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Abstract: Super-coiled polymer (SCP) artificial muscles demonstrate desirable properties such
as high-power density, compliance, and low-cost. However, their performance is dependent
on the ambient environment. It is necessary but difficult to re-identify key SCP parameters
to maintain desired performance. In this work, an adaptive parameter estimation method is
proposed to identify unknown SCP parameters. The SCP model identification demonstrates
parameter convergence which indicates that SCPs could be controlled effectively and used in
environments with variations. We further develop a control law using direct model reference
adaptive control (MRAC) on the output position of the SCP actuator. The MRAC performance
is compared to a proportional-integral (PI) and proportional-derivative (PD) with feedforward
controllers to demonstrate the ability to reduce tracking errors. The MRAC showed superior
performance in comparison to the two controllers when the SCP actuator parameters were
unknown.
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1. INTRODUCTION

Super-coiled polymers (SCP), shown in Fig. 1, are emer-
gent artificial muscles that use highly twisted thin nylon
sewing threads to induce linear motion through heat acti-
vated contraction. These artificial muscles are lightweight,
low-cost and have high power density — they perform
better than biological muscles (Haines et al. (2014)). Due
to these advantageous properties, SCPs have been utilized
in various applications like crawling robots (Tang et al.
(2019)), soft manipulators (Yang et al. (2020)), soft pumps
(Tse et al. (2020)), assistive devices (Sutton et al. (2016))
and robotic grippers (Wang et al. (2021)).

Using SCPs often requires well-controlled operating envi-
ronments in part due to their thermally-driven actuation
mechanism. Significant environmental dependence is mit-
igated by ensuring that the characterization environment
is similar to the operation environment (Yip and Niemeyer
(2017)). Temperature controlled ovens have been used to
allow for the control and regulation of the environment
(Sun and Zhao (2020)). Deviation from test conditions
may greatly affect the performance of SCPs and could
even permanently damage them. The changing properties
and the dependence on environment limit the versatility
of SCPs in robotic devices like wearable devices.

The change in environments can be a result of various
factors including change of environment fluid (operation
underwater, standing air or oil), embedding of actuators
(Tang et al. (2019)), having actuators in close proximity
to each other (Yip and Niemeyer (2017)), bundling of
actuators (Simeonov et al. (2018)) or changing ambient
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Fig. 1. Three common configurations of super-coiled poly-
mer (SCP) actuators: (a) a non-mandrel-coiled, (b)
a mandrel-coiled and (c) a helically-wrapped (HW)
actuator. (d) Actuation of an HW-SCP actuator, at-
taining over 50% contraction in standing air.

temperature. Having multiple SCPs in close proximity to
each other might alter the environment temperature —
actuators at the middle of the bundle are likely going to
have different ambient conditions compared to actuators at
the periphery. Additionally, bundles of SCPs will increase
the effective diameter of the bundle, making it large
enough to create temperature gradients. The presence of
a temperature gradient causes complications in modeling
by affecting the thermo-electric dynamics.

The SCP parameters also change during usage partly due
to wear and tear. The repeated contraction and expansion



of the SCP may degrade the silver coating (Karami et al.
(2021)). This degradation may increase the temperature
losses and decrease contraction. Applying input power
without considering this degradation may damage the
actuators.

To facilitate the ubiquitous utilization of SCP-based
robots, an approach that allows for adaptability is nec-
essary. The changing temperature and environment alters
the properties of the actuators. While physics-based mod-
els of the actuation of SCPs have been developed (Abbas
and Zhao (2017)), few studies have been conducted to
specifically validate them in unknown or varying environ-
ments. The complex structure of the actuator and complex
material properties make this approach difficult.

A few studies have focused on the parameter variation of
SCPs during actuation and due to the change of environ-
ment. While work in Hammond et al. (2022) implements
an adaptive control scheme, the work assumes that only
the stiffness of the actuator is changing with time. Key
properties like thermal conductivity and damping are as-
sumed to be known constants and this assumption may
not be true given that the actuator properties may vary
with the environment (Yip and Niemeyer (2017)).

In addition, many existing control approaches are based
on control laws that rely on the availability of the tem-
perature of the SCP actuator (Hammond et al. (2022)).
However, due to the miniature thickness of the actuators,
it could be difficult to directly measure the temperature
of the actuators using thermocouples or thermal imaging
cameras. Considering the full SCP model could eliminate
the need to measure the temperature of the actuator.

This work proposes an approach that uses online parame-
ter estimation for key SCP variables that are temperature
and environment dependent. Properties such as density,
specific heat capacity, heat transfer between actuator and
the surrounding environment are estimated. The imple-
mentation of the estimation algorithm in simulation shows
strong promise to eliminate the need for in-depth charac-
terization of the SCP in specific environments. In addi-
tion, a direct model reference adaptive control (MRAC)
was realized. This MRAC was implemented in the SCP
model in simulation, constituting of the thermo-electric
and thermo-mechanical models, to allow for position con-
trol of the actuators.

2. MODEL OVERVIEW

The model for the SCP actuator consists of two sub-
systems: thermo-electric and thermo-mechanical models.
The thermo-electric model assumes the following:

A1 The spatial temperature distribution is uniform along
the length of the wire and area.

A2 Radiation has minimal impact on the heat transfer.
A3 The ambient temperature, T∞ is equal to the initial

temperature of the actuator, T0.

A1 shows that the lumped capacitance method can be used
(Bergman et al. (2011)). By performing an energy balance
and applying A2, the thermo-electric model is expressed
as

ψ
dT (t)

dt
= −η(T (t)− T∞) + P (t), (1)

where ψ = ρV cp in J·◦C−1, ρ is the density in kg·m3,
V is volume in m3, and cp is the specific heat capacity
in J·kg−1·◦C−1, η = hAs with units of W·◦C−1, As is
the surface area of the actuator exposed to the fluid in
m2, T (t) is the actuator temperature at time t, T∞ is the
ambient environment temperature in ◦C and P (t) is the

input power in W. P (t) is given by P (t) = v(t)2

R(t) , where

v(t) is input voltage and R(t) is resistance of the actuator
in Ω. Since resistance can be measured, and voltage can
be directly controlled, this study will consider the power
input, P (t), as the input to the SCP actuator system.

The thermo-mechanical dynamics of the SCP actuators
constitutes of contributions from damping, stiffness and
the temperature. The model is given by

m̂ẍ(t) = −ϱ(x(t)−x0)−µ(ẋ(t)− ẋ0)+ γ(T (t)−T0), (2)

where m̂ẍ(t) is the force produced by the actuator in N,
m̂ is the sum of the mass of the actuator and the mass
of the load attached during actuation, ϱ is the stiffness
in N·m−1, µ is a damping term in Ns·m−1, and γ is the
change of force per unit temperature of the actuator (Yip
and Niemeyer (2017)) in N·◦C−1. x(t) is the position or
length of the actuator, x0 is the initial position, ẋ(t) is the
velocity and ẋ0 is the initial velocity of the actuator.

By A3, define φ(t) = T (t) − T∞ = T (t) − T0. Then

φ̇(t) = Ṫ (t) since T∞ = T0 is constant. In addition, define

x̃(t) = x(t)− x0. Similarly, ˙̃x(t) = ẋ(t).

3. PARAMETER ESTIMATION

The gradient algorithm is implemented for parameter esti-
mation. The summary of the estimated parameters is pro-
vided in Table 1. First, a static parametric model (SPM)
for the SCP model is formulated. Combining Eq. (1) and
Eq. (2), the SPM can be expressed as follows after per-
forming Laplace transforms:

z = θ⋆⊤ϕ, (3)

where z = γP (s)
Λ(s) , θ

⋆⊤ = [ψ (m̂η + µψ) (ψϱ+ µη) ηϱ],

ϕ =

[
s3m̂X̃(s)

Λ(s)

s2X̃(s)

Λ(s)

sX̃(s)

Λ(s)

X̃(s)

Λ(s)

]⊤
and Λ(s) is a stable

third order, Hurwitz filter.

The model in Eq. (3) is used to implement the gradient
algorithm. It is noted that asymptotic parameter conver-

gence is ensured if ϕ, ϕ̂, ϕ̇,
˙̂
ϕ are bounded and ϕ, ϕ̂ are

persistently exciting. While the dynamic models (ϕ, η, ϱ
and µ) may be changing with time, previous studies have
proved the convergence is guaranteed if ϕ, η, ϱ and µ
are smooth and continuously differentiable (Tsakalis and
Ioannou (1989)).

Table 1. Model parameters being estimated

Parameter Symbol

Actuator thermal mass ψ
Actuator–environment heat transfer η
Actuator stiffness ϱ
Actuator damping µ



Without loss of generality, the gradient algorithm is given
by

θ̇ = Γεϕ, (4)
where Γ is a designed adaptive gain matrix, R4×4 and
is defined as Γ = Γ⊤ > 0, ε = z − ẑ, ẑ = θ(t)⊤ϕ. ẑ
represents the estimated variable. In simulation, defining
Γ = diag(a1, a2, a3, a4) ensures diagonality and allows the
decoupling of the equations and ease of implementation.
Designing Γ reduces to designing the positive constants
a1, a2, a3, a4. The gradient algorithm shown in Eq. (4), was
implemented in MATLAB simulink.

4. ADAPTIVE CONTROL

The control objective is to determine the feedback control
power input to the SCP actuator such that the closed-
loop SCP model is globally stable (all signals are uni-
formly bounded) and the actuator tracks the position of
the reference position as close as possible. In order to
implement MRAC, the SCP actuator model was obtained
by combining Eq. (1) and (2) and is expressed as

X̃p(s) =
b3

s3 + b2s2 + b1s+ b0
P (s), (5)

where b0 = ηϱ/ψm̂, b1 = (ψϱ + ηµ)/ψm̂, b2 = (ψµ +
ηm̂)/ψm̂, b3 = γ/ψm̂. The parameters b3, b2, b1, b0 are
unknown constants that are related to the parameters
shown in Table 1.

A representative reference model is chosen and defined as

X̃m(s) =Wm(s)r(s), (6)

where Wm(s) is a stable transfer function of the SCP ac-
tuator model and r(s) is the reference input power signal.
A third order model with second order dominant poles is
selected. This choice allowed for the simplicity in estimat-
ing the design of performance metrics like overshoot and
settling time. The reference model is given by

X̃m(s) =
ω2
n

(s2 + 2ξωns+ ω2
n)(s+ q0)

P (s), (7)

where ξ is the damping ratio and ωn is the natural
frequency. q0 is designed to ensure that the transient
response due to q0 was much faster compared to the
second order poles. ωn = 1 rad/s, q0 = 0.8 by design. In
addition, the damping ratio is designed by specifying an
overshoot of less than 5%, with the damping ratio given by

Mp = 100 exp (−πξ/
√
1− ξ2) where Mp is the overshoot

percentage. These specifications yield the reference model

X̃m(s) =
1

s3 + s2 + 1.38s+ 1
P (s), (8)

where the poles are s1,2 = −0.093± 1.1j, s3 = 0.81.

From Eq. (5) and (8), both SCP actuator model and
reference model have the same relative degree, n⋆ =
n⋆p = n⋆m = 3 and therefore not strictly positive real
(SPR) (Ioannou and Fidan (2006)). SPR is ensured when
|n⋆| ≤ 1. SPR is used with Lyapunov criterion to guarantee

the stability of the adaptive laws. To attain SPR, X̃m =
Wm(s)(s+p0)(s+p1), where p0, p1 > 0. With this update
and taking into account that n = np = 3, then α(s) =

[s 1]
⊤

and λ(s) = s2 + d1s + d2. It is noted that λ(s)
is Hurwitz and is of degree np − 1 = 2 as required. The
control input power is then expressed as

up = θ⊤1 ω1 + θ⊤2 ω2 + θ3yp + c0r, (9)

where ω1 = α(s)
λ(s)up, ω2 = α(s)

λ(s)yp. It is noted that c0, θ3 ∈ R,
θ1, θ2 ∈ R2.

When the SCP actuator model parameters are completely
known, the error is given by

e1 =Wm(s)σ⋆
(
up − θ⋆⊤ω

)
, (10)

where σ⋆ = 1
c⋆0
. It is noted that Eq. (10) is valid for

any relative degree (Ioannou and Fidan (2006)). The only
requirement is that Wm(s) be SPR. Since Wm(s) is not
SPR, in this case n⋆ = 3, a slight modification is performed
in this way

e1 =Wm(s)(s+ p0)(s+ p1)σ
⋆
(
uf − θ⋆⊤ϕ

)
, (11)

where uf = 1
(s+p0)(s+p1)

up, ϕ = 1
(s+p0)(s+p1)

ω and

p0, p1, q0 > 0. With this modification, Eq. (11) becomes

e1 =
1

s+ q0
σ⋆

(
uf − θ⋆⊤ϕ

)
. (12)

Define r0 = uf − θ⋆⊤ϕ and θ̃ = θ − θ⋆. Then

e1 =
1

s+ q0
σ⋆

(
θ̃⊤ + r0

)
, ê1 =

1

s+ q0
σr0 (13)

From Eq. (13), the estimation error is then given by

ϵ1 = e1 − ê1 =
1

s+ q0

(
σ⋆θ̃⊤ϕ− σ̃r0

)
(14)

resulting in the adaptive laws

θ̇ = −Πϵ1ϕ, σ̇ = νϵ1r0 (15)

where Π = Π⊤ and ν > 0. Next, up = θ⊤ω + ua where ua
is selected to ensure stability of the error systems. Using
these definitions, the full direct MRAC control scheme
could be summarized as (Ioannou and Fidan (2006))

ω̇1 = Aω1 + up, ω̇2 = Aω2 + yp,

ṙ0 = −p0r0 − α0r0(ϕ
⊤Πϕ)2 + ϕ⊤Πϕϵ1,

θ̇ = −Πϵ1ϕ, σ̇ = νϵ1r0, up = θ⊤ω + ua,

(16)

where θ =
[
θ⊤1 θ⊤2 θ3 c0

]⊤
, ω =

[
ω⊤
1 ω⊤

2 yp r
]⊤

. θ, ω ∈
R6, Π = Π⊤ ∈ R6×6 is the gain matrix, e1 = x̃p−x̃m is the
error between the SCP actuator model and the reference
model, ê1 = 1

(s+q0)
σr0 is the estimate of e1, ϵ1 = e1 − ê1

is the estimation error, ϕ = 1
(s+p0)(s+p1)

ω, ϕ1 = 1
s+p1

ω.

A is the state space representation of α(s)
λ(s) . In particular,

A =

[
−d1 −d2
1 0

]
. ua is non-linear damping term given by

ua = θ̇⊤ϕ1 − α0(p1 − p0)(ϕ
⊤Πϕ)2r0 − 4α0ϕ

⊤Πϕ(ϕ⊤Πϕ̇)r0

+ α2
0(ϕ

⊤Πϕ)4r0 − α0(ϕ
⊤Πϕ)3ϵ1.

(17)
It is noted that ν, α0 ∈ R are positive design constants.

5. RESULTS

5.1 Parameter Estimation

The parameter estimation scheme in Sec. 3 was imple-
mented in simulation. The power input used in the esti-
mation is given by

P (t) = sin (t) + sin (0.5t) + sin (0.25t) + 2.5. (18)

The sinusoidal power input was selected to ensure that
the input was sufficiently rich of at least order four to



guarantee that all parameters are identified efficiently. In
addition, this signal produced power with amplitude of
4.5 W peak to peak.

From the SCP actuator model in Eq. (5), the constants
b0, b1, b2, b3 were selected to ensure that the model was
stable. Due to the coupling of these variables with the
parameters shown in Table 1, the selection of the pa-
rameters was performed carefully. The following values
were specified for the simulation: m̂ = 0.09 kg, γ =
0.0086 N·◦C−1, η = 0.089 W·◦C−1, ψ = 0.162 J·◦C−1,
µ = 2 Ns·m−1, ϱ = 16 N·m−1. The choice of m̂ was
designed for an actuator that can actuate 90 g of load. This
was a typical load that experiments showed the SCPs can
actuate (Tsabedze and Zhang (2021)). The thermo-electric
and thermo-mechanical values were chosen since they were
utilized in literature (Yip and Niemeyer (2017); Hammond
et al. (2022)). Therefore, b0 = 97.67, b1 = 189.99, b2 =
22.77, b3 = 0.0048 and θ⋆⊤ = [18.84 38.61 322.10 165.58].
In addition, the gain matrix Γ was designed for relatively
fast convergence. For ease of implementation, Γ = diag(1×
107 · [0.6 0.4 0.7 0.09]). The filter was defined as Λ = s3 +
6s2 + 9s+ 10.

The results of the estimation are shown in Fig. 2. As
shown, θ1, θ2, θ3, θ4 all demonstrate fast convergence to
the true parameters, θ⋆1 , θ

⋆
2 , θ

⋆
3 , θ

⋆
4 . The initial conditions

were chosen to be ([0.1 5 30 20]). In relation to the true
values, the initial condition was randomly chosen to be
arbitrarily farther from true values. As shown in Fig. 2, θ
converges within 69 s. Convergence was always achieved
with different initial conditions. Increasing the adaptive
gain, Γ increased the initial oscillations of the parameter
estimates and changed the convergence rate.

5.2 Model Reference Adaptive Control

The reference model described in Eq. (8) was utilized. The
design constants were selected to minimize tracking error
and allow for fast convergence. Since d1, d2 are driven by
the stability of λ(s), d1 = 3, d2 = 2 by design. In addition,
p0 = 4, p1 = 5 by design. q0 was designed to be 0.8
based on the second order poles of the selected reference
model. The constants α0, ν were tuned to improve the
performance of the controller. The tuned values were
α0 = 3, ν = 4. Similarly, Π = diag([6 6 6 7 2 3]) after
adjustment for improved controller performance.

The direct MRAC was implemented as outlined in
Eq. (16). It is important to note that a saturation block
was used to set limits on the computed control input up
and ensure that the input was realistic and guaranteed
that the SCPs will not be damaged.

The saturation was defined as

up =


Pmax Pmax < P

P Pmin < P ≤ Pmax

Pmin P ≤ Pmin

(19)

where Pmax = 4.5 W and Pmin = 0 W.

The inclusion of the saturation block provides safety of the
power supply and eliminating damaging the actuators in
cases where the applied power overheats the SCP actuator.

The MRAC was compared to two controllers: 1) PI con-
troller (Sun and Zhao (2020)) and 2) PD with feedforward

Fig. 2. The performance of the parameter estimation using
the gradient algorithm. The convergence of θ to θ⋆,
with the initial condition of θ⊤ = [0.1 5 30 20]

(PDff ) term (Yip and Niemeyer (2017)). In the PI con-
troller the control input was given by up = KPI

p ϵ+KPI
i

∫
ϵ,

where Kp is the proportional gain, Ki is the integral gain
and ϵ is the error and is given by ϵ = up −Kx̄,P x̄. Kx̄,P is
a constant that relates the output position of the actuator
to power (Yip and Niemeyer (2017)). The PDff controller
defined the input signal as up = KPD

p ϵ+KPD
d ϵ̇+KPD

f up.
The gains of the controllers were tuned to minimize high
frequency oscillations while tracking the reference signal
as close as possible. For this implementation, KPI

p = 50,

KPI
i = 2.5, KPD

p = 40, KPD
d = 0.1, KPD

f = 1.4.

The controllers were selected for their ease of implementa-
tion and their previous application in SCP work. The po-
sition of the SCP actuator was compared to the reference
signal, the model output, and the two controllers are shown
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Fig. 3. (a) The position of the SCP model when three
controllers were used with a sinusoidal reference, (b)
the tracking errors of the three controllers, (c) the
position of the SCP model when subjected to a step
input, (d) the tracking errors for controllers when the
SCP model was under a step input.

in Fig. 3 under different reference input power signals. In
Fig. 3(a), r(t) = sin (0.25t)+ 1.01 W and the performance
of the controllers is varied. The PI and PDff exhibit good
performance initially compared to the MRAC. As shown
in Fig. 3(b), the tracking errors were large for the MRAC.
After 32 s, the errors for the MRAC become close to zero
and the controller can track the output of the plant closely.
The initial errors in the MRAC occur before convergence
of the adaptive law is achieved. The steady state errors

for the PI, PDff and MRAC were 0.0192 m, 0.0107 m,
0.0028 m, respectively. The MRAC still exhibit better
performance compared to the other controllers, despite
PI and PDff controllers being tuned for the known SCP
actuator parameters.

(a)

(b)

(c)

(d)

Fig. 4. (a) The position of the plant when three controllers
were used with sinusoidal reference. The SCP param-
eters were changed after 80 s, (b) the performance of
the MRAC and PDff after the SCP parameters were
perturbed. (c) the position of the SCP actuator when
the reference model was subjected to a step input
and the SCP parameters changed after 80 s, (d) the
behaviour of the MRAC and the PDff after the SCP
actuator parameters were changed.



The performance of the three controllers when the model
was subjected to a step input is shown in Fig. 3(c). As
shown in Fig. 3(d), MRAC showed high initial errors,
while the PI and PDff showed low initial errors. The low
initial errors demonstrated by the PI and PDff are a result
of the controllers being tuned for the known SCP model
parameters. The high initial errors exhibited were attained
before the convergence of the SCP model parameters —
which occurred after about 45 s. The steady state errors
are computed between 45 s and 80 s. The PI, PDff and
the MRAC showed steady state errors of 5.8 × 10−4 m,
5.7 × 10−4 m, 5.17 × 10−5 m, respectively. The minimal
steady state errors demonstrate the ability of the MRAC
to closely track the position of the SCP actuator.

When the parameters of the SCP actuator model were
perturbed as shown in Fig. 4(a), the PI controller resulted
to an unstable plant. At 80 s, the parameters of the SCP
model were changed to b0 = 73.25, b1 = 145.54, b2 =
22.77, b3 = 0.0048. Specifically, b0, b1 were changed.
The PD controller and the MRAC exhibited oscillations
initially before convergence occurred as shown in Fig. 4(b).
While the PDff controller demonstrated small amplitudes
in the oscillations in comparisons to the MRAC, the steady
state errors were almost twice that of the MRAC. The
steady state errors for the PDff were 0.0113 m, and
0.0073 m for the MRAC after 90 s.

As shown in Fig. 4(c), when the SCP model was perturbed
to the same parameters as in the sinusoidal case, at 80 s,
the PI controller led to instability. MRAC and PDff

exhibited some initial oscillations but the tracking errors
reduced. As shown in Fig. 4(d), the MRAC shown better
adaption compared to the PDff . The steady state errors of
the controllers after 94 s were 0.0081 m and 5.55×10−6 m
for the PDff and MRAC, respectively.

6. CONCLUSION AND FUTURE WORK

In this paper, the unknown parameters of the SCPs were
estimated through the utilization of the gradient algo-
rithm. The parameters demonstrated reasonably fast con-
vergence. The results of the parameter estimation elimi-
nate the need of characterizations of the SCP actuators
and the need for use in controlled environments. In ad-
dition, the direct model reference adaptive control was
formulated and the performance tested in simulations. The
performance of the adaptive control scheme was superior
to the conventional controllers, especially when the SCP
model parameters were unknown. Future work will include
the implementation of parameter projection to further
enhance the convergence rate. In addition, the parameter
estimation will be compared to classical state estimation
approaches like Extended-Kalman filter and Unscented
Kalman filter. Lastly, experimental validation will also be
conducted.
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