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Shape Estimation of a 3D Printed Soft Sensor Using
Multi-Hypothesis Extended Kalman Filter

Kaige Tan”, Member, IEEE, Qinglei Ji'¥, Lei Feng

Abstract—This study develops a multi-hypothesis extended
Kalman filter (MH-EKF) for the online estimation of the bending
angle of a 3D printed soft sensor attached to soft actuators. Despite
the advantage of compliance and low interference, the 3D printed
soft sensor is susceptible to the hysteresis property and nonlinear
effects. Improving measurement accuracy for sensors with hystere-
sis is a common challenge. Current studies mainly apply complex
models and highly nonlinear functions to characterize the hys-
teresis, requiring a complicated parameter identification process
and challenging real-time applications. This study enhances the
model simplicity and the real-time performance for the hysteresis
characterization. We identify the hysteresis by combining multiple
polynomial functions and improving the sensor estimation with
the proposed MH-EKF. We examine the performance of the filter
in the real-time closed-loop control system. Compared with the
baseline methods, the proposed approach shows improvements in
the estimation accuracy with low computational complexity.

Index Terms—Soft Sensors and Actuators, Modeling, Control,
and Learning for Soft Robots, Hydraulic/Pneumatic Actuators.

1. INTRODUCTION

OFT robots are made from compliant materials and out-
S perform conventional rigid robots in terms of adaptability,
safety, and novel actuation [1]. Soft robots move and interact
with the environment through the soft actuators, which deform
by morphing their soft bodies. However, due to the compliant
nature of the flexible materials, soft actuators also suffer from
low actuation precision and long response time, which hinders
their wider applications [2], [3].

Integrating shape or force sensors onto the soft actuators to
provide signal feedback is a natural solution to increase the
actuator performance [4]. 3D printing, a powerful and versa-
tile additive manufacturing technology for producing complex
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Fig. 1. The 3D printed soft actuator with integrated soft sensor. The soft
actuator is deformed with the bending angle 6.

and multi-material structures, has been intensively applied in
fabricating soft actuators directly integrated with printed soft
sensors [5]. These printed soft sensors either use commercial
conductive filaments [6] or self-developed materials [7] that
exhibit deformation responsive properties. The feedback from
the sensors is usually the resistance or capacitance, which can
be measured to predict the deformed shape using the shape
estimation model for the sensor readings and the sensor shape.

However, the hysteresis phenomena widely exist in the
piezoresistive materials [8]-[10], causing the measurement in-
consistency when the sensor is deformed and recovered [11].
As a result, the soft sensors suffer from large uncertainties and
measurement errors. In our previous work [12], we developed a
strain sensor that can be directly 3D printed on a bellow-type soft
actuator as shown in Fig. 1. The sensor is printed using a flexible
conductive filament, and its electric resistance changes when
deformed with the soft actuator. By measuring the real-time
resistance, the shape of the soft actuator is estimated using
a linear resistance-deformation model. The estimated actuator
shape then enables closed-loop shape control of the soft actu-
ator. However, the controller performance varies for different
shape references without considering the hysteresis in the shape
estimation model. A shape estimation model that tackles the
influence of the hysteresis is required.

Currently, to characterize the hysteresis behavior and com-
pensate for its negative effect, phenomenological models that
express the experimental phenomenon with the relevant math-
ematical model [13]-[15] are extensively applied. In addi-
tion, operator-based models, including Preisach model [16] and
Prandtl-Ishlinskii (PT) model [17], employ the combination of
multiple weighted play operators. By this means, hysteresis is
modeled as a cumulative effect of all possible delayed relay
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elements parameterized by a pair of threshold variables [18].
Studies on hysteresis modeling also exploit data-driven methods.
The hysteresis property is analyzed by the Gaussian Process
in [19], where the control signal and its corresponding chang-
ing rate are taken as the model input. The Duhem model is
transformed to a neural network model in [20] to describe
hysteresis and perform parameter identification.

The above-mentioned approaches essentially utilize domain-
specific models or highly-nonlinear basis functions to construct
a complex relationship to characterize the hysteresis, which
requires a complicated parameter identification process. With
the increase of parameters, advanced identification methods
(e.g., searching and optimization-based methods [21]-[23]) are
required to calibrate the model, which has low efficiency and a
non-negligible risk of falling into local minimal. A modeling
approach that features low complexity and high accuracy is
required, so that the algorithm can be implemented in a mi-
crocontroller for real-time control.

Based on our previous findings [12], this study investigates
Kalman filter (KF) to improve the shape estimation. In partic-
ular, to characterize the hysteresis property, a set of quadratic
functions are approximated to differentiate the angle increasing
and decreasing phases under different amplitudes. Moreover,
a multi-hypothesis Extended Kalman Filter (MH-EKF) is de-
signed to improve the sensor performance with high accuracy
and efficiency. MH-EKF enhances the KF by evaluating pos-
terior probabilities of all feasible association hypotheses [24],
which has been widely used in the localization [25], [26] and
tracking problems [27], [28] in the field of mobile robots and
vehicles. In this study, we extend its usage and investigate the
application in the soft sensor hysteresis problem. For validation,
the developed method is implemented on a microcontroller
for the closed-loop control to test the precision and real-time
performance.

The rest of this letter is organized as follows. In Section II, we
give a brief overview of the experiment setup, followed by the
identification of the actuator’s dynamic model and the pressure-
angle hysteresis. Section III describes the design of the KF and
MH-EKF approaches. The performance of the filters with the
real-time implementation is tested in Section IV. Section V
concludes this study.

II. MODEL IDENTIFICATION
A. Experiment Setup

The soft sensor is printed onto the soft actuator directly via
multi-material 3D printing methods. The soft actuator is printed
with thermoplastic polyurethane (TPU) and the soft sensor is
printed with EEL, which is a mixture of TPU and carbon black.
Its electric resistance is deformation-responsive owing to the
changed distribution of carbon black during deformation. The
influences of different sensor shapes on the sensor performance
were investigated in an earlier study [12], and the sine wave
shape applied in this work is found to be the optimal profile.
Fig. 2 gives an overview of the test rig for the soft sensor
characterization and soft actuator control. The soft actuator
deformation is produced by the air pressure from the pressure
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Fig. 2. Overview of the experiment setup.

regulator, which is connected to a pressure source of 6 bar. The
regulator is controlled by an Arduino Due microcontroller board.
The pressure regulator is assumed to be an ideal regulator and
provides pressure output equal to the pressure reference with no
delay. A MATLAB Simulink program runs on the computer and
downloads the compiled program to the microcontroller board.
The program also communicates with the board in real-time to
monitor the system status and send commands.

Under the constant curvature assumption, the deformed soft
actuator is an arc [3]. The deformation of the actuator can be
expressed using the bending angle 6,, which refers to the angle
formed by the arc, as illustrated in Fig. 1. Due to the residual
stress from 3D printing the soft actuator, the initial shape is
not straight and the actuator has a free bending angle of 6y =
18°. In the later context, this initial angle is subtracted from
0;. Thus, 0; refers to the varied bending angle. Two methods
are used to detect the bending angle. First, a web camera is
used to capture the bending angle in real-time with the designed
image feedback module [3]. The bending angle captured by the
camera is regarded as the ground truth, which is used both in
model identification and the closed-loop validation. The camera
angle value is sent to the board via serial communication. In
addition, a resistance meter circuit connecting the sensor on the
soft actuator is applied and converts the varied electric resistance
during deformation to analog signals, which is then measured by
the microcontroller board as the digital resistance reading [12].

B. Motion Model

A state-space model is required to find the relationship be-
tween the input pressure and the actuator’s bending angle. Sev-
eral studies have addressed the actuator modeling, such as Finite
Element Modeling (FEM) [29] and data-driven methods [30]. A
data-driven linear model is investigated in the prior study [3] and
shows adequate accuracy. Therefore, we continue to use a linear
identified model. In particular, we record the bending angle 6
with time stamps ¢ by exciting the soft actuator with a series of air
pressure ranging from 1 ~ 3 bar with the increment of 0.25 bar
in each experiment. The soft actuator can reach a steady bending
angle 6, within 1.5 s. Fig. 3(a) depicts the relation of 0, against
P, and it can be expressed by 6., = 18.1P. The estimation
accuracy is evaluated by the coefficient of determination denoted
by R? [31]. The fitting model has R? = 95.2%, showing that
the actuator response can be approximated to a linear model
and the steady-state gain is 18.1. Fig. 3(b) plots the dynamic
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Fig. 3.  State transition model fitting for the soft actuator.

responses under different stimuli. Subsequently, the system
behavior is concluded by fitting the average responses with
the unit input pressure. Owing to the low complexity and high
precision, we apply ssest function in MATLAB and generate a
second-order discrete-time state-space model with the sampling
time 75 = 50 ms, given as

Xi+1 = AdgisXt + Bais Py, (1a)

0, = C9x; = [1 0]x, (1b)
where x; = [6; 0, — N, P]Tisa2 x 1 state vector. The control-
lability and observability can be verified by checking that the

oo
matrices C = [Bdis AdiSBdis] and O = dis | have the

CaisAdis
full rank. The step response of the approximated model is shown
in Fig. 3(b). Compared to the experimental data, the identified
system through approximation is accurate in terms of rise time
and steady-state error (R? = 98.29%).

C. Observation Model

In a real-time application, the output matrix C$ = [1 0]
in (1b) cannot be applied directly since the bending angle is
not directly measured. As mentioned before, we apply the soft
sensor attached to the actuator, where bending angles can be de-
tected with resistance readings of the soft sensor. The resistance
measurement at time-¢ is converted to the digital reading of the
microcontroller as the measurement variable, denoted by 7. In
the previous solution [12], a linear regression model builds the
observation relationship with

et - K?"t, (2)
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Fig. 4. Hysteresis loops generated by the soft sensor. Arrows represent the
pressure increasing and decreasing phases.

where K is a constant estimated from the collected data. Based
on (2), we can rewrite the state-space expression in (1b) as

Ty = Cdithy (3)

where Cygis = [K !  0]. We denote #; as the prediction to distin-
guish the real measurement r,. Note that K is non-zero, which
ensures the feasibility of (3).

The linear regression is efficient but also causes model inaccu-
racy. Due to the hysteresis, a specific bending angle can map to
different resistance readings. Fig. 4(a) illustrates the hysteresis
property of the applied soft sensor, where the digital readings
vary during the pressure increasing and decreasing phases. The
data is collected by driving the soft actuator with a sine wave.
Note that the origin of the hysteresis loop is shifted to zero in
the figures. Specifically, we compare the hysteresis behaviors in
Fig. 4(a) when imposing pressure inputs with different frequen-
cies but the identical amplitude. Although small variances in
the shapes of hysteresis loops appear, the measurements under
different frequencies have a similar behavior. To simplify the
model, we assume that the hysteresis in the applied soft sensor
holds the rate-independent property [8], because the shapes of
the hysteresis loops have little correlation with the rate of the
input signal. In addition, as seen in Fig. 4(b), when driving the
soft actuator with different amplitudes but a fixed frequency,
the hysteresis loops manifest different patterns, especially dur-
ing the angle decreasing stage. If the linear approximation is
used to estimate the bending angle from the resistance reading,
the estimation error would be large. To improve the accuracy,
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the relationship between the bending angle and the resistance
must adapt to different amplitudes and the increasing/decreasing
phases. This motivates us to find multiple polynomial approxi-
mations to characterize the hysteresis loops.

In particular, we denote a set of quadratic functions by f;(0) =
a;0% + b0 + ¢;, i €I, to characterize the hysteresis during the
angle increasing/decreasing process. In this study, we limit
the operational range of the soft actuator from 10° to 50°.
The collected data with different amplitudes of bending angles
are applied separately for polynomial curve fitting. To avoid
high-frequency measurement noises, the original data are pre-
processed by amoving average filter [32] with the window size of
10. The fitted quadratic functions are depicted in Fig. 4(b), where
the linear regression result is also given for comparison, which
is fitted with the 50° hysteresis loop data. The fitted quadratic
functions have an average R? value of 98.46%. For the linear
regression function, the corresponding coefficient of determi-
nation is R? = 89.88%. The quadratic function is selected due
to simplicity and precision. Notice that the hysteresis loop does
not exhibit a high level of non-linearity by checking the second-
order derivative being small. Thus, the extended Kalman filter
approach is suitable to be applied, in which the accuracy can be
preserved by linearizing the quadratic measurement functions.

III. DESIGN OF FILTERS

In this section, the Kalman filter approach is developed to
obtain high-accuracy sensor shape estimations. We treat the
approximation error together with the environmental noise as
Gaussian. Due to the inherent non-linearity and multi-modality
from the hysteresis loop, we identify the measurement model by
proposing an MH-EKF approach.

A. The Kalman Filter

In the Kalman filter, the state is represented by the posterior
probabilities based on the past measurements and controls [33].
Therefore, from (1) and (3), we can rewrite the linear Gaussian
state transition equations with

Xi+1 = AdgisXs + Bais Py + €, (4a)

re = Cdisxt + 0. (4b)

The two terms e€R? and §€R are state transition and
measurement noises, respectively. Both are Gaussian with the
constant covariance matrices R and Q).

The Kalman filter algorithm represents the state probability
p(x¢) ~ N (x5, X)) by the mean p; and the covariance ;.
Given the posterior at time ¢ — 1, the prediction of the state
p(Xy) ~ N (X4; g, 3 ) is calculated as

(5a)
(5b)

By = Adgispri—1 + BaisPi—1,
Yy = AgsXi 1Ag + R

Then, by incorporating a linear measurement model, the
posterior of the state x; is updated with

(6a)
(6b)

pe = py + Ki(re — Caistty),
Y =5 — KiCais2t,
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where K is the Kalman gain, which is calculated as
= = -1
Ki = 5iCyis (CaisZeCis + Q) ©)

B. Multi-Hypothesis Extended Kalman Filter

The hysteresis property complicates the Kalman filter by
introducing the non-linear and multi-modal beliefs. Thus, the
MH-EKF is applied to represent the posterior by multiple Gaus-
sians. As discussed in Section II-C, we describe the hysteresis
loop with the quadratic functions; hence, the measurement from
a specific quadratic function f; is governed by

i = hi(%,) + 01,0 €T, 8)

where h; :R? = R, and h;(x;):= f;(C3.x¢) = fi(0;) is one
of the hypotheses in the observation model. In the EKF, the
measurement model is approximated by the first-order Taylor
expansion around g,, which gives

hi(xe) & hi(ja,) + Hi (x¢ — fi,). ©))

H} is the corresponding Jacobian matrix, and H} = [ %Z O} =

{Zaiét + b; O} , where 0, is the first entry in fi,.

With a certain measurement model h;, the posterior for EKF
p(x}) ~ N (x}; pi, ) is updated by
(10a)
(10b)

By = By + K (re — hi(fiy)),
Y =%, - K/H%,,

where Ki =S, Hi' (H,ff]thiT—l— Q) ' Note that &, is un-
changed because the state update equation is still described by
the linear equation (4a).

As an extension of the basic EKF, MH-EKF accepts multiple
hypotheses in the belief. It represents the posterior by combining
closely related hypotheses [33]. Fig. 5 gives an illustration of
the MH-EKF. The example contains two hypotheses in the
measurement model (i.e., |Z|=2), which are depicted by the
nodes generated at each time step. We denote a node at time-t by
l; € Z, and itrepresents the measurement model that a hypothesis
selects. A Gaussian path is extended with new nodes by selecting
measurement models at different times, which is represented by
the dashed line in Fig. 5. This process generates a tree whose root
is at £ =0 and the sequence length is ¢ + 1. We denote the set of
all Gaussian paths by £ C7*, and a path from time 0 to time ¢ by
l[t]=lply.. Iy € L. Apath[t] from the root to a node at time-Z is
uniquely defined by specifying the hypothesis correspondence
on the measurement model during the period [0, ¢].
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In Fig. 5, the grey nodes represent the valid paths that can
propagate to the next time step, and the empty nodes are paths
that are terminated. In the MH-EKEF, since new hypotheses are
generated at each time step, the new nodes grow exponentially
over time. For this reason, the number of Gaussian paths should
be limited. To overcome this issue, two methods are applied
in this study. First, we define a threshold Dy on Mahalanobis
distance to filter out the hypotheses with low measurement like-
lihood. The Mahalanobis distance D; estimates the likelihood
by calculating the distance between the measurement and the
probability distribution of a hypothesis. It is given by

+Q)71 GeZ. (D

Second, we define an upper limit on the number of valid paths
by N, i.e., |£| < N. We perform the pruning by only selecting
the top N paths with higher weights. The definition of the path
weight it is given later in (13) and (14). By these means, we
eliminate redundant computation, which benefits our real-time
implementation.

The posterior x; in MH-EKF depends on all valid paths in £
at time-t. Each path can be viewed as the local posterior function
x'l] conditioned on a unique sequence of measurement model
associations, and is defined by a Gaussian with mean 'Yl = ,ul’
and covariance L't = Zl’ based on (10). By associating the
paths, the expected posterior at time-¢ is p(x;) ~ N (x¢; e, 2¢),
characterized by

Di = (ry — h; (%,))° (thth

Zdjl[t] it

KBt =
Zl[t] d) l[t

5 = (zmw )glz[t]:(y,l[t]) sl
t

where '[!l >0 is the path weight, which determines the weight
of path-I[t] in the posterior. The weight 1/'*! is updated at each
time step. Assume that a path [t — 1] has the weight 1!~ 1. Tt
propagates to a new path [[¢] by the hypothesis correspondence
Iy = 4. Then, the weight of the new path-{[t] is calculated as

P = Uy |1t —1] 0 1y), i €T, (13)

(12a)

(12b)

where the operator o denotes a connection function that as-
sociates {[t—1] and I,. 'l denotes the path weight before
normalization. Note that ¢!t} is obtained after normalization
to avoid the weight attenuation, and is given by

¢l[t] — 7[,l[lﬁ]/z: Qz,l[t]
1]

The term p(rs|l[t — 1] ol;) in (13) is the likelihood of the
measurement r; under the sequence of correspondence (i.e.,
[[t — 1] ol;) that leads to the new path [[t] from [t — 1]. Tt
follows the Gaussian distribution with the form [33]

plre | Ut =1 ol) ~ N (rishi(a), HiSH! +Q). (15)

(14)

(13) gives an overall estimation on a new path [[t] by both
considering the measurement likelihood at the current time-¢
(i.e., p(r¢ |1[t — 1] o l;)), and the weight of the path it inherits
(i.e., =1,
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Algorithm 1: Multi-hypothesis-based EKF.

Data: State transition covariance matrix R,
measurement variance (), Mahalanobis distance
threshold Dy, track threshold N

Result: Gaussian mixture posterior p(x;)

1 Initialize o = [0 0], o = Binie t = 1, £ = {e};
2 while ¢t <7T do

3 L =10

4 | foreach /[t — 1] € £’ do

5 Obtain p(X;) by (5);

6 Receive measurement 7;

7 foreach i € 7 do

8 Build a new path-{[¢] with [; = ¢ and the
sequence of correspondence
[t] < 1t — 1] o ly;

9 Obtain p(xi), D; from (10), (11);

10 if D; < Dy, then

1 Obtain p(rs | {[t — 1] o l;) from (15);

12 Update 'Yl from (13);

13 Append the element: £ < LU {I[t]};

14 end

15 end

16 end

17 | Perform pruning of £ based on N;

18 Normalize weight from (14);

19 Obtain the posterior p(x;) from (12);

20 Update Gaussian path set: £ + L;

21 Update time step: ¢ <— ¢ + 1;

22 end

Algorithm 1 presents the pseudo-code for the MH-EKF im-
plementation during the period [0, T]. Note that two sets, i.e.,
L' and L, are defined to store the paths from the last time step
and the updated paths at the new time step. The initial set of £’
contains only the empty path e, which represents the root node of
all hypothesis paths. The initial value of 3, is a tuning parameter,
which is fine-tuned during the experiments. The associated
computation complexity at each time step is O(|L’'||Z]), which
is at most O(N|Z|) and linear in the number of hypotheses. It
indicates that the method is scalable to a large-scale problem
when extending the operational range of the soft actuator and
incorporating more hypotheses in the observation model. In
addition, since the EKF estimation of each hypothesis can be
computed independently, the runtime has the potential of being
largely reduced by parallel computing.

IV. EXPERIMENTS AND RESULTS

To evaluate the accuracy of the MH-EKF approach, we com-
pare its performance against the following methods.
1) Linear Regression (LR): The bending angle 6, is esti-
mated by the measurement r; through (2).
2) Kalman Filter (KF): The estimation 7; is calculated
through (3) with the linear observation model.
The bending angle 6, is also captured by a web camera and
analyzed by image processing, and the value from Camera Angle
(CA) is regarded as the ground truth to be compared with. LR is



8388

TABLE I
PARAMETER VALUE SELECTION

Parameter Value
State transition covariance matrix, R 2015
Measurement variance, QQ ~ 100
Threshold on Mahalanobis Qistance, Dyt 1
Threshold on valid tracks, N 3
Number of hypothesis, |Z| 10
Camera ==== Linear eeeeee MK-EKF
60 —-=KF  ------ correspondence
B . ) 10
8
6
4
2
10

Bending angle (degree)

(NS I S =2 N> oA \S I o) e o] \O N SN e ) Je o]
MH-EKF hypothesis correspondence index

Co v b~

Time (s)

Fig. 6. Angle estimation comparison and MH-EKF hypothesis correspon-
dence index result. The input is a sine wave with the frequency of 1 rad/s.
The amplitudes are varied, where (a)~(e) corresponds to 50° ~10° with the
step of 10°.

applied in the prior works [12], which is viewed as the baseline
for comparison. In KF, the measurement estimation uses the
same linear relationship as in LR. The parameter setting can be
found in Table I. 15 denotes the identity matrix of size 2.

A. Estimation Comparisons

First, as shown in Fig. 6, we compare the accuracy of angle
estimation by driving the soft actuator with periodical sine
waves of different angle amplitudes. In Fig. 6(a), the maximal
amplitude is set to 50°, which is the same as used for the
linear regression fitting. Thus, all three methods can follow the
ground-truth signal with high accuracy. MH-EKF outperforms
the other two slightly in the angle decreasing half period because
both KF and LR methods adopt a linear observation model, and
the high-precision approximation can only be guaranteed on the
one side of the hysteresis loop. This leads to the asymmetry in
estimation accuracy, and the performance is worse in the angle
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decreasing phase. Note that all three methods can finish the
estimation workload on the microcontroller within one control
period, which shows the feasibility of MH-EKF in the real-time
application.

In Fig. 6(b)~(e), when the amplitude decreases, both KF and
LR show significant performance deterioration gradually. It can
be inferred from Fig. 4(b) that the hysteresis loop changes its
shape with different input signals. Therefore, the linear assump-
tion loses its accuracy, especially when the amplitude deviates
more from the curve-fitting one. Nevertheless, MH-EKF can
follow the actual bending angle by collaborating multiple hy-
potheses. It maintains a high precision by adapting the weights
for hypotheses under different situations.

We also show the MH-EKF hypothesis correspondence result
in Fig. 6, where only the hypothesis with the highest weight
is selected and plotted. As |Z|=10, the range of the index is
1 ~ 10. Note that the indices 1 ~ 5 represent the 10° ~ 50°
amplitude hypotheses on the angle increasing phase, while 6 ~
10 correspond to the angle decreasing phase. The results verify
the correctness of the correspondence in MH-EKEF, although
slight oscillations and errors can be noticed in the 40° and 50°
scenarios. We regard this as part of future work to improve and
increase estimation robustness.

We plot the estimation accuracy in Fig. 7 by comparing the
root-mean-square error (RMSE) under different situations. The
RMSE is further normalized by the range of the measured
data to get the normalized RMSE (NRMSE). Similar to Fig. 6,
the error ascends in both LR and KF with lower amplitudes.
Meanwhile, MH-EKF witnesses an increasing trend with larger
angles but still keeps the estimation error at a low level. Besides,
the NRMSE of MH-EKF remains stable across the range of
bending angles. The larger estimation errors of LR and KF
when the amplitude decreases can be attributed to the selected
linearized point in the measurement model. As mentioned in
Section II-C, the linear measurement model is approximated
with the 50° hysteresis loop data. Thus, both LR and KF have
their least approximation errors in the 50° amplitude scenario,
but the inaccuracies increase for smaller bending angles. It can
be seen that LR has the largest error with an average NRMSE of
0.92, while MH-EKF outperforms the others significantly with
an average NRMSE of 0.09.

Fig. 8 plots the hysteresis loop in the 50° and 20° scenarios,
respectively. Compared to the ground truth signal, MH-EKF
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identifies the real hysteresis loop more accurately than LR and
KFin both scenarios. Both LR and KF approximate more closely
in the 50° scenario as it is used for the curve-fitting, but leave
a large gap in the 20° scenario, where the drawback of the
linear model is revealed. The angle estimation is not correct
when provided with the same digital resistance reading, as it
can also be observed in Fig. 6(d). Although much better than
LR and KF, MH-EKF displays larger errors in Fig. 8(b) when
the bending angle is close to the peak value of 20 degrees.
The errors are also visible in Fig. 6(d). Improvements in the
estimation accuracy for the small bending angle scenario will be
studied.

The computation efficiency is critical for the real-time filtering
performance. The estimation period in this case is defined as
identical to the sampling time of the discrete state-space motion
model with 50 ms. The microcontroller board is featured by
84 MHz clock speed, 96 KB SRAM, and 512 KB flash memory1 .
The onboard execution times of the estimation algorithms are
measured by profiling tools?. In one sampling period, the average
computation time is 0.008, 0.119, and 3.507 ms for LR, KF,
and MH-EKF, respectively. The LR only performs a linear
calculation; thus, its computation time is the shortest. Note that,
although the MH-EKF takes more computation time than its
counterparts, its average CPU utilization is only 7.01%, and it
improves the estimation accuracy significantly. Therefore, the
proposed method has a fair computational complexity and better
numerical accuracy.

B. Closed-Loop Control Applications

We validate the estimation performance of the MH-EKF in
the closed-loop control system. Fig. 9 shows the closed-loop

Thttps://docs.arduino.cc/hardware/due
Zhttps://se.mathworks.com/help/supportpkg/arduino/ref/code-execution-
profiling-for-arduino-hardware- in-external-mode.html

8389

_ N
S O

Bending angle (degree)
—_— N W
oS o o o O

(=

0 2 4 6 8 10 12 14 16
Time (s)

Fig. 10. Comparison of the closed-loop shape control performance with the
MH-EKEF signal as feedback.

control structure. The input signal is the reference angle 0.y,
followed by a feedforward and error feedback PI controller
for the shape control of the soft actuator. The reference signal
is compared with the angle feedback from the MH-EKF, and
the angle deviation is sent into the PI controller to derive the
input pressure P;. The pressure signal generated by the output
feedback control is expressed as

Py = Kibrs + K (Ot — 02) + K / (Ot — 0,)dt,  (16)

where K0, is the feed forward part. The value of Ky is given
based on the identified model. We assign its value with the
steady-state gain that is derived in Section II-B, and K¢ = 18.1.
The rest part in (16) is the error feedback part and a PI controller
is deployed. The parameters in the PI controller are pre-defined
with aid of the system model and then fine tuned with experi-
mental methods. Since it is not the focus of this work, the details
of the controller design is omitted and can be found in [12].

To test the performance in a generalized scenario, we design
two random angle reference signals composed of multiple sine
waves of various amplitudes, frequencies, and phases. The angle
references are expressed as Oer = % Zf\il [A; sin(27 f; + ¢:)],
where N =5, A; €[10,50], f; €[1,4], $; €[0, 3].

In Fig. 10, the control performance is validated when taking
the MH-EKF estimation as feedback, and the results for two
reference signals are shown separately in subfigures. Despite the
delay in the closed-loop control, MH-EKF can keep track of the
reference angle with relatively high accuracy. Compared to the
camera angle as the ground truth, it has the maximal estimation
errors of 7.74° and 8.73° in two scenarios. The NRMSE values
are 0.07 and 0.09, respectively. The NRMSE results are con-
sistent with the observations from the sine wave experiments.
The deviation between Camera and MH-EKF becomes more
prominent at peaks of the time series, which follows the trend in
Fig. 6~7. The maximal error is larger than that in the sinewave
test, mainly due to the irregular angle change with random
references. The applied state-space model loses accuracy in such
scenarios, and we regard it as one part of future works to be
improved.


https://docs.arduino.cc/hardware/due
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V. CONCLUSION AND FUTURE WORK

This study investigates the Kalman filter usage in the 3D
printed soft sensor application. The linear estimation method
in the prior study has limitations due to the hysteresis property
in the soft sensor. To overcome this problem, we analyze the
hysteresis loop with multi-modal assumptions and realize the
accurate observation model with multiple quadratic functions.
In addition, the MH-EKF method is proposed to improve the
sensing performance while guaranteeing real-time computation
efficiency. A more precise bending angle estimation is reached
in the closed-loop control system. We compare the performance
of MH-EKF with the Kalman filter and the linear regression
method. The experimental results verify that our approach
outperforms the baseline methods by decreasing the average
NRMSE from 0.92 to 0.09.

The future work will be investigated in three directions. First,
the prediction model can be identified with higher complexity.
The state-space can be augmented by incorporating the rate of
angle change, where its benefit has been demonstrated in [10],
[15]. Second, other approximation approaches can be studied
by resorting to data-driven methods [34], [35]. The Gaussian
process will be investigated and compared to the Kalman filters.
Third, the current work focuses on the free-bending of the soft
actuator, while the sensor deformation may not be the arc shape
under the external force. The parameters to describe the shape
will be redefined, and the shape deformation model will be
studied for a general practical application without the continuous
curvature hypothesis.
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