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Abstract— This paper proposes a multi-modal control scheme
for soft robotic manipulators with hysteretic elasticity, which
allows tracking time-varying reference signals. Long Short-
Term Memory (LSTM) networks are employed to estimate
hysteresis moments in configurable frequency bands of the
reference signal. For this purpose, supervisory training data is
obtained by smoothing differentiated acceleration and solving a
moment balance equation offline. Subsequently, a multi-modal
control scheme is developed, which automatically selects, based
on the reference spectrogram, the suitable LSTM estimator
to track a variable-frequency reference signal. The proposed
controller demonstrates superior tracking performance with
respect to a baseline controller with integral action, for high-
frequency reference signals, and to its single-modal version, for
low-frequency references.

I. INTRODUCTION

Compared to classical rigid-link robotic manipulators, soft
robotic manipulators (SRMs) offer enhanced compliance,
beneficial for interaction with delicate environments such as
those found in surgery [1], semiconductor industry [2], and
human-machine interaction [3]. Despite these advantages,
the modelling and control of soft robots are challenging
due to the inherent uncertainty and nonlinearity of the soft
structure and the actuation mechanism (see, e.g., [4], [5]).
The majority of SRMs are made with hyper-elastic materials
such as silicone rubber, offering high compliance with little
to no permanent deformation. A popular choice for actuation
of such SRMs is pneumatics, which offers high power-to-
weight ratio and affordability [6]. These materials and actu-
ation method, however, introduce hysteresis into the system.
Hysteresis is a general term which refers to the dependence
of a system’s behavior on its time history [7]. Even at rest
with no actuation force, the configuration of an SRM cannot
be purely determined from the model if the time history
is unknown. In particular, if the control task is to follow a
time-varying trajectory, the induced hysteresis effects are also
time-varying and cannot be effectively compensated for by
classical controllers, like proportional-integral control, which
are designed for constant disturbance rejection. This poses a
significant challenge to high-precision control of SRMs.
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Models describing hysteresis generally fit into two cate-
gories: operator-based and differential-based. Operator-based
models are simpler and rely on explicit knowledge of the time
history. The simplest model, namely the Preisach Model [8],
is a two-valued operator akin to a Schmitt Trigger. More
complex models with non-binary operators use integral and
summative operations to encode the time-history. One such
model is the Prandtl-Ishlinskii model [9]. Differential-based
models formulate an internal state and a corresponding
update law to encode the time history. These models do not
require an explicit knowledge of the time history. Two notable
examples are the Duhem [10] and Bouc-Wen models [11].
Both operator-based and differential-based models consider
only symmetrical hysteresis, which can be limiting in engi-
neering practice.

While model-free control is a popular choice for fully-
actuated SRMs, model-based control provides superior per-
formance, stability guarantees, and a reduced computational
load [12], [13]. Popular model-based approaches include
inverse-dynamics control, which requires accurate knowledge
of the system model [14]; sliding mode control (SMC),
specifically, uses localized high-gain feedback to reject
bounded uncertainties and disturbances [15]. This type of
inverse dynamics control requires a model with minimal un-
certainty - either derived from first principles [4] or from data
through machine learning (ML) networks [16]. Alternatively,
inverse-dynamics adaptive control and adaptive-observer in-
tegration methods require uncertainties and disturbances to
be linearly parametrized, and might respond more slowly to
the reference signal, depending on specific tuning [17]-[19].
However, hysteretic elasticity is not accurately represented by
a bounded disturbance or by a constant unknown parameter.
Consequently, new approaches are required to address this
type of uncertainty.

Data-driven approaches represent a promising avenue for
hysteresis compensation. In particular, the long short-term
memory (LSTM) network is a type of recurrent neural
network (RNN). This configuration lends itself to modelling
of time-history dependent effects. Preliminary work indicates
that LSTM networks can model hysteretic effects of an
operator-based (Preisach) system [20]. LSTM networks have
also been applied to adaptive control, showing the potential
of combining data-driven and model-based methodologies
into an integrated control design [21], [22]. Finally, LSTM
have networks been employed to address model uncertainties
[23] and to estimate unmeasured states [24].

The contribution of this work is an LSTM-based control
scheme for time-varying reference tracking of a soft robotic
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manipulator. In particular, to improve the LSTM-based es-
timation, we adopted a multi-modal LSTM algorithm, in
which each LSTM network is trained to estimate the unmea-
surable hysteresis state within a certain frequency band of the
reference signal. A classifier is utilized to detect frequency
characteristics of the reference signal, so that the most suit-
able LSTM network can be activated accordingly to improve
tracking performance. An inverse-dynamics controller with
disturbance rejection modifications is employed as a baseline
to guarantee a uniformly bounded tracking error with an
adjustable ultimate bound. The effectiveness of this approach
is demonstrated with experiments on an SRM prototype.

II. MODELLING AND SYSTEM IDENTIFICATION

The SRM and its model are the basis for the LSTM
network and hysteresis identification methods constructed
in later sections. We introduce the prototype immediately
following.

A. Equipment Setup

1) Manipulator Prototype: The SRM prototype consid-
ered in this paper is made of a compliant silicone-based
elastomer, initially designed for robotic colonoscopy. The
manipulator is cylindrical and extensible, and it bends about a
central axis. Internally, 9 reinforced chambers are partitioned
uniformly along the perimeter of the cross-section and op-
erated in 3 groups of 3 chambers. The cross-section layout
is uniform along the central axis, see Fig. 1, with detailed
dimensions reported in [25].

Cross-section
viewed from the top

Fig. 1. Schematic of a bending SRM (green circles are the pressurized
chambers that cause the bending action).

While a manipulator of such a structure can bend on any
plane (see [18]), this paper only considers operation on a
single plane. This is to emphasize the reference tracking of
the tip-angle. The extension to a general bending plane is
immediate as a consequence of modelling assumptions.

2) Actuation and Sensing: Digital pressure regulators
with a maximum output of 3 bar are used to control the
pressure in the trios of chambers independently. The angular
position and attitude of the tip are recorded with an Electro-
magnetic (EM) sensor (NDI, Canada). This is converted into
tip angle, x1, and used to compute angular velocity, x;. To
robustify the process to noise, a high-pass filter is employed
so that x, can be acquired in real time.
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B. Manipulator Model

We introduce a common assumption for continuum robots
to quantitatively describe the kinematics of the SRM.

Assumption 1 (Constant curvature and length): The
length L of the manipulator is constant, and the shape of the
manipulator is subject to a constant curvature (CC) constraint
(see, e.g., [4]). o

Assumption 1 essentially states that the shape of the SRM
can be determined by an arc of constant length, and the bending
of the SRM can be described by the variation of the radius
of the circle containing the arc. This allows describing the
deformed shape of the SRM with a 1 degree-of-freedom
(DoF) model. Since the SRM is actuated by a single bending
moment due to internal pressurization, the underlying model
is fully actuated. This assumption holds provided that the
SRM has a constant section, its structure is homogeneous,
and no external force is imposed on the system. Although this
is an approximation, it is sufficiently accurate for the system
considered in this work.

The generalized model of the one-segment SRM with a
differential-based hysteresis effect is described by

X1 =x2, (1a)

M (x1)i2 = = (C(x1,x2) + D) x2 = G (x1) — K (x1) (1b)
—Z+7T

2= f(z,x), (1c)

where z(#) € R denotes the hysteresis moment; 7(¢) € R is
the actuation moment generated by air pressure (the control
input); C (x1(2),x2(t)) x2(t) € R represents the centrifugal and
Coriolis moment; M (x;(t)) € R is the mass resulting from the
material distribution that can be determined by Assumption 1,
see [4]. The restorative moments, K (x;) and G(x;), and the
damping coefficient D > 0 can be experimentally identified.
We denote the quantities that are identified or approximated
by (*) from their ground-truth counterparts (-). The function
f(z,x), with x £ [x1,x3] ", describes the evolution of z in a
differential-based hysteresis model. In this paper, we do not
exploit the analytical form of f(z,x) but, instead, estimate z
from experimental data.

C. Experimental Identification

The damping coeflicient and restorative moments are iden-
tified per the SRM prototype.

1) Damping Coefficient: The identification of the linear
damping coefficient is done by manually exciting the manipu-
lator and recording the time histories of the bending angle. The
envelope of the bending angle response is constructed from the
Hilbert transform of the time series. The damping coefficient
corresponding to the convergence rate is estimated by taking
the linear fitting of the semi-log plot of the envelope, which
yields D = 1.9 x 10~ Nms/rad.

2) Restorative Moments: Both the stiffness and gravitation
moments are restorative and are present when the system is
at rest in any state aside from the zero state (i.e., the SRM is
straight and without deformation). We leverage this property to
identify a restorative moment mapping. To eliminate dynamic
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effects, the actuation pressure is increased in small steps of
5 mbar, and it is maintained until the SRM reaches steady-
state. Both an ascending and a descending phase are recorded.
The static mapping is identified by linear least-squares fitting,
see Fig. 2. We define the restorative moment R(-) : R — R as
G (x1) + K(x1), which can be approximated by the piecewise
function

R(x1) = G(x1) +K(x1)
5 4

asxy +asx| +a3xf+a2x%+a1x1 +c, x1<0, @)
bsx? + b4x‘1‘ + b3xf + bzx% +bix;+c, x1>0,
with constant parameters
ai,a»,as,aq,as, by, by, b3, by, bs, and c. Two different

polynomials are needed because the static mapping does not
have two-fold rotational symmetry.

D. Hysteretic Moment

The deviation between the mean and the loop-shape tra-
jectory in Fig. 2 is due to hysteresis. The hysteresis effect
can be described by a moment depending on the time history
of the SRM, or equivalently, approximated by a dynamically
updated internal state as seen in (1c). The hysteresis loop is
not 2-fold rotationally symmetric, a common characteristic of
generalized hysteresis models. We therefore map the hysteresis
moment in the following section using the LSTM networks.
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Fig. 2. Bending angle versus actuation moment (hysteresis loop).

III. LSTM-BASeD EsTIMATOR

The purpose of leveraging LSTM networks is to estimate
the hysteresis moment based on the bending angle, angular
velocity measurements, and control input. We build a reduced-
order observer for z from experimental data, without requiring
an accurate analytical expression of (1c). This allows relaxing
the limitations of, for example, symmetry of the internal
hysteresis dynamics. This section details the architecture and
the training procedure of the LSTM network.

A. Basic Configuration

An LSTM cell has an internal state which motivates an
asymmetrical approximation of a differential-based hysteresis
model. We design a simple architecture to target specific
frequency bands of the reference signal. It is necessary to have
an efficient construction so that it does not add significant
latency when used for negative-feedback control action; we
enforce this by using a single LSTM layer, as opposed
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to the commonly used stacked LSTM (SLSTM) [21]. The
resultant network consists of: 1) A sequence input layer. 2) An
LSTM layer with multiple LSTM cells. 3) A fully connected
output layer. The LSTM layer is configured and trained with
the settings shown in Table I. Training settings were tuned
iteratively: epochs were raised until the error metric could no
longer decrease, and hidden units were selected to capture
nonlinearity while reducing over-fitting. The training practice
showed that only a few hidden units (< 10) are necessary to
model the estimator for the hysteresis state, while using more
units can generate unreliable estimation.

TABLE I

HypERPARAMETERS OF LSTM TRAINING

Network Configuration

Features (input) X1 =(x1k:keK)and Xp = (xp :
k € K) where K is the index set of time-
history data points collected

Responses (output) Z

Response Scaling 10%x

Hidden Units 5

Training
Solver Adaptive Moment Estimation (ADAM)
Epochs 5000

B. Training Data for Supervised Learning

The LSTM training is conducted with the actuation input
set to step- and sine-type signals with randomized (and
variable) frequency within a pre-selected range. The amplitude
is randomized, and the sine reference signals are continuous.
The step-type actuation signals are of the form:

7(t) = yAo(tk),

where Ag(7x) is a time-sequence randomly generated from a
uniform distribution over [—2, 2] and v is the scalar conversion
from pressure (bar) to torque. At each sampling instant #, Ag
is updated by a newly generated value with a probability 0.05.
Once Ay is updated, there is a 3-second dwell period before a
new update can be performed. The sine actuation signals are
of the form:

fOI't € [tk9tk+1), (3)

7(t) = yA;(tx) sin Crw(tx)t), fort € [tx,tre1), )

where Aj(tx) and w(tg) are time-sequences randomly gen-
erated from the uniform distributions over [-2,2] and
[0.1, 0.167], respectively. Both A; and w are updated once
the current sine wave completes half of its period.

Different from classical LSTM training, the learning target
z cannot be directly acquired from the experiment data since it
is not measured. A straightforward fix to this is to solve (1b) for
z, with the acceleration signal x, approximated post facto by
filtered differentiation using a moving average window (length:
10 samples), to attenuate noise amplified across sequential
differentiations. Rearranging (1b), we employ the following
equation to reconstruct the z signal

Z*:T_M(xl))’c"z_C‘(x],xZ)xz—DAXQ—Ié(xl), (5)

where £5, denotes the non-causal approximation of the angular
acceleration and z* denotes the reconstructed signal. The z*
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sequences are normalized to allow for a more granular training
process.

IV. CONTROLLER DESIGN

The control task considered in this paper is for the bending
angle x () to track a time-varying reference signal r|(¢). The
following assumptions are required for control synthesis.

Assumption 2: Letry = | and r3 £ #. Then, ry, rp, and r3
are known and essentially bounded. o

Assumption 3: The hysteresis subsystem (1c) is bounded-
input bounded-state stable with respect to the input x. o

Assumption 4: The estimation errors for C(xi,x2), D,
R(x1), and z(¢) are bounded for all |e| < §. and ¢ > 0, where
J. 1s an user-specified parameter. o

Assumption 5: The estimate of the inertia matrix satisfies
|M (x1)M (x1)~"' =1I| < 4, for all |e|] < 6, and t > 0. o

A. Baseline Control

To guarantee tracking performance in the presence of
uncertainties, we include a “baseline” controller that enforces
an ultimate bound of the tracking error e = [x; —r1, x2—7r2] "
[e1,e2]". Tothis end, consider a classical “inverse-dynamics”-
type control law

A

(6a)
(6b)

a=—-k'e+r3+n,
T= M(xl)a+é(x1,x2)x2+DAx2+Ié(x])+2,

where 7, a, and ny are the actuation moment (control input), the
desired acceleration, and the compensation term to attenuate
the effects of uncertainties, respectively; k = [kp,kp]T with
kp >0, kp > 0 the P, D gains, respectively; (T) denotes the
estimate (either from identification or generated by LSTM) of
0 1 . |0
—kp  —kp ,B= ) . The
compensation term 7 is generated by the system described as
follows.

the true quantity (-). Define A £ [

0, &< —prand k;s <0,

E=proj(¢&,krs) = 40,  £>pjand kys >0, (7a)
P1 .
kys, otherwise,
S

=P 7b
pzmax(IsI,s) (7b)
n=-&-k, (7¢)

where P = PT > 0 is the solution of the Lyapunov equation
ATP+PA+Q =0, for some Q=07 ~0; s= B Pe is a
passive signal for high-gain feedback, computed from the
measurement; pp, P2, and k; are positive tuning parameters.
The compensation term 7 contains both the integral action
and the localized high-gain feedback because, in practical
tracking scenarios in which the reference signal is varying
around a constant value, the resulting state-dependent un-
certainty will have an “averaged” constant component and
a time-varying component. This allows us to exploit the
congelation of variables method [26] to separately compensate
the constant component using the integral action & (effective
for slow-varying uncertainties) and dominate the time-varying
perturbation using the localized high-gain feedback x (more
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responsive to fast uncertainties) [27]. The controller achieves
the closed-loop properties stated by the next theorem, for which
the detailed proof is omitted due to limited space.

Theorem 1: Under Assumptions 1-5, consider the sys-
tem (1) and the baseline controller (6) and (7). Then, for any
initial tracking error |e(0)| < d,,, With a user-specified J,,
and any selection of positive kp and kp, there exist positive
constants kj, €, p1, and p; such that: 1) all closed-loop signals
are uniformly bounded; 2) e converges to a uniform ultimate
bound adjustable via ky and &; and 3) if the model knowledge
is perfect, Ili_)rgoe(t) =0. o

B. Multi-Modal Control

Despite the baseline control providing a worst-case per-
formance guarantee, the LSTM networks are essential to
improve control performance. Experiments show that using
a single LSTM network for both set-point regulation and time-
varying reference tracking does not achieve the best possible
performance (see Section V). In light of this, we develop
two LSTM-based estimators. Each estimator is trained with
data that covers a preassigned, separate frequency range. A
classification threshold w; is then selected to differentiate
high frequency references from largely static trajectories with
occasionally transient “jumps”, that is

e w < w;: low-frequency LSTM Observer - trained using
random step references.

e w > wy: high-frequency LSTM Observer - trained using
random sine references.

To automatically switch to the most suitable LSTM model
from the trained LSTMs, according to the reference signal
(which is correlated to the hysteresis moment at steady state),
a classifier based on short-time Fourier transform (STFT) is
applied to the reference input. This method is applied “offline”
since the reference signal is known a priori and the window can
be non-causal'. This allows acquiring the dominant frequency
of the signal centred at each sample.

During implementation, a moving window of 201 samples
(8 s at a sampling rate approximately 25 Hz) is applied to
the reference signal and its average across the window is
removed, and the remaining sequences are zero-padded to
achieve a resolution of 1x 10*. Fig. 3 depicts a demonstration
of the classification mechanism on a reference signal and the
associated STFT spectrum plot.

V. EXPERIMENTAL RESULTS

In all the experiments discussed in this section, we consider
the following baseline control settings: k, = 1 X 103, kg =1,
pr=1x 103, p2=1,5=e3+100e1, and k; is the main tuning
parameter to be specified later. We refer to the control scheme
using the baseline controller only as the “baseline” scheme,
the baseline controller with the LSTM network trained from
step actuation signals as the “low-w” scheme, the baseline
controller with the LSTM network trained from sinusoidal

it implemented in real time, the window must be causal and the
classification will be delayed depending on the window length, in which case
the trade-off between the frequency resolution and classification time needs
to be considered.
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Fig. 3. Dominant frequency extraction of repeated reference signal for LSTM-
control scheme classification.
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actuation signals as the “high-w” scheme, and the baseline
controller with the classifier and the switching LSTM network
models as the “multi-modal” scheme.

A. Single-Modal Control

We first examine the performance of single-modal control
schemes, under two different settings of k; =4 and k; = 10,
respectively. The experimental results are shown in Figs. 4
and 5, and the corresponding root-mean squared error (RMSE)
are summarized in Tables II and III.

The RMSE errors indicate that, although increasing the
integral gain allows the baseline control to achieve better com-
pensation for the time-varying hysteresis effect and therefore
track the sine (high-frequency) reference better, its tracking
performance for step (low-frequency) signals degrades. This
is consistent with the “waterbed” effect, according to which the
sensitivity function cannot be lowered at all frequencies. This
also explains why classical PID control of hysteretic systems
is mostly tuned for set-point regulation, as further accounting
for time-varying trajectory tracking will sacrifice the transient
performance for set-point tracking. In contrast, the low-w
scheme performs better at both low and high frequencies. This
is because the LSTM network compensates for the hysteresis
effect more promptly than the classical integral action, which
avoids the error accumulation in the integral control and
therefore achieves better transient performance. The high-
w scheme tracks the high-frequency references best for the
lower integral control gain. It, however, worsens the tracking
performance for the step reference signals, and even the sine
tracking performance is degraded when the integral gain is
increased. Such a phenomenon is caused by the oscillatory
behaviour of the high-w LSTM network that enables tracking
of non-constant signals.

These observations motivate a multi-modal control scheme
utilizing each LSTM model in its specialized frequency band,
and with a relatively lower integral gain.

B. Multi-Modal Control

The same reference trajectory is used to test the multi-
modal control scheme (with k; = 4). The classifier defined in
Section IV-B with w; = 0.11 Hz is employed to switch between
the low-w and high-w LSTMs. The experimental results is
shown in Fig. 6 and the RMSEs is summarized in the last

Baseline Low-w High-w — — —7; ‘
El I 1 ‘ E—
= 3\
— 1t B
S | |
0 80 90
LTI
= 0.2 ‘
— 041 I
< 0 L“ r\ N LJ:::LL' Lr it L-. “ MMM&Q q , h'MMAMMLA&LLM
- 0 10 20
s x107* _
g
é 0f 1_\ ’’’’’ i —l""'t.—‘\ ,,,,,,, ‘]-_l-----mrw-’ll'\ﬂ,Vv-“)l‘r\.ﬂ\/\-l“'ﬂ.y—“IA.y-.l\w‘»r\,‘—\\_/'\rm..__,,V\ /\/"\/\."""‘*—s
N g | | | | | | I I |
0 10 20 30 40 50 60 70 80 90
Time [s]

Fig. 4. Time histories of SRM controlled by single-modal controllers with
the setting k; = 4.
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Fig. 5. Time histories of SRM controlled by single-modal controllers with
the setting k; = 10.

column of Table II. In comparison with the two settings of
the baseline control, the RMSE of the proposed multi-modal
scheme is reduced by 46.1% and 40.8%, respectively, for time-
varying reference tracking, which verifies the advantage of the
proposed scheme in time-varying reference tracking over the
classical method. It also maintains a comparable performance
over the piecewise constant set-point tracking, which avoids
the performance degradation of the single-modal controller
with a high-w LSTM network.

TABLE II
TrAckING RMSEs witH k; =4

Ref. Baseline Low-w High-w Multi-mod.
Step | 1.500x 107 | 1.498 x 10T | 1.794x10~T | 1.509x 107"
Sine | 6.33x1072 | 5.40x107%2 | 3.91x107Z | 3.41x1072
All | 1.148x 1077 | 1.133x 1071 | 1.310x 1071 | 1.094 x 107"
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VI. CONCLUSIONS

In this paper, a multi-modal LSTM-based control scheme
has been proposed to cope with the uncertainty due to the hys-
teresis effect inherent in soft robotic manipulators. Observer-
like LSTM networks have been developed to estimate the
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Fig. 6. Time histories of SRM controlled by the baseline controller with the
settings k; =4 and k; = 10, and by the multi-modal controller with the setting
ki =4.

TABLE III
TrackiNG RMSEs with k; = 10

Ref. Baseline Low-w High-w

Step | 1.658x 1071 | 1.486x 1071 | 2.054 x 107!
Sine | 5.76x1072 | 4.56x1072 | 1.365x 107"
All | 1.239x10°T | 1.099x 10T | 1.704 x107T

unmeasured hysteresis moment, with each of them specialized
in a certain frequency range. A baseline controller that
combines integral control and localized high-gain feedback
has been used to guarantee the ultimate boundedness of
the tracking error. Experiments have demonstrated that the
proposed multi-modal scheme outperforms both the baseline
controller and all single-modal approaches for time-varying
reference tracking.

Future work will focus on the development of the switching
logic when more than two models are involved, and will in-
vestigate the trade-offs between training time, LSTM network
complexity, and the bandwidth of the reference signals that
can be tracked with specified performance. Experiments will
also be generalized to include a second DoF.
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