysteresis curve differences
under different conditions, as shown in Fig. 7 and Fig. 8.
Furthermore, due to the fact that the Force – Temperature
Surrogate hysteresis is not directly employed for model identification; this model cannot easily describe the coupling
between force and temperature surrogate.
3) Linear Preisach: The discretization level of H5 is also
chosen to be 20. The linear term is identified to be a = 3.34
N/V. The modeling performance is shown in Fig. 6 (right), Fig.
7, Fig. 8, and Fig. 10. As discussed, albeit that the Force –
Temperature Surrogate hysteresis is less significant, the Linear
Preisach model produces about 260% larger modeling error
than that of the proposed model. The average and RMS errors
for the Contraction Length – Temperature Surrogate hysteresis
are 11.8% and 14.5%, respectively. The average and RMS
errors for the Contraction Length – Force hysteresis are 8.9%
and 11.6%, respectively. With the linear approximation, this
model results in the largest error.
C. Model Verification
To further validate the effectiveness of the proposed model,
separate experiments can be conducted to test each hysteresis
relationship. Due to brevity purposes, this work only provide detailed verification results for the Contraction Length
– Temperature Surrogate relationship. A randomly-chosen
voltage input, as shown in Fig. 11(a), is applied to the
SMA actuator under different loading forces. The experimental
measurements of the steady-state contraction length values
are shown in Fig. 11(b). Fig. 11(c) shows the contraction
length estimation errors under each scheme. Since 18 different
voltage steps are used in each loading condition, and 5 loading
conditions are tested, a total of 90 data points are obtained.
The corresponding average and RMS estimation errors are
provided in Fig. 11(d). The effectiveness of the proposed
model is further validated.
VI. C ONCLUSION AND F UTURE W ORK
This study proposes the first approach to capturing the threedimensional coupled hysteresis of robotic artificial muscles by
embedding a two-stage Preisach model. Experimental results
confirm that the proposed approach can effectively describe
and estimate the hysteresis among temperature surrogate,
contraction length, and force of SMA actuators.
This study is general in the following two aspects:
First, the proposed model can be constructed using any
existing two-dimensional hysteresis models. The proposed
scheme is not constrained to any hysteresis models. This has
important practical usages since different embedding hysteresis elements can be chosen based on the application requirements and the properties of existing hysteresis models. For
example, in cases where control accuracy is more important
than computational and storage costs, the Preisach model
with a large number of model parameters can be utilized; in
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Fig. 11. (a). A voltage input for model verification. (b). The corresponding
experimental contraction length measurements. (c). Errors in contraction
length predictions by the three modeling approaches. (d). The average error
and RMS error comparisons of the three models.

cases where efficient implementation is more desirable, other
hysteresis models that have simpler model structures can be
employed, such as the Prandtl-Ishlinskii model and the BoucWen model.
Second, the proposed scheme is based on Preisach model,
which is a phenomenological model that does not carry
physical implications. Although for different behaviors, the
identified model parameters will be different, the model formulation, identification, and implementation can all be similarly
realized. This is the reason why the proposed study works for
SMA actuators with other diameters and materials, as well
as other types of robotic artificial muscles. However, physicsbased models are derived based on the physics of particular
materials and structures, such model cannot be easily generalized. Like other phenomenological hysteresis models, the

model parameters need to be identified for a particular system.
By utilizing the relationship between the hysteresis profile
and other actuator specifications (e.g., material, diameter, and
length), the number of required experiments can be reduced.
Based on this study, future directions are envisioned in the
following three areas:
First, the validation of the proposed model for other robotic
artificial muscles is desirable. McKibben actuators can convert
energy from compressed air to mechanical motion [3, 8].
Although they have been utilized in a variety of robotic
applications [2, 5, 20], the accurate control of these actuators have proven to be difficult due to the friction-induced
hysteresis [8]. Although static models have been derived, the
complete hysteresis is often not explicitly captured [3, 11, 28].
SCP actuators can be created by continuously twisting carbon
nanotube yarns, nylon fishing lines or sewing threads until
coils were formed [7, 17]. This artificial muscle exhibits
significant mechanical power, large contraction (20%-50% tensile actuations), and good dynamic range comparing to SMA
actuators [7]. The existing methods either utilized complicated
physical analysis [31] or simplified linear models [32]. The
successful modeling and verification of the proposed model
for these robotic artificial muscles and actual robotic systems
can further strengthen this work.
Second, open-loop control of robotic artificial muscles can
be realized. The proposed model can fully describe the quasistatic hysteresis of robotic artificial muscles in terms of input,
strain, and force simultaneously. By inverting the proposed
model, the inverted model can be adopted to compensate
for the hysteresis in robotic artificial muscles and realize
open-loop control. While the inverse of the Preisach model
is available, there is no existing work on compensating the
three-dimensional and coupled hysteresis in robotic artificial
muscles. The complete inverse of the proposed model can be
developed based on the two-stage embedding structure of the
model.
Furthermore, by incorporating the dynamics of the robotic
artificial muscles, closed-loop control of robotic artificial
muscle-powered robots can be investigated. The hysteresis
model considered in this paper is quasi-static and rateindependent, since it describes the steady-state behaviors of
SMA actuators under a series of constant voltage steps. By
incorporating the actuator dynamics and inverse compensation,
the compensated system can be approximated as a linear
dynamic system. Closed-loop control [30, 33] can be investigated by combining feedback with the inverse compensation
schemes. In this way, real-time tracking control can be realized
for artificial muscle-powered robots.
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