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1. Introduction

Shape memory alloy (SMA) transducers are smart metallic mate-
rials that can return to their pre-defined shape when heated by a
thermal stimulus or loaded with a mechanical force, a behavior
which is commonly referred to as shape memory effect.[1] When
used as actuators, SMAs are commonly shaped as wires and pre-
tensioned with a mechanical biasing mechanism, e.g., a spring.

The application of an electric current to the
SMA-wire results in an increase in temper-
ature which, in turn, causes a contraction
in length of about 4–6% as a result of a
phase transformation occurring in the
material crystal lattice. When the current
is removed, and the wire returns to lower
temperature due to natural convection,
the wire restores its original length because
of the preload force provided by the biasing
mechanism.[1] Thanks to their compact
size, noise-free actuation, biocompatibility,
high force-to-weight ratio, and vibration
damping capability, SMAs are suitable
for a wide range of applications, including
robotic hand grippers,[2] soft robots,[3]

bionic exoskeletons,[4] wearables,[5] adap-
tive aerodynamics structures,[6] and self-
expanding stents.[7]

The electromechanical characteristic
curve of SMA wires is in general strongly
nonlinear and hysteretic, making their
accurate position/force control highly chal-
lenging.[8] To effectively implement closed-
loop control strategies aimed at compensat-
ing such hysteresis, a reliable measure-

ment of the actuator’s mechanical output must be available.[9]

In conventional closed-loop systems, this feedback signal is mea-
sured by an external electromechanical transducer, which
unavoidably increases the overall system size, complexity, cost,
and encumbrance. A potential alternative offered by SMA tech-
nology is to use the transducer itself as a sensor while it is being
operated as actuator, a mode referred to as self-sensing. Indeed,
during phase transformation, the resistivity of the SMA-wire
changes depending on its geometry, the material phase compo-
sition, and temperature.[10] This feature opens up the possibility
of estimating the SMA actuator mechanical output (e.g., displace-
ment, force) based on real-time processing of its electrical signals
(e.g., voltage and current) measured during actuation.[11] The
self-sensed displacement can then be used as feedback signal
in a closed-loop system, leading to a so-called sensorless control
architecture, which is more integrated, more affordable, and
smaller in size compared with its sensorized counterpart.[12]

To effectively achieve self-sensing in SMA actuators, the rela-
tionship between the material electrical quantities and the corre-
sponding mechanical output must be properly characterized by
means of a model. Accurate modeling of the electro-mechanical
characteristics of SMAs for self-sensing applications is in general
a hard task, since this curve is generally nonlinear, hysteretic,
and non-monotonic and depends on several external factors such
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Shape memory alloy (SMA) wire transducers undergo a phase change in their
crystal lattice when heated above a certain transformation temperature, which
results in an actuation strain on the order of 4–6% as well as a change in the
material electrical properties. The latter opens up the possibility of performing
self-sensing, namely estimation of the wire mechanical deformation during
actuation based on electrical measurements only. However, accurate SMA self-
sensing is challenging because the electromechanical and thermal characteristics
are generally hysteretic and depend on various factors like actuation frequency,
biasing mechanism, external load, and electrical heating strategy. To practically
address this issue, in this work, an artificial-intelligence-based approach is
proposed for SMA self-sensing. The proposed neural network consists of a
combination of recurrent and simple neuron types to reconstruct the position of
an SMA actuator in real-time, using applied electrical power and SMA wire’s
electrical resistance as inputs. After training and validation, the neural network is
implemented on a microcontroller-based embedded system to develop a self-
sensing closed-loop position control system. The accuracy of the self-sensing
control scheme is validated against a sensor-based control solution, showing root
mean squared errors of 0.028 and 0.021 mm respectively over a displacement
range of 2 mm.
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as biasing mechanism, additional external loads, actuation fre-
quency, ambient temperature, and electrical activation strategy.
In most research works dealing with SMA self-sensing, the wire
electrical resistance is used as main electrical parameter to esti-
mate the strain of the wire, e.g., based on a polynomial fit of the
resistance-strain characteristics[13] or via more advanced Kalman
filter approaches.[14] Researchers have also emphasized the role
of self-sensing in enhancing the performance of control strate-
gies in SMA actuated systems.[12,15] In ref. [16], the authors
manipulated the tensile force applied on the wire in order to min-
imize the hysteresis width of the resistance-strain characteristic
to accurately control the position of an SMA actuator via self-
sensing. Neural network-based control strategies are presented
to address nonlinearity and hysteresis, e.g., a gate recurrent neu-
ral network-based model is presented to design a feedforward
controller to compensate the nonlinearity and hysteresis that
improves the tracking performance of piezoelectric actuators.[17]

In ref. [18], Wang et al. highlighted the importance of iterative
compensation using neural network-based modeling in adaptive
robust control strategies in addressing challenges associated with
nonlinearities, hysteresis, and external disturbances.

In the self-sensing characteristics of SMA actuated systems,
outer hysteresis loop refers to the hysteretic loop obtained when
the SMA wire transforms from full martensite phase to full aus-
tenite phase and transforms back from full austenite phase to full
martensite phase. Any intermediate transformations forms the
minor/inner hysteresis loops as shown in Figure 1. These minor
hysteresis loops are addressed in ref. [19] using LSTM-based neu-
ral networks, in ref. [20] by a PWM-based self-sensing feedback
controller with inverse hysteresis compensation, in ref. [14] by an
unscented Kalman filter, and in ref. [21] by a fuzzy-PID control-
ler. It is remarked how artificial intelligence provides a potential
means to improve the accuracy of self-sensing estimation in
SMA,[22] for example, a machine learning-based approach for
self-sensing using random forest regression,[23] and an artificial
neural network-based self-sensing by employing long-short-
term-memory neurons.[19,24] Based on those works, it can be seen
that neural networks allow to achieve better accuracy in the pres-
ence of hysteresis, overcoming the performance of standard poly-
nomial regressions or other simple methods. However, present
studies are limited to describing either outer hysteresis loops
only, or minor loops obtained under well-defined and simple

loading trajectories. Nevertheless, achieving accurate self-
sensing-based feedback control in SMA actuators subjected to
complex input waveform, characterized by random amplitudes
and frequencies, still remains an open problem to the best of
our knowledge. The complexity of this task stems from the need
of accurately modeling the hysteresis non-monotonicity, the
internal hysteresis loops, and their dependency on the driving
frequency. Even though different types of neural networks are
available nowadays, selecting the best model for SMA self-
sensing applications requires finding the optimal trade-off
between accuracy and real-time computational complexity.

A preliminary investigation on self-sensing-based control of
SMAwas presented in our previous work,[25] where the feasibility
of neural network-based self-sensing control of SMA was dem-
onstrated by tracking the hysteresis outer loop. However, aspects
related to the generalizability of the neural network approach
to arbitrary inner-loop control trajectories or to different types
of SMA actuators, as well as the systematic investigation of
the performance-complexity trade-off of the self-sensing method,
were not studied in ref. [25]. In this article, we extend the pre-
liminary investigation in ref. [25] by addressing all the abovemen-
tioned points, while also making sure that the real-time
implementation requirements are met on a microcontroller-
based embedded control systems operating at 1 kHz. Given
the conflicting objectives of accuracy (favoring complex net-
works) and real-time feasibility (favoring simpler designs), the
investigation focuses on relatively simple type of neurons: feed-
forward neurons as they require minimum computation power
and simple recurrent neurons as they encode temporal depen-
dencies while being relatively simple. It is remarked that more
complex recurrent neurons, such as LSTM[19] or GRU,[17] are also
commonly used for modeling the temporal dependencies. Since
these types of neurons require more computation time due to
increased complexity, they are not considered in this work.
The input quantities used to reconstruct the SMA displacement
via neural networks are the wire electrical resistance and driving
input power, both computed in real time via voltage and current
measurements. As a further contribution, we prove that using
the input power in addition to resistance, which is the only
self-sensing signal used in most of the works from the litera-
ture,[13,14,16] has the advantage of addressing the non-monotonic-
ity of the resistance-strain curve, leading to better accuracy in the
full actuation range. In summary, our work contributes to the
state of the art on SMA self-sensing via the following points:
1) We perform systematic parameter studies aimed at finding
the number of neurons ensuring the best accuracy compatibly
with real-time requirements; 2) we quantitatively assess the
self-sensing accuracy improvement when considering both resis-
tance and power as input instead of resistance only; 3) we pro-
pose a novel neural network structure for SMA displacement
estimation, which differs from other state of the art solution
in the combined use of resistance and power data as input as
well as the adoption of recurrent neurons specifically in the
required hidden layer; 4) we prove generality of the approach
by validating it experimentally on three different SMA wire actua-
tors; and 5) we assess the capability of the new neural network in
enabling real-time self-sensing-based position control on a
microcontroller-based embedded system, by conducting

(a) (b)

Figure 1. Hysteretic correlations between: a) resistance and displacement
and b) power and displacement.
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experimental studies to compare the performance of the self-
sensing-based control with a sensor-based one.

The remainder of this work is organized as follows. In
Section 2, the working principle of the SMA actuated system
is described, along with the experimental system under investi-
gation. Section 3 introduces the optimized neural network archi-
tecture that is used for SMA self-sensing, and presents its
experimental validation. Section 4 systematically compares the
sensor-based and self-sensing-based closed-loop-control. Finally,
Section 5 provides concluding remarks.

2. SMA-Wire Actuator System

This section begins with a brief overview of the actuation and
sensing principles of SMAwires. Subsequently, the experimental
devices used to validate the proposed self-sensing method are
described.

2.1. SMA Operating Principle

The crystal lattice of SMAs is stable at mainly two solid-state
phases, i.e., martensite (stable at lower temperature) and austen-
ite (stable at higher temperature). In martensite phase, each crys-
tal can also have a different orientation, called variant. Based on
the orientation of each variant, SMA wires can be in twinned
martensite phase (favored in a load-free condition) and det-
winned martensite phase (favored when an external load induces
mechanical stress).[26] In actuator applications, SMAs are often-
times shaped as wires and are preloaded with a mechanical bias-
ing mechanism, which stabilizes the material in detwinned
martensite phase at room temperature. When an electric current
is applied to the wire, the increase in temperature resulting from
Joule heating causes the wire to transform from detwinned mar-
tensite to austenite. As a result of this phase transformation, the
wire length is reduced because the austenite phase has a cubic
space-centered crystal structure, making it shorter than the det-
winned martensite phase which has instead a unidirectional
monoclinic crystal structure.

An experimental setup comprising a spring-loaded SMA
actuated system is developed for the practical evaluation of
self-sensing-based closed-loop control. When an SMA wire is
connected to a linear tensile spring as shown in Figure 2a,
the wire is under tensile stress against the spring. In this con-
figuration, the spring and the SMA wire exert an equal amount

of force on each other at a stable equilibrium point, and the wire
is in the detwinned martensite phase at room temperature. If the
SMA-wire is heated above its austenite finish temperature, phase
transformation from martensite to austenite occurs. As a result,
the stiffness of the SMA wire increases, thus altering the stress-
strain curve of the wire, as illustrated in Figure 2b.[27] Due to the
increased stiffness of the SMA wire, it pulls the spring in the
direction of the wire, causing the equilibrium point to shift in
the direction of SMA wire. Once the current is no longer applied,
the wire cools down to room temperature and reverts to the mar-
tensite phase, returning the system to its initial equilibrium
point.

2.2. Electromechanical System

An SMA wire (Flexinol) with a 50 μm diameter and 70 °C austen-
ite start temperature, supplied by Dynalloy,[28] is utilized in the
experimental setup. The schematic representation in Figure 2a
illustrates an SMA-wire actuator configuration in which a linear
spring of 0.05 Nmm�1 stiffness functions as a bias system. As
shown in Figure 1a, the SMA wire is formed into a U-shape to
enable both wire terminals to be on the fixed end. The length of
the SMA wire is calculated as follows.

LSMA ¼ 2lSMA þ πr (1)

where LSMA is the total wire length, lSMA is the distance between
the terminal and the starting point of the curvature at which the
wire is bent to form a U-shape, and r is the radius of curvature.
The schematic diagram in Figure 2a also demonstrates that
increasing the total length between the two fixed endpoints,
denoted as DTotal, results in an increased force exerted by the
spring and SMA wire on each other. This is crucial to establish
an initial tensile stress on the SMA wire, ensuring that it is in the
detwinned martensite phase when no electrical current is
applied.

In the experimental setup illustrated in Figure 3, the length of
the SMA wire is known when it is in complete austenite phase,
and it is equal to 200mm. An initial tensile stress of 180MPa is
maintained to ensure the complete transformation of the wire to
the detwinned martensite phase at room temperature. To set the
initial tensile stress of 180MPa, the initial tensile force is calcu-
lated as follows.

Figure 2. Working principle of a spring-loaded SMA actuated system. a) Schematic diagram of the experimental setup and b) stress-strain characteristics
of the SMA-wire during actuation.
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F
initial

¼ σinitial ∗ A ¼ σinitial ∗ πðrÞ2 ¼ ð180 ∗ 106Þ ∗ πð25 ∗ 10�6Þ2
¼ 0.35N

(2)

where Finitial is the initial tensile force, σinitial is intital tensile
stress (180MPa), A is the cross sectional area of the wire, and
r is the radius of the wire (25 μm). The required initial tensile
force (0.35 N) is measured using a force sensor KD24s 2 N,[29]

which can measure up to 2 N force with 0.1% accuracy. The
known austenite length and the fixed starting position are essen-
tial to ensure the repeatability of the experimental results. Air
bearings are used to provide frictionless movement. The experi-
ments have been performed in a laboratory where ambient tem-
perature is set to 23 °C with allowed deviation of �1 °C. It is
important to maintain the ambient temperature at 23 °C� 1 °C
because the phase transformation of SMA is temperature sensi-
tive, and further change in the ambient temperature might affect
its hysteretic characteristics significantly. To minimize the
impact of uncontrollable parameters such as air velocity around
the wire, an air shield is installed on the setup to isolate the SMA-
wire from its surroundings. An optoNCDT 1607–10 laser sensor
by micro-epsilon,[30] which has measurement resolution of 3 μm
and measuring range of 10mm, is used to measure the
displacement.

2.3. Embedded System

Along with the electromechanical system, an embedded system
is developed to perform various experiments and to collect data
on the setup depicted in Figure 3, based on microcontroller

STM32H743ZI2. The microcontroller-based embedded system
makes the self-sensing SMA actuators easy to adopt in compact
SMA actuated systems. The block diagram of the embedded sys-
tem is presented in Figure 4.

It serves multiple purposes, such as gathering characterization
data, implementing a trained neural network for self-sensing,
and controlling the position of the SMA actuator. Based on the
algorithm of specific experimental requirements, an analog volt-
age signal is produced by the microcontroller STM32H743ZI2
using DAC and is passed to a current source. The current source
produces an electrical current based on the input voltage. The
regulated electrical current is applied to the SMA wire for heat-
ing the wire. As the wire is heated above its austenite finish
temperature, it stretches the spring, and the displacement is
measured using a laser sensor. The voltage across the SMA wire
as well as the current provided by the current source are mea-
sured. The outputs of the laser sensor, measured voltage, and
measured current signals are converted into a 0–3 V range,
which can be read via ADC using the microcontroller. The
ADC readings are stored in a circular buffer for use in the algo-
rithm and for transmission to a personal computer via USART
for offline analysis.

For collecting the characterization data, an experiment is per-
formed in which an electrical input current of random amplitude
between 0 and 90mA and random frequency between 20 and
200mHz is applied to the SMA wire. A sampling rate of
1 kHz is chosen for signal output generation and measurements.
The displacementD achieved by the actuator is measured using a
laser sensor, while applied electrical power P and electrical resis-
tance R are calculated from measured current i and voltage v
using

Figure 3. Experimental setup of an SMA-wire actuator configuration with a linear tensile spring as a bias system.
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P ¼ vi, R ¼ v
i

(3)

After collecting the characterization data, a half-Gaussian filter
is implemented to reduce the measurement noise. The half-
Gaussian filter is implemented as follows

yt ¼
P0

i¼n wiutþiP0
i¼n wi

(4)

wi ¼
1

σ
ffiffiffiffiffi
2π

p e�
S2
i

2σ2 (5)

where n≤ 0 is the filter window length, σ represents the standard
deviation of the Gaussian distribution, yt is the filtered value at
time t, utþi is the i

th input value from the filter window at time t,
wi is the weight for i

th input value, and Si is the sample number in
the filter window. Negative sample numbers indicate the previ-
ous values that are used for filtering the measured values.
Positive sample numbers are not used in the half-Gaussian filter
during the real-time implementation of the algorithms, as this
would violate causality of implementation. The characterization
data of the SMA actuated systems, consisting of applied electrical
power and resistance, as well as resulting displacement are fil-
tered using the half-Gaussian filter as presented in Figure 5.

It is practically observed that the presented SMA-wire-spring
actuator exhibits a hysteretic correlation between resistance and
displacement as well as power and displacement, as shown in
Figure 1. It is critical to note that slower actuation frequencies
lead to a reduction in the width of the hysteresis loop in the
power-displacement curve. Additionally, the intermediate trans-
formation of the SMA-wire to the austenite phase results in the
formation of inner hysteresis loops, as shown in Figure 1, which
complicate the overall modeling. As illustrated in Figure 1b, sev-
eral blue curves appear outside the outer loop indicated by the
red curves in power-displacement plot. These blue curves corre-
spond to inner hysteresis loops formed during intermediate
phase transformations, similar to the other inner loops. How-
ever, their hysteresis width is larger due to the slower actuation
frequencies. For the training, validation and testing of neural net-
work architectures, the electrical current signal of random

amplitude and frequency is applied to the SMA wire to ensure
the model’s robustness and to avoid the risk of overfitting.

3. Artificial Neural Networks

After describing the neural network analysis, this section
presents experimental validation based on the data collected
on the experimental setup.

Figure 4. Block diagram of the microcontroller-based embedded system.

Figure 5. Characterization data of a spring-loaded SMA-wire actuator.
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3.1. Neural Networks Analysis

An artificial neural network is composed by interconnected
nodes, known as neurons, which are organized in various layers
connected in series.[31] Each neuron processes input data and
passes the result to subsequent layers to produce an output.
As reported in Table 1, we evaluate various input combinations
and neuron counts for each network type, to determine the opti-
mal configuration that achieves maximum accuracy without
compromising real-time feasibility. The “Input” column indi-
cates the neural network inputs that are used to estimate the dis-
placement. A single neuron in the output layer gives estimated
displacement as an output with ReLU activation function. The
“H1 Neurons” column refers to the number and type of neurons
used in the first hidden layer with a Sigmoid activation function,
while the “H2 Neurons” column refers to those used in the
second hidden layer with a ReLU activation function. The
“Execution time” column displays the time required to predict
displacement using the trained network when implemented
on a microcontroller STM32H743ZI2, operating at a clock fre-
quency of 200MHz. “Training RMSE” and “Validation RMSE”
quantifies the performance of each NNs on training and valida-
tion data, respectively, by the root mean squared error (RMSE).

Comparing NNs 1 and 2, 3 and 4, 6 and 7, and 8 and 9, it can
be observed that an increase in the number of neurons leads to
better accuracy at the expense of greater computational power.
Similarly, comparing NNs 2 and 3 and 7 and 8 shows that adding
more layers also leads to improved accuracy but results in
increased computation time. For self-sensing in SMA actuators,
the conventional method is based on using the electrical resis-
tance as an input for estimating displacement. However, compar-
isons between NN 1 and 6, 2 and 7, 3 and 8, 4 and 9, and 5 and 10
indicate that incorporating electrical power, in addition to elec-
trical resistance, significantly improves prediction accuracy. It is
known that the resistance of SMAs depends on the material
strain as well as temperature and internal state.[10] Prior studies
show that electrical power correlates with temperature,[32] and
phase composition relates to the mechanical state in SMA

actuators,[10] emphasizing the dynamic nature of these relation-
ships. By combining electrical resistance and electrical power
readings as inputs, the neural network improves the accuracy
of the self-sensing model by learning the correlation between
electrical resistance, phase composition, and SMA wire geome-
try, as well as the correlation between electrical power and tem-
perature. The use of recurrent neurons further allows learning
these characteristics in a dynamic fashion. This result is achieved
with a data-driven approach, to address the lack of direct internal
state measurements (e.g., phase, temperature) affecting hystere-
sis as well as the strong material nonlinearity. In the perfor-
mance comparison between NN 5 and NN 10 as depicted in
Figure 6, it is evident that resistance- and power-based neural
network models, like NN 10, have the capability to account for
the nonmonotonicity of hysteresis, unlike the sole resistance-
based model, such as NN 5.

As the hysteresis inherently involves memory of past states,
modeling the hysteresis with a neural network involves capturing
the dependency on the history of past inputs. The recurrent
neurons are designed to handle sequential data because they
maintain a form of memory, which allows them to capture
dependencies and relationships over time. This feature makes

Table 1. Analysis of different neural network architectures for self-sensing in SMA actuators.

NN Input H1 Neurons [Sigmoid] H2 Neurons [ReLU] Training RMSE [mm] Validation RMSE [mm] Execution time [mSec]

1 R 8 (Simple) – 0.167 0.169 0.14

2 R 16 (Simple) – 0.168 0.169 0.16

3 R 16 (Simple) 8 (Simple) 0.166 0.168 0.19

4 R 32 (Simple) 16 (Simple) 0.163 0.175 0.29

5 R 16 (Recurrent) 8 (Simple) 0.149 0.153 0.86

6 R, P 8 (Simple) – 0.065 0.070 0.17

7 R, P 16 (Simple) – 0.063 0.068 0.20

8 R, P 16 (Simple) 8 (Simple) 0.051 0.058 0.23

9 R, P 32 (Simple) 16(Simple) 0.047 0.051 0.31

10 R, P 16 (Recurrent) 8 (Simple) 0.020 0.019 0.94

11 R, P 16 (Recurrent) 8 (Recurrent) 0.023 0.024 1.28

R= electrical resistance, P= electrical power.

(a) (b)

Figure 6. Neural network performance on modeling resistance-
displacement characteristic when a) only resistance is used as input
(NN5) and b) resistance and power are used as inputs (NN10).
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them particularly well-suited for modeling hysteresis. In stan-
dard recurrent neurons, the output of a neuron is fed back
and used as neuron input for the subsequent time step. This
mechanism enables the neuron to retain information about past
inputs and incorporate the influence of prior states into the
current computations, practically implementing a memory.
Recurrent neurons, however, require more computation power
than conventional ones. In the proposed NN model, we have
used standard recurrent neurons in the first hidden layer to cap-
ture the temporal dependencies that are needed for modeling the
hysteresis memory effect. The input of a recurrent neuron must
be provided in the form of a time series sequence. The input
sequence is created by considering the 10 previous values of
the inputs with a 100millisecond delay between consecutive
inputs. Therefore, the sequence window covers the previous 1 s
of temporal data that is used by recurrent neurons to model the
temporal dependencies. From the comparison between NNs 8
and 10, it is evident that replacing simple neurons with recurrent
neurons in the first hidden layer reduces RMSE by 60.8% and
67.24% in training and validation, respectively, which proves that
recurrent neurons outperform basic neurons in predicting the
hysteretic material response. Further comparison between
NNs 10 and 11 reveals that as the network’s complexity increases,
it starts learning the noise patterns as well, instead of focusing
on the main patterns, which causes a decrease in prediction
accuracy. The required computation time also increases from
0.94millisecond to 1.28millisecond. For implementation of an
algorithm at 1 KHz sampling frequency, it is necessary that
the required computation time for the algorithm implementation
is less than 1millisecond. Based on the above discussion, we
select NN 10 to be implemented on a microcontroller running
at a sampling frequency of 1 KHz. The proposed neural network
structure, illustrated in Figure 7, is motivated by the need to find
a trade-off between required computation power and accuracy.
The structure of our neural network is based on a physical argu-
ment regarding the SMA electrical resistance model,[10] even
though it is here incorporated in a data-based fashion. In partic-
ular, since data on the material’s internal state, which directly

affects hysteresis (phase, temperature) is generally not available,
our neural network attempts to extract the additional information
on the material internal state from the combined resistance
and electrical power readings, and use them to correct the
displacement-resistance model accordingly. Indeed, from earlier
modeling works on SMA actuators, it is known that the power is
strictly related to the material temperature,[32] while there exists a
well-defined relationship between material phase composition
and mechanical state for SMA-spring actuators.[33] As those rela-
tionships are generally based on a dynamic model, a neural net-
work embedding memory (e.g., recurrent) is expected to perform
better than a memoryless one (e.g., feedforward).

A combination of backpropagation algorithm[34] and backpro-
pagation through time algorithm[35] is used for training of the
specified neural network, NN 10, in which the recurrent layer
is followed by simple layers. The mean squared error using pre-
dicted output ŷ and actual output y is calculated by

L ¼ 1
2
ðŷ � yÞ2 (6)

for loss computation. All the trainable parameters are updated
using ADAM optimizer.[36]

3.2. Performance Evaluation of Neural Network

An input–output dataset is prepared using electrical power and
resistance as inputs, and measured displacement as an output,
for training the neural network. The characterization data shown
in Figure 5 is used for the training of the neural network with
ADAM as an optimizer with hyperparameters, α = 0.001,
β1= 0.9, β2= 0.999, and mean squared error calculated by (6)
as a loss function. Apart from the training data, additional
measurements are collected for validation purpose. The results
for both training and validation data are compared with the laser
sensor readings, as shown in Figure 8a. To quantify the perfor-
mance of NN10, the root mean squared error (RMSE) is calcu-
lated. The network can estimate the displacement with a RMSE
of 0.0196 mm for the training data and 0.0194 mm for the

Figure 7. Schematic diagram of the optimized neural network structure for self-sensing in an SMA actuated-system.
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validation data. The experimental results demonstrate that the
proposed method achieves self-sensing for arbitrary trajectories
exploring SMA inner loops with a precision of 0.0194 mm, cor-
responding to 0.63% of the maximum displacement. This per-
formance significantly surpasses the best-reported accuracy of
2.5% of the maximum displacement achieved in similar experi-
ments, to the best of our knowledge, using state-of-the-art neu-
ral network-based self-sensing methods for SMA actuators
by employing LSTM neurons.[19] It is important to note here
that the proposed neural network architecture is optimized
for real-time implementation at a 1 kHz frequency on a
microcontroller-based embedded system, which is challenging
to achieve with the state-of-the-art LSTM-based architectures
because of their higher computational demands.

Apart from the training and validation on the SMA wire of
50micrometer diameter (type 1), which is used for all subse-
quent experiments presented in this paper, we investigated gen-
eralization capability of the our self-sensing approach by testing
the proposed neural network structure for self-sensing evaluation
on multiple SMA wire actuators. For this purpose, two additional
experiments are performed using different SMA wire actuators
(type 2 and type 3). Characteristics of all wires are reported in the
following: 1) Type 1 (wire diameter= 50micrometer, wire length
= 200mm, austenite start temperature = 70 °C, provider =
Dynalloy (Flexinol)), 2) Type 2 (wire diameter = 38micrometer,
wire length = 100mm, austenite start temperature = 70 °C, pro-
vider = Dynalloy (Flexinol)), 3) Type 3 (wire diameter =
76micrometer, wire length = 100mm, austenite start tempera-
ture = 90 °C, provider = SAES getters).

Characterization data of random amplitude and frequency is
collected for each type of the SMA wire. The proposed neural
network structure is then trained for each case, using the respec-
tive training data with ADAM as an optimizer with hyperpara-
meters, α = 0.001, β1=0.9, β2=0.999, and mean squared error
as loss function. Apart from the training data, additional meas-
urements are collected for validation purpose in each case. As
shown in 8, the proposed neural network structure is capable
to estimate the displacement for the training and validation data
with 0.020 and 0.019mm, respectively, on type 1; 0.013 and
0.016mm, respectively, on type 2; and 0.012 and 0.013mm,
respectively, on type 3 SMA actuator. All results are considered
satisfactory, and confirm the accuracy and generalizability of the
proposed neural network.

Once the network is trained, it can estimate the displacement
using applied electrical power and resistance in real-time at
1 kHz frequency using a microcontroller STM32H743ZI2. As
shown in Figure 9, the trained network can estimate the displace-
ment with 0.0247mm RMSE when implemented in real-time
using the microcontroller-based embedded system. The devel-
oped neural network is therefore suitable to generate a feedback
signal in a closed-loop control strategy.

4. Sensorless Control Validation

This section validates the use of the developed neural network in
a sensorless position control application of an SMA actuator. The
goal is to compare a closed-loop position control architecture,

(a) (b) (c)

Figure 8. Performance evaluation of the neural network for self-sensing in different SMA wires on training and validation data in comparison to the laser
sensor reading. a) Type 1 SMA wire (wire diameter = 50micrometers, wire length = 200mm, austenite start temperature = 70 °C, provider = Dynalloy
(Flexinol)), b) Type 2 SMA wire (wire diameter = 38micrometers, wire length = 100mm, austenite start temperature = 70 °C, provider = Dynalloy
(Flexinol)), and c) Type 3 SMA wire (wire diameter = 76micrometers, wire length = 100mm, austenite start temperature = 90 °C, provider = SAES
getters).
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which relies on an accurate laser sensor to acquire the position
feedback with a sensorless architecture, which relies on the self-
sensing neural network to estimate the position. To perform the
experimental comparison among the two closed-loop architec-
tures, the same experimental setup presented in Section 2 is
used.

For the SMA-actuated system considered in this work, the
relationship between applied current and resulting displace-
ment is highly hysteretic. This strong nonlinearity significantly
complicates the design of closed-loop control systems, making
it necessary to resort to nonlinear control and/or hysteresis
compensation[21,37] whenever high tracking accuracy and/or
speed are needed. Nevertheless, since in this work the primary
focus is on an accurate self-sensing (rather than control) strat-
egy, we decided to control the SMA actuator position via a sim-
ple PI þ feedforward law. To this end, the input–output
nonlinearity is approximated with a third order polynomial
equation passing through the average points of a current-
displacement hysteresis curve.[38] Despite their simplicity, PI þ
feedforward laws represent a popular control architecture in
many motion control systems.[39,40]

While the feedforward term performs an approximated
inversion of the system dynamics based on a nominal model,
the PI attempts at compensating the residual errors, disturban-
ces, and unmodeled dynamics via a feedback action. A block
diagram representation of the adopted PI þ feedforward law

is shown in Figure 10. The control input, i.e., electrical current
i, is given by

i ¼ satðiPI þ if f Þ (7)

where iPI and iff are the PI and feedforward contributions,
respectively, while sat(·) denotes a saturation function, which
constrains the SMA current within safety bounds at each time,
i.e., i ∈ [0,90] mA. To simplify the implementation and enhance
the impact of feedback control, in this work, we let most of the
hysteresis compensation being carried out by the PI, while the
feedforward only provides a nominal correction term. To this
end, the input–output nonlinearity is approximated with a third
order polynomial equation passing through the average points
of a current-displacement hysteresis curve. In this way, the
overall trend of the hysteretic nonlinearity can be compensated
without the need to implement a complex hysteresis model. The
obtained polynomial fit is then used to implement the following
feedforward action, defined as

if f ¼ 7.35D3
t � 36.13D2

t þ 59.41Dt þ 29.31 (8)

where Dt is the target displacement function. The PI term iPI is
implemented as a standard error-driven proportional-integral
law with anti-windup, to cope with control input saturation,
defined in the z-domain as follows (note that the forward
Euler discretization is used).

iPIðzÞ ¼ kpeðzÞ þ Ts
z�1 kieðzÞ � Ts

z�1 kaðiPIðzÞ þ if f ðzÞ � iðzÞÞ (9)

where e is the position tracking error, i is defined as in (8), Ts is
the sampling time, while kp, ki and and ka are proportional, inte-
gral, and anti-windup gain, respectively.

To control the displacement of the SMA actuator based on a
feedback signal from a laser sensor, the overall control law is
implemented using a microcontroller, according to the architec-
ture in Figure 10a. In the sensor-based control, the feedback sig-
nal is measured by a laser displacement sensor optoNCDT 1607
by micro-epsilon. The PI gains are tuned based on Ziegler-
Nichols tuning method and further refined by hand-tuning,
resulting in kp = 27, ki = 108, and ka = 10.8. To implement
self-sensing-based control, the feedback signal is provided by
the neural network trained as in Section 3.2 based on measured

Figure 9. Performance of the trained neural network for self-sensing in a
real-time system.

Figure 10. Block diagram of combined control strategies: a) laser sensor-based control and b) self-sensing-based control.
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voltage and current signals, as shown in Figure 10b. In the imple-
mentation of the self-sensing-based control strategy, the output
of the laser sensor is replaced by the output of the neural net-
work, and the values of feedback controller gains kp, ki and
and ka are kept same as the laser sensor-based control for ease
of comparison.

The performance of the laser sensor-based combined position
control for the spring-loaded SMA actuated system is presented
in Figure 11a. The target displacement trajectory is planned as a
composition of sinusoidal signals with random amplitude and
frequency. This type of signal allows to investigate the perfor-
mance of the self-sensing-based control strategies in the pres-
ence of rate-dependent hysteretic dynamics as well as inner
hysteresis loops depending upon intermediate amplitudes.
Additionally, the target displacement is also kept constant at
non-uniform intervals to examine steady-state errors. The result-
ing RMSE of the laser sensor-based combined control is
0.0205mm for target displacement of random amplitude and fre-
quency. The performance of the self-sensing-based closed-loop
control system is instead presented in Figure 11b. The resulting
RMSE value achieved in this case is 0.0282mm. Note that in this
case, the RMSE is calculated by error based on the measurement
of the laser sensor, while the controller operates on the estimated
error that is calculated by subtracting estimated displacement
from the target displacement. In spite of the fact that the feed-
back signal in self-sensing-based closed-loop control is solely
dependent on a neural network, its accuracy is very close to the
one of the laser sensor-based closed-loop control, as illustrated by
Figure 11. In Table 2, the evaluation of the laser sensor-based
control and the self-sensing-based control is reported with the
quantitative description of the tracking errors by root mean

squared error (RMSE), mean absolute error (MAE), and 95%
peak error (PE(95%)). The 95% peak error refers to the maxi-
mum deviation of the system’s response from the setpoint dur-
ing the transient phase, excluding the largest 5% of outliers.
PE(95%) is commonly used to provide a robust measure of peak
error by reducing the influence of extreme or rare spikes in the
error. The resulting RMSE, MAE, and PE(95%) achieved in laser
sensor-based control strategy is 0.0205mm, 0.0108mm, and
0.0497mm, respectively, and in self-sensing-based control
strategy is 0.0282mm, 0.0177mm, and 0.0685mm, respectively.
These results effectively validates the proposed neural network-
based self-sensing approach.

5. Conclusion

In this article, we presented a self-sensing embedded position
control system for a shape memory alloy actuated system using
an artificial neural network. The selection of the neural network
is motivated by our best physical understanding of the physical
mechanism behind SMA resistance, which is known to depend
not only on the material strain but also on its internal state.[10] By
supplementing resistance data with electrical power and intrinsic
memory, the proposed neural network has all required informa-
tion and the appropriate internal structure to accurately learn the
physical process underlying self-sensing. The proof-of-concept is
provided by implementing the self-sensing closed-loop position
control architecture on the spring-loaded SMA actuated system
using a microcontroller-based embedded system, which per-
forms up to the standard of laser sensor-based closed-loop con-
trol systems. By the comparison of root mean squared error in
position control based on feedback signal from laser sensor
(RMSE of 0.0205mm) and from self-sensing (RMSE of
0.0282mm), it is proven that neural network-based self-sensing
in SMA actuators can potentially replace the conventionally used
external electro-mechanical transducers in a closed-loop control
systems.

The presented results motivate the use of a self-sensing
closed-loop control systems in development of size-, weight-,
and cost-efficient SMA actuated systems. The subsequent steps
of this work explicitly address the dependence of ambient tem-
perature on SMA self-sensing. In future work, self-sensing will

(a) (b)

Figure 11. Performance evaluation of a combined control strategy: a) laser sensor-based control (RMSE= 0.0205mm) and b) self-sensing-based control
(RMSE = 0.0282mm).

Table 2. Evaluation of laser sensor-based control and self-sensing-based
control results by quantitative description of tracking errors.

Control strategy RMSE MAE PE(95%)

Laser sensor-based 0.0205 mm 0.0108 mm 0.0497mm

Self-sensing-based 0.0282 mm 0.0177 mm 0.0685mm

RMSE= root mean squared error, MAE=mean absolute error, PE(95%) = 95%
peak error.
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be used for the accurate position control of complex SMA actu-
ated systems such as continuum robots.
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