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a b s t r a c t

A new frontier of assistive devices aims at designing exoskeletons based on fabric and flexible materials
for applicationswhere kinematic transparency is the primary requirement. Bowden-cable transmission is
thewidely employed solution inmost of the aforementioned applications due to advantages in durability,
lightweight, safety, and flexibility. Themajor advantages of soft assistive devices driven by bowden-cable
transmissions can be identified in the superior ergonomics andwearability, allowing users to freelymove
and allocating the actuation stages far from the end-effector. However, control accuracy in bowden-cable
transmission presents some intrinsic limitation due to nonlinearities such as static and dynamic friction,
occurring between the cables and the bowden sheaths, and backlash hysteresis. Friction and backlash
effects are known to be related to the curvature of the flexible sheath, which is not directly measurable
and can vary during human motion. In this paper we describe our new wearable exosuit for upper limb
assistance and in particular we introduce a mathematical model for backlash hysteresis compensation.
The implementation of a nonlinear adaptive controller is described in detail and experimentally tested
on the proposed design as a backlash compensation strategy: results report that the adaptive controller
improves the accuracy in position tracking (i.e. RMSE in trajectory tracking ≈ 1◦) by compensating for
time-varying backlash and continuously updating the model parameters. The backlash hysteresis model
and the proposed control scheme are validated first on a custom-designed test bench and then applied to
control the soft exoskeleton worn by a subject affected by bilateral brachial plexus injury.

© 2017 Elsevier B.V. All rights reserved.

1. Introduction

Soft wearable exoskeletons have been proven to be validmeans
of assisting human movement. Whilst not being suitable for the
application of large forces, their intrinsic compliance, portability
and low-power consumptionmake them ideal for reducing human
muscle effort in activities of daily living such as walking [1] and
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grasping [2,3]. Such kind of solutions allow to overcome the lim-
itations caused by the rigid linkages in conventional exoskeleton
devices: these include large output mechanical impedance, mis-
alignment with the user’s joints and unnatural articular stress [4].

Oneway to overcome the limitations of a rigidwearable robotic
device is to rely on the human biomechanics which should provide
the ‘‘hard’’ support to bear the loads transmitted by the suit: in such
way the function of the rigid structure of a conventional robot is
performed by bones and tendons which create the constraints and
the degree of mobility to allow human motion.

The actuation is therefore accomplished by mechanical solu-
tions which most of the time comprise tendons, air, or other soft
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Nomenclature

Capitalized symbols

R Radius of the elbow joint
D and Dm Uncertainty modelling of the normalized Bouc–

Wen model and its bounded value
D̂m and D̃m Estimated value and estimated error of Dm
RMSE Root mean square error calculated from the de-

sired trajectory φd and the measured output mo-
tion φout

Pm Mechanical power of the motor
Pe Electrical power consumed by the motor
Rmotor Terminal resistance of the motor
Imotor Motor current

Lowercase symbols

h1 and h2 Extension function for flexor and extensor cable,
respectively

a Half of the width of the arm
b Distance from the joint centre of rotation to the

anchor points
rflex and rext Radius of flexor and extensor spool, respec-

tively
g Gap size between the cable and the inner wall of

the bowden sheath
h Internal variable in normalized Bouc-Wen model
e Tracking error between the desiredmotion φd and

the measured output motion φout
s Filtered tracking error
kτ Torque constant of the motor

Greek letter symbols

φd
e and φm

e Desired and measured trajectory of the elbow,
respectively

φd
a and φm

a Desired andmeasured trajectory of the actuator,
respectively

φin Input command for the DCmotor of the test bench
φd and φout Desired and measured motion of the output

encoder of the test bench, respectively
θ Bowden sheath curvature angle
αφ and αh Ratio of the output displacement φout to the

input displacement φin and to the variable h in
normalized Bouc–Wen model, respectively

α̂φ and α̂h Estimated values of αφ and αh obtained from
offline approximation using Genetic Algorithm,
respectively

ρ and σ Dimensionless parameters of normalized Bouc–
Wen model

ρ̂ and σ̂ Estimated values of ρ and σ obtained from offline
approximation using Genetic Algorithm, respec-
tively

φr Reference motion obtained from φd
β and β̂ Inverse of backlash hysteresis slope αφ and its

estimated value
β̃ Estimated error of β
δ1 and δ2 Positive adaptation gains
σ1 and σ2 Additional terms for parameters adaptation law
ωmotor Motor speed

actuators. This relatively new concept is referred in literature as
softwearable exoskeleton (exosuit) [1], or exotendon [5]. Adopting
this solution further allows to avoid joint misalignment and the

associated parasitic torques acting on human joints, and mechani-
cal implementation often result in compactness and lightweight.

Typically, soft exoskeletons combine the use of fabrics and a
bowden cable-driven actuation formotion transmission to directly
apply torques at the joints level. Being flexible and compliant,
this kind of systems allow to relocate the actuation unit away
from human articulations (i.e. in a backpack), and the assistive
torque can be transmitted via cables from the actuators to the end-
effector.

In spite ofmany significant benefits, the presence of nonlineari-
ties, especially friction [6,7] and backlash hysteresis [8], challenges
the system control and limits its performances. Inherent friction
and backlash in the bowden cable-driven system impact on control
robustness, introducing a delay in the transmission and inaccura-
cies in force and position tracking. These nonlinearities introduce
significant tension losses across the cable and give rise to motion
backlash, cable slack, and input-dependent stability of the servo
system [9,10]. In the absence of a transmissionmodel that accounts
for these nonlinear behaviours [11,12], control performances are
extremely poor. Physical design measures have been shown to
help: a PTFE lining on the cables and/or housing can reduce fric-
tion phenomena, pre-tensioning of the inner cables has shown to
significantly reduce slacking [9] and a high-stiffness or slightly pre-
tensioned outer housing reduces backlash-related issues [12]. Nev-
ertheless, these choices can only improve the system performance
to a certain degree. To obtain higher accuracy one must rely on
effective control algorithms [13].

A wealth of analytical models have been proposed to ad-
dress the nonlinear characteristics of bowden-cables transmis-
sions. Kaneko et al. [9] presented a parametric lumpedmassmodel
for describing the transmission of tendon tension and Palli im-
proved it with the introduction of a dynamic friction model (Dahl
model) to account for anomalous behaviour in the stationary con-
dition [6]. Similar approaches were carried out by Tian et al. [14]
and Agrawal et al. [13], where a set of partial differential equations
are discretized to model the partially-moving, partially-sticking
cable motion inside the conduit. However, these approaches still
suffer from the discontinuity at near-zero cable velocity and a high
degree of complexity. In [13] the authors discussed a method to
compensate for the backlash-induced hysteresis in the motion-
control of a robotic arm. Their approach was based on ‘‘inverse
compensation’’, where a new desired trajectory was generated by
adding the tracking error to the original desired trajectory. This
suffers from the limitation of assuming that the required offset to
be added is constant and not velocity-dependent. In [15], Kesner
demonstrated that a model-based compensation strategy, where
the hysteresis profile is analytically modelled, achieves better per-
formance than the inverse compensation one. In addition, Wu
et al. [16] introduced a cascaded PID controller to enhance the
performance of trajectory tracking tasks in a lower limb exoskele-
ton driven by bowden cables. However, the relation between the
controller and the backlash effect, which is an inherent issue in
bowden-cable transmissions, is stillmissing and the fixed PID gains
thus might fail to compensate for the nonlinear variable backlash
duringmotion. Hence amodel-based approach is required. Several
mathematical formalisms exist for modelling backlash-induced
hysteresis [17], but the Bouc–Wen model has been proven to
capture a wide range of hysteresis phenomena whilst retaining
a low level of complexity and computational effort [18], and has
been successfully used for accurate position control of flexible
endoscopic systems with the variable geometry [8].

In the present paper, we implement an algorithm based on the
Bouc–Wen model to drive a novel soft exosuit for assisting elbow
motions [19]. The soft frame is made by fabric garments which
provide a more comfortable and compliant interface to the human
biomechanics in order to improve the transparency of the device
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Fig. 1. The conceptual sketch for the sleeve made of different fabrics. (A) Side view.
(B) Front view.

and avoid a stiff interaction. A bowden cable-driven actuation stage
is placed on the user’s back and is able to provide the necessary
amount of torque to empower the human arm at the elbow joint.
A preliminary test to measure angular displacement of the human
elbow is performed, highlighting the limitations of the classical
control approach in compensating for backlash hysteresis in the
bowden-cable transmission, resulting in a poor motion tracking
performance.

To address this issue, the second part of the manuscript intro-
duces a mathematical modelization for backlash hysteresis based
on the normalized Bouc–Wen model [18]. Since the backlash is
strictly dependent on the total curvature angle of the bowden
sheath, which is time-varying and cannot be precisely determined,
the model parameters are totally unknown. Hence, we propose a
nonlinear adaptive controller for backlash compensation [20,21]
to deal with the uncertainties in the model’s parameters and the
changes in bowden cable configuration during motion of the hu-
man arm. The proposed adaptive control paradigm is then val-
idated on a custom-designed test bench, and its advantage in
backlash compensation is compared and discussed with another
compensation approach relying on the inverse Bouc–Wen model,
i.e. backlash observer. Finally, the adaptive control is embedded
into the soft arm exoskeleton and tested in a preliminary clinical
trial on an impaired subject.

2. Soft arm exoskeleton and actuator design

2.1. Soft arm exoskeleton

The proposed soft exoskeleton (Figs. 1 and 2(A)) [22] consists
of a soft frame devoted to transfer the forces from the external
actuation unit located on the back of thewearer, to the elbow joint.

The sleeve is composed of different fabrics to achieve optimal
load distribution: (1) stretchable fabric made of a mixture of elas-
tane and polyamide is to adapt to the wearer’s morphology and
increase ergonomics, durability and flexibility, (2) unstretchable
fabric (load paths) made of nylon webbing is used to support the
tensions T applied by the artificial tendons by redirecting the ten-
sions on the sleeve to normal forces FN on rigid bone structures (the
clavicle), preventing fabric deformation caused by cable tensions.
Furthermore in order tomaximizemotion transmission capability,
a pair of rigid braces (3) are tightened around thewearer’s arm and
forearm using buckles and Velcro straps, thus increasing friction
between the suit and the skin, andminimizing undesired slippage.

Fig. 2. (A) The soft arm exoskeleton with the bowden cable system worn by the
user. (B) Sketch of the cables routing in the human arm and the spool.

Finally, a harness is used to connect the soft frame to the user’s
body to bear and distribute the weight of the actuator unit on the
user’s shoulders.

2.2. Actuator stage mechanical design

The bowden-cable transmission routed in the soft frame, is
driven by an actuation architecture based on multiple reduction
stages: it comprises a DC motor (Maxon EC-i 40 70W , gear ratio
5 : 1) coupled to a custom-designedplanetary gear (reduction ratio
5 : 1). The planets drives a spool (Fig. 3) which pulls the cables in
two directions depending on the rotation of the DC motor to actu-
ate elbow flexion and extension in agonist–antagonist configura-
tion. The relationship between the displacement of the cables and
the joint angle φe (or extension function [23]) can be formalized
using the geometrical relations shown in Fig. 2(B). Especially, the
flexor cable has the extension function h1 of the form:

h1(φe) = l1 + 2
√
a2 + b2 cos

(
tan−1

(a
b

)
+

φe

2

)
− 2b (1)

while the extensor cable satisfies:

h2(φe) = l2 + Rφe (2)

where a is half of the width of the arm, b is the distance from the
joint centre of rotation to the anchor points (rigid braces), R is the
radius of the elbow joint, φe is the elbow joint angle (Fig. 2(B)), and
li (i = 1, 2) is the nominal extension when φe = 0.

By using the following parameters based on anthropometric
data of human elbow [24] (a = 35 mm, b = 85 mm, R =

50 mm and φe = [0◦
→ 90◦

]), the resulting displacements of the
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Fig. 3. (A) CAD drawing for the actuator and the spool, the larger diameter spool for flexor cable and the smaller diameter spool for extensor (the diameter ratio ≈ 1.66).
(B)(C) The feeder mechanism aims to prevent cable derailing; when the cable is released the one-way clutch is free to rotate, otherwise it is locked and the spool drags the
cable introducing friction.

Fig. 4. The plot shows the displacements of the flexor (h1) and the extensor cables
(h2) as a function of the full range of motion of the elbow joint φe [0◦

− −90◦]. The
difference (∆h = h1(φe)−h2(φe)) would cause significant stress on the user’s joints.
By dimensioning the spoolmismatch canbeminimized (shown indotted black). The
spool diameters for flexor and extensor are different by a factor ≈ 1.66.

cables are obtained and depicted in Fig. 4. Due to the geometrical
differences in human anatomy, the extensor cable h2(φe) shortens
more than the flexor elongation h1(φe), and a maximum difference
∆h of 50 mm is generated. Insufficient release of the extensor
cable during motion could cause unnecessary strain on the joint.
To avoid this problem, the radius of the flexor and extensor spools
are chosen to fit the difference between h1(φe) and h2(φe). This
results in the flexor spool needing to be approximately 66% larger
in radius than the extension one, and a maximum difference ∆h
is minimized (≈ 6 mm) as shown in Fig. 4. As a result, the
spool presents two sections: one for the flexor cable with larger
diameter, and one for extensor cable with smaller diameter.

To prevent the cables from slacking during motion, a
feeder mechanism comprising three kingpins has been designed
(Fig. 3(B,C)): the ones on the sides hold one roller each while
the central one holds two one-way clutches, and the cables pass

Fig. 5. Particular of the assembled actuation unit used in the soft exosuit.

between the rollers and the clutches. The one-way clutches se-
lectively allow cable direction: when the spool coils, the cable is
pulled providing assistance, the clutches are locked introducing
friction and tension on the cable. Contrarily when cable is released,
the feedermechanismcan rotatewith low friction. The feeder stage
plays the role of mechanically keeping the right tension of the
cables coiled around the spool. The assembled actuation unit used
in the soft exosuit is shown in Fig. 5.

2.3. Inaccuracy in joint position tracking

The goodness of the controller can be measured in terms of the
accuracy in assisting users during a trajectory following task. In
our design, the device has been thought for delivering the right
amount of motion and therefore trajectory tracking accuracy is
the primary requirement. In a preliminary experiment, the desired
motion of the user’s elbow φd

e was set to be a periodic minimum
jerk trajectory ranging from 0◦ to 90◦. According to (1), (2) and the
geometry shown in Fig. 2(B), the desired motion for the actuator
φd
a can be computed as follow:

φd
a =

⎧⎪⎪⎨⎪⎪⎩
h1(φd

e )
rflex

(flexor)

h2(φd
e )

rext
(extensor)

(3)

where rflex and rext are radius of flexor and extensor spools, respec-
tively.
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A

B

C

Fig. 6. (A) Control scheme for the actuation unit of the exosuit without backlash
compensation. (B) Preliminary results of the soft exosuit in position tracking and the
corresponding tracking error e for a series of movement alternating elbow flexion
and elbow extension.

The control scheme used in the preliminary experiment is
shown in Fig. 6(A). The elbow joint position φe can be recorded
using a resistive flex sensor (Spectrasymbol R⃝, USA, angular accu-
racy±1◦) embedded in the sleeves in correspondence of the elbow
joint. The results are shown in Fig. 6(B): as observable the adopted
solution presents a significant delay (td = 3 s) and a low accuracy
in position tracking between the desired φd

e and the measured
values φm

e of the elbow. The main cause of such poor results can be
attributed to the presence of nonlinear backlash in the bowden-
cable transmission: in the following sections, we will propose a
solution to model backlash hysteresis and provide the instructions
to implement two two-layer backlash compensation methods:
(i) backlash observer-based control and (ii) nonlinear adaptive
control. Two control schemes are then validated and compared by
using a custom-made test bench. Finally due to the effectiveness
and huge advantage compared to the backlash observer method,
the proposed adaptive control paradigm is successively applied in
the soft exoskeleton and tested in a preliminary clinical trial.

3. Backlash hysteresis model

3.1. Experimental set-up

In order to model the backlash hysteresis in the bowden cable-
driven system and test the control algorithm, a test bench has been
designed (Fig. 7(A)). A DC motor (Maxon EC-i 40 70W motor) con-
nected to a pulley drives a cable routed in an outer bowden sheath.
The angular position of the input pulley φin is monitored using an
incremental encodermounted on themotor shaft. The cable passes

Fig. 7. (A) The custom-built test bench tomeasure the effects of backlash in position
tracking. (B) Control scheme for the bowden-cable transmission without backlash
compensation.

through the bowden sheath and wraps around a secondary pulley
whose position φout is obtained by a second encoder. A spring at
the distal end pretencions the cable by providing a resisting force
to simulate a conservative force field to resemble the gravity force
applied on human elbow. Dyneema R⃝ cables are used to transmit
forces. The feedback and control signals are acquired and output
by MATLAB SIMULINK R⃝ from MathWorks and interfaced with
Quanser Quarc R⃝ real-time control architecture running at 1 kHz
refresh rate.

An initial pretencion force is applied to the cable to prevent
it from slacking. The output displacement φout is supposed to
accurately follow a desiredmotionφd which is a periodicminimum
jerk trajectory ranging from 0◦ to 70◦. This desired motion is
commanded to the DCmotor (φin = φd) to actuate the system. The
initial control scheme with no backlash compensation is shown in
Fig. 7(B). As the cable is pulled at the input pulley driven by the
DC motor (loading), the tension in the cable increases according
to the resisting force generated by the spring. When the DC motor
reverses the direction of motion (unloading), due to the resisting
force, the cable is pulled back at the output pulley. The detrimental
effect of backlash hysteresis on tracking performance is shown in
Fig. 9(A), where the plots of the desired motion φd and the output
motion φout versus time show a significant inaccuracy and time
delay between the input and the output. This effect comes from
a combination of backlash and cable deflection which play a major
role in reliability of bowden-cable transmission and need to be
opportunely modelled and compensated.

3.2. Problem formulation

In Fig. 8 a conceptual representation of backlash caused by
the gap between the cable and the inner wall of the bowden
sheath [15] is depicted. The amount of backlash is directly propor-
tional to the curvature angle θ of the sheath and the gap size g .
Since these values cannot be directlymeasured, the backlash effect
is unpredictable and continuously changes during operation due to
geometrical variation of the bowden sheath.

The backlash leads to a hysteresis between the input φin and
the output displacement φout [25] resulting in two straight lines
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Fig. 8. (A) Cable position in the bowden sheath. (B) Under tension the backlash
behaviour is created by the change of position of the cable inside the sheath during
motion inversion of the actuator transitioning from flexion to extension and vice
versa.

(upward and downward sides) and horizontal segments describ-
ing the dead-zone (Fig. 9(B)). The hysteresis can be approximated
mathematically by the following discontinuous functions:

˙φout =

{
c1φ̇in(t) (φ̇in(t) > 0)
c2φ̇in(t) (φ̇in(t) < 0)

(4)

or

φout =

{
c1(φin(t) − B1) (φ̇in(t) > 0)
c2(φin(t) + B2) (φ̇in(t) < 0)

(5)

where c1 > 0, c2 > 0 are the backlash slopes; B1 > 0, B2 > 0 are
the widths of the backlash profile; φin(t), φ̇in(t), φout (t), ˙φout (t) are
angular displacements and velocities of the input and the output,
respectively.

3.3. Backlash hysteresis based on bouc–wen model

However, the model described by (4) and (5) is discontinuous
and to estimate the unknown descriptive constants and improve
the position tracking accuracy, a complex nonlinear algorithm
implementation is needed. In the present paper we introduce a
description of the backlash and the associated hysteresis by using
the Bouc–Wen formulation. The resultingmodel is continuous, and
it may represents a suitable option for the implementation of com-
pensatory controller. The Bouc–Wen model has been extensively
adopted in several applications providing a versatile description
of hysteresis shapes. The model is formulated by a first-order
nonlinear differential equation containing several parameters that
need to be identified to approximate the behaviour of a system
presenting hysteresis. In this paper, the following formulation

for the Bouc–Wen model is used to predict the hysteresis in the
bowden-cable transmission [18,26]:

φout = αφφin + αhh (6)

ḣ = ρ

(
φ̇in − σ |φ̇in||h|n−1h − (σ − 1)φ̇in|h|n

)
(7)

where φout is the measured output displacement of the bowden
cable-driven system, φin is the input displacement. The variable
h is the solution of a differential equation (7). The dimensionless
parameters ρ, σ , n adjust the shape and size of the backlash
hysteresis profile; and αφ , αh represent the ratio of the output
displacement φout to the input displacement φin and to the variable
h, respectively.

4. Backlash compensation control strategy

In order to increase the accuracy of trajectory tracking and
compensate the nonlinear effect introduced by the backlash, we
implement and compare two compensation methods: (i) back-
lash observer-based controller designed using the inverse form of
the Bouc–Wen model, and (ii) nonlinear adaptive controller that
continuously updates the parameters of the backlash model by
comparing the desired motion φd with the measured one φout .

4.1. Backlash observer-based controller

A backlash observer is designed for backlash compensation
based on the Bouc–Wen model introduced in Section 3. According
to the backlash hysteresis acquired from the experimental data
(Fig. 9(B)), the parameters αφ , αh, ρ, σ , and n can be estimated
offline in order for the Bouc–Wen model to represent a good
approximation of the experimental hysteresis. The control input
φin to the DCmotor is designed such that themeasured output φout
accurately tracks the desiredmotionφd, i.e.φout = φd. From (6), we
substituteφout byφd, the control inputφin is computed by reverting
(6) as:

φin =
1
α̂φ

(
φd − α̂ĥh

)
(8)

where ĥ can be obtained by solving the differential equation: ˙̂h =

ρ̂

(
φ̇in − σ̂ |φ̇in||̂h|̂

n−1̂
h − (σ̂ − 1)φ̇in |̂h|̂

n
)
with (̂.) is the estimated

value of (.).
The backlash observer-based controller scheme for backlash

compensation is shown in Fig. 10.

Fig. 9. Example of error tracking for the test bench when no backlash compensation is active. (A) Desired motion φd and measured output motion φout versus time t; (B)
Example of hysteresis between the desired motion φd and measured output motion φout .
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Fig. 10. The control scheme using backlash observer for backlash compensation.

Fig. 11. The newly proposed control scheme using a nonlinear adaptive controller
for backlash compensation in the bowden-cable transmission.

4.2. Nonlinear adaptive controller

While the model defined by (6) and the backlash observer-
based method have been formulated for a fixed configuration of
the bowden cable, one needs to account for the variation of the
bowden cable curvature angle caused by themotion of the exosuit:
an additional term D is introduced in (6) to describe the backlash
uncertainty:

φout = αφφin + D → βφout = φin + βD (9)

where αφ is a positive coefficient representing the slope of the
backlash hysteresis profile; and β =

1
αφ

which is the inverse of
the slope. We define Dm to be the bounded value of the model
uncertainties D such that |D|≤ Dm.

Adopting the notation from [20], we define the tracking error
e between the output motion φout and the desired motion φd, the
filtered tracking error s and the reference motion φr as:⎧⎪⎨⎪⎩

e = φout − φd

s = λe +

∫ t

0
e(τ )dτ → ṡ = λė + e

φr = φd − λė

(10)

where λ is selected to be positive such that the polynomial equa-
tion p = λq + 1 with Laplace variable q is stable according to
Hurwitz criteria.

The control law φin can be chosen as:

φin = β̂

(
φr − D̂m tanh

( s
ϵ

))
− κs (11)

where β̂ is the estimated value of β; D̂m is the estimated value of
Dm; and κ is a positive constant. The hyperbolic tangent function

tanh(.) is used to alleviate the problems of chattering andmechan-
ical resonance [27,28], and ϵ denotes the sensitivity coefficient of
the tanh(.) function.

Replacing the control law φin from (11) to (9):

βφout = β̂

(
φr − D̂m tanh

( s
ϵ

))
− κs + βD. (12)

Adjusting (12) leads to the dynamics of tracking error as:

β ṡ + κs = β̃φin − βD̃m tanh
( s

ϵ

)
− β

(
Dm tanh

( s
ϵ

)
− D

)
(13)

where φin = φr − D̂m tanh
( s

ϵ

)
; β̃ = β̂ − β is the estimated error

of β; and D̃m = D̂m − Dm is the estimated error of Dm
According to [29] the parameters adaptation law is given by:{
˙̂β = −δ1φins − δ1σ1β̂
˙̂Dm = δ2β tanh

( s
ϵ

)
s − δ2σ2D̂m

(14)

where δ1, δ2 are positive adaptation gains; and the initial values
for β̂ and D̂m are set to be zero. The additional terms (σ1 > 0 and
σ2 > 0) ensure the boundedness of β̂ and D̂m which guarantees the
robustness of the closed-loop system in the presence of approxi-
mation errors.

In order to prove the stability of the closed-loop system shown
in Fig. 11, we consider a Lyapunov function candidate as:

V =
1
2
βs2 +

1
2δ1

β̃2
+

1
2δ2

D̃m
2
. (15)

Appendix will prove that the Lyapunov function is decreasing;
and the filtered tracking error s, the tracking error e, and the
estimated errors of β and Dm are guaranteed to be uniformly
ultimately bounded (u.u.b).

5. Experimental evaluations and comparisons

5.1. Backlash compensation for test bench with constant curvature
angle

In order to demonstrate the effectiveness of the two control
schemes and the assumed model for backlash compensation, an
initial test has been run on the previously described test bench.
In this initial experiment, the bowden sheath curvature angle was
kept constant, and the position controller for the DC motor was a
linear PD control.

5.1.1. Backlash observer-based controller
By using Genetic Algorithm for optimization in MATLAB, the

Bouc–Wen parameters were approximated offline to fit the exper-
imental data as: α̂φ = 0.938, α̂h = −0.129, ρ̂ = 9.256, σ̂ = 9.427,
and n̂ = 3. From Fig. 12, it can be seen that the error e between the
desired motion φd and the measured values φout is considerably
reduced compared to this when no compensation is used, and the
backlash width also decreases. However, the backlash observer-
based controller still presents a large tracking error, especially at
the motion inversion area (loading phase to unloading phase and
vice versa). Moreover the main drawback of this approach is that
the parameters αφ , αh, ρ, σ , and n are dependent on the curvature
angle of the bowden cable. Hence this controller is limited when
embedded in a real application where complex and configuration-
dependent backlash hysteresis arises.

5.1.2. Nonlinear adaptive controller
The parameters for the adaptation law were set as follow: λ =

2, κ = 10, ϵ = 0.01, δ1 = δ2 = 2, and σ1 = σ2 = 0.005
(practical advices on how to choose these values are described in
the Appendix). As shown in Fig. 13 the proposed backlash com-
pensation strategy based on nonlinear adaptive controller allows
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A B

Fig. 12. Backlash observer for backlash compensation for the test bench in the case of constant curvature of the bowden sheath. (A) Desiredmotion φd andmeasured output
motion φout versus time t; (B) Desired motion φd versus measured output motion φout .

Fig. 13. Nonlinear adaptive controller for backlash compensation for the test bench in the case of constant curvature of the bowden sheath. (A) Desired motion φd and
measured output motion φout versus time t; (B) Desired motion φd versus measured output motion φout .

to significantly reduce the backlash hysteresis dead-zone, and the
relationship between the desired trajectory φd and the measured
output displacement φout is almost linear. Moreover a significant
reduction of the tracking error e and time delay td is also achieved.
The proposed nonlinear control for backlash compensation gradu-
ally tunes the estimated values β̂ and D̂m of the backlash model
parameters which at the beginning of the process are unknown
(Fig. 14) (converging time t ≈ 2.5 s).

5.2. Backlash compensation for test bench with varying curvature
angle

To examine the efficacy of the nonlinear adaptive control for
backlash compensation under varying bowden cable configuration
compared to the backlash observer method, the bowden sheath
wasmanuallymoved during online operation. The tracking perfor-
mances acquired from the test bench under varying curvature an-
gles with the two control architectures are depicted and compared
in Fig. 15.

It is clearly observable from Fig. 15(A) that when the backlash
observer algorithm is used, the backlash hysteresiswidth increases
as the curvature of the bowden sheath is varying (the dead-zone
changes from 5◦ increasing to 10◦), resulting in a decreasing
motion transmitted from the motor to the output pulley. In the
second case (Fig. 15(B)), with the proposed adaptive compensatory

Fig. 14. The estimated backlash model parameters β̂ and D̂m are updated online
according to the adaptation law described in (14) and converges to the actual values
after t = 2.5 s.

control, despite the curvature is varying unpredictably, the trans-
mission of motion between the input motor and the output pulley
is kept constant and the undesirable effect of the backlash is dra-
matically compensated. The proposed adaptive controller is able to
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Fig. 15. Tracking performance comparison between the observer-based and the adaptive controllers in case of variable curvature of the bowden sheath. (A) The backlash
observer-based controller cannot account for the change in curvature of the bowden sheath, leading to a significant and variable hysteresis; (B)When the nonlinear adaptive
controller is active, even changing the bowden cable curvature the linearity between the desired motion φd and the output φout is preserved.

Table 1
Root Mean Square Error (RMSE) of position tracking performance with two con-
troller approaches.

RMSE (deg) Backlash observer Nonlinear adaptive

Constant curvature 1.707 0.425
Varying curvature 7.561 1.087

estimate and updates online the backlash model parameters, and
provides an appropriate compensation to drive the input φin to the
DC motor for minimizing the tracking error e and time delay td.

For detailed numerical results and comparison, Table 1 shows
the root mean square error (RMSE) obtained from the desired tra-
jectory φd and the measured output displacement φout defined as
(16). It is worth highlighting that the nonlinear adaptive controller
significantly reduces the backlash in the bowden-cable transmis-
sion and effectively decreases the tracking error e regardless of the
bowden cable configuration variation.

RMSE =

√∑n
i=1

(
φi
d − φi

out
)2

n
(16)

5.3. Closed-loop systems bandwidth

We have compared the test bench operating with the two
control paradigms for backlash compensation (backlash observer-
based versus nonlinear adaptive controllers) to verify the band-
width of the closed-loop systems. The desired trajectory of the
output pulley φd was supposed to follow a linear chirp input
position signal characterized by the following waveform:{

φd(t) = s(t) = S0 sin (2π f (t))

f (t) = f0 +
f1 − f0

T
t

(17)

where f0 = 0.1 Hz, f1 = 20 Hz, T = 150 s and S0 was chosen to
be 90◦ which is the desired range of motion of the human elbow
joint. The output angular position φout was recorded by means of
the encoder on the output pulley.

Fig. 16 reports the Bode plots of the transfer functions G =

|φout/φd| of the closed-loop systems running with both backlash
observer and nonlinear adaptive controllers. The two bandwidths
of the systems are above 5 Hz, on a 90◦ elbow movements which
fulfils the required bandwidth for human arm movements which
is approximately 1.2 Hz [30]. The proposed adaptive controller, as
expected, shows a slightly slower response (5.2 Hz) than the back-
lash observer controller (5.5 Hz) due to the higher computational
complexity.
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Fig. 16. Bode plots of the closed-loop systems running with two backlash com-
pensation methods. The backlash observer-based controller presents a bandwidth
of 35 rad/s (≈5.5 Hz) whilst the nonlinear adaptive approach shows a cut-off
frequency at 31 rad/s (≈5.2 Hz).

5.4. Mechanical and electrical power consumption comparisons

Being the soft arm exosuit are wearable device, it is critical for
the system to be energetically autonomous. We have thus evalu-
ated themechanical power and energy consumption of the system
with and without the proposed adaptive controller. We ran the
exosuit device performing five arm flexion/extension movements
from 0◦ to a 90◦, andmonitored the data of motor speedωmotor and
current Imotor . The mechanical power Pm and consumed electrical
power Pe can be calculated as in (18):⎧⎪⎨⎪⎩

Pm = ωmotor × τmotor

Pe = Pm + Rmotor × I2motor
ωmotor = |φ̇m

a |

τmotor = kτ × Imotor

(18)

where kτ = 16.7 mNm/A and Rmotor = 0.199 � represent torque
constant and terminal resistance of the motor obtained from the
motor datasheet, and φ̇m

a is the angular velocity of the actuator
measured by the incremental encodermounted on themotor shaft.
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Fig. 17. Profiles of the actuator’s mechanical power Pm (A), consumed electrical
power Pe (B) and the corresponding elbow joint angle φm

e in a single movement
(C) with and without the proposed nonlinear adaptive controller for backlash
compensation. The mean is shown in bold, and the standard deviation is shown
in shaded area.

Fig. 17(A) and (B) show the profiles of the mechanical power
and the electrical power consumed by themotor with andwithout
using the adaptive backlash compensation control paradigm, the
positive power refers to energy consumed to produce work on
the environment. The net electrical energy consumed in one flex-
ion/extension task can be computed by integrating the electrical
power Pe over 25 s. It can be seen thatwhen theproposed controller
is used, the electrical energy consumed by themotor is higher than
when no compensation is active, i.e. 520.7± 36.2 J in the first case
compared to 380.5 ± 32.8 J in the second case. This implies that
the device consumed more energy to compensate for the loss of
motion caused by backlash, thus assisting the wearer in the full
range of motion and reducing the tracking error e from 30◦ to
below 5◦ (Fig. 17(C)).

6. Preliminary clinical trial

To test the efficacy of the proposed framework in a clinical
scenario, we tested the nonlinear adaptive controller on the soft
exosuit worn by an impaired subject who volunteered to test the
device.

Due to its intrinsic soft nature, the soft exosuit relies on the
wearer’s skeletal structure to transmit compressive forces and is
hence limited in the amount of assistance it can provide. It is
thus likely that this solution would be inadequate for patients
with severe contractures or spasticity (Modified Ashworth Scale
of the biceps or triceps muscles greater than 2) and/or suffering
fromdisuse osteoporosis (a common co-morbidity of neuromuscu-
lar impairments). Unfortunately no experimental method has yet
been used to rigorously assess for whom and for how long a soft
exosuit could be usedwith no counter effects. Hence, future studies
in this direction are needed.

The reported pilot study was conducted on a patient suffer-
ing from neither contractures/spasticity in the upper limbs nor
disuse osteoporosis. He is affected by a severe bilateral brachio
radialis plexus injury, having thus nearly completely lost motor-
sensory innervations of the upper limbs. Voluntary capacity of
motion was severely affected and muscular atrophy limited the
range of motion to a portion lower than 20◦. The experiment was
approved by the Institutional Review Board at SINAPSE Institute
for Neuro-technology (Singapore). The research conformed to the
ethical standards laid down in the 1964Declaration ofHelsinki that
protect research subjects. The participant signed a consent form
prior to the experiment. The preliminary test consisted in assisting
the patient in moving his elbow: residual EMG signals have been
used to trigger the exosuit actuation stage anddrive the elbow joint
to a 90◦ configuration starting from a resting position (Fig. 18).

The EMG signals (TrignoTM wireless EMG, Delsys Inc.) were
recorded from a single channel acquiring biceps muscular activity:
raw signals were pre-processed using a full-wave rectification and
following by a low-pass second-order Butterworth filter with a
8 Hz cut off frequency, and they were used to activate the elbow
flexion/extension once a preset threshold was crossed (20% of
maximum voluntary contraction). Due to the severe clinical con-
ditions, the subject retained residual muscular activity only in the
biceps, while other muscles being affected by atrophy, presented
a degraded electromyogram which was not suitable for triggering
the device. As shown in Fig. 18, once the EMG signal overcomes
the threshold the position controller is engaged and drives the
actuation stage. Accuracy in following the desired trajectory φd

e
is assured by the nonlinear adaptive controller introduced in Sec-
tion 4 and embedded in the exosuit electronics. Fig. 19(A) shows
the EMG bursts triggering flexion and extension: once the assistive
effort by the exosuit is engaged the EMG activities noticeably
decrease, meaning that the elbowmotion is almost fully supported
by the device. Fig. 19(B) represents the corresponding human joint
angle (φm

e ) during seven flexion/extension tasks with a respective
amplitude ranging from 0◦ to 90◦. Accuracy in tracking the desired
input is depicted in Fig. 19(C), showing that the maximum error
e between φm

e and φd
e is bounded in a compact set ranging be-

tween ±5◦, furthermore the time delay between EMG signal and
assistance initiation is almost eliminated (td ≈ 0.2 s). It is worth
highlighting that during elbow motion flexing and extending, the
curvature of the bowden sheath is subjected to unpredictable
variations leading to a change in the amount of backlash and the
associated hysteresis: despite these nonlinear dynamics are not
directly measurable, we showed in our experiments that the pro-
posed nonlinear adaptive controller implementation for backlash
compensation results in a much improved accuracy in position
tracking performance.

7. Discussions

This work aimed at providing a detailed description of a control
implementation for compensation of nonlinearity, which may be
encountered in soft robotics and assistive technology. More specif-
ically we wanted to focus our attention on backlash which is one
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Fig. 18. Embedded control used in the preliminary clinical trial: The raw EMG of the patient engages the assistive control once a threshold has been overcome. The nonlinear
adaptive controller compensates for the backlash during motion assuring the desired angle commanded by the actuation stage is reached at the joint level.

Fig. 19. Results from the clinical trial for motion assistance. (A) The patient’s
EMG is processed and compared with a threshold set as a percentage of the
maximum voluntary contraction (MVC). The EMG burst activates the assistance
and the actuation stage drives the elbow from the rest configuration 0◦ to a 90◦

configuration. (B) Set of seven flexion and extension movements are depicted and
time delay between the EMG signal and movement initiation negligible due to the
action of nonlinear adaptive algorithm. (C) Tracking error between desired φd

e and
actual φm

e elbow angle is below 5◦ .

of the major problems encountered in soft wearable exoskeletons.
Despite the wide spectrum of possible applications, soft robotics
with human in the loop is still far from reaching the same per-
formance of the classical approach based on rigid materials and
frames. If on one side rigid exoskeletons for assistive technology

present insurmountable drawbacks in terms of ergonomics, yet
the classical robotic solutions are able to model and predict the
dynamics at the interface between the robot and the human user.
Soft robotics for human assistance and interaction, has been intro-
duced to answer the questions regarding amore gentle interaction
and a higher transparency of the technology which should not
modify the user’s biomechanics by a large perceived mechanical
impedance. Despite promising results, we are still far from the
optimal human–robot co-existence, where the lack of function-
ality caused by neurological damages can be complemented or
replaced by soft wearable assistive technology. The main problem
can be identified in themissing link between human biomechanics
and actuation: the biomimetic approach, based on mimicking the
working principles underlying the mechanisms of motion, is often
promising but inaccurate and not robust. Nonlinear phenomenons
and unpredictable dynamics, which are difficult to model and
observe during operations, are the main reasons why the soft
wearable assistive technology is still lacking of a large diffusion.
In the specific case of cable-driven actuation, which is the most
widely adopted solution to transfer motion to the human joints,
the presence of backlash is detrimental, and may severely affect
the assistive effort resulting inaccurate in terms of both dynamics
and kinematics.

Bowden cable-driven exosuits are the most diffuse solutions,
and their performances are still limited due to the presence of
nonlinear effects such as static and dynamic friction and backlash
between the bowden sheath and the cable. Many approaches exist
for backlash compensation [13,15,16] but they require physical
modelization and evaluation of parameters, such as the gap size
in the bowden cable, or also the sheath curvature which plays a
fundamental role in affecting the performance of the actuation.
Hence, these solutions present limitation in the application of soft
exosuit where the backlash hysteresis in the bowden-cable trans-
mission continuously unpredictably varies during the armmotion.
Backlash in bowden-cable transmission increases as a function
of the bending angle, but decrease as function of the gap size,
which also decides the backlash dead-zone. All these limitation
can be mitigated by a dual approach based on a refinement of the
mechanical design of the transmission, by low friction coatings
and reduced gap size, or by implementing novel control strategies
which accounts for model-based backlash compensation.

In this study, we proposed a novel nonlinear adaptive compen-
sator that continuously updates the parameters of the backlash
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model and it is able to adapt online to the system’s configuration,
taking into account the time-varying curvature of the bowden
sheath due to the motion of the human arm. For a fair comparison,
we also provided a backlash observer approach for backlash com-
pensation which was designed based on the inverse form of the
Bouc–Wen model. Similarly to the aforementioned methods, the
backlash observer-based controller requires an offline estimation
of the backlash parameters which are strongly dependent on the
bowden cable configuration. We then implemented both backlash
compensatory control paradigms: backlash observer-based and
nonlinear adaptive controllers on a custom-made test bench. The
results show that with constant curvature angle of the bowden
cable, both control architectures achieve a significant improve-
ment in position tracking; whilst when the bowden sheath shape
is variable, only the adaptation law of the proposed adaptive
control can guarantee an accurate tracking performance. The lin-
earity between the output and desired motion is also preserved,
respecting the primary requirements of stability and robustness.
Furthermore, the bandwidth of the closed-loop system with the
proposed controller was verified to meet the velocity required for
assisting human arm movements in activities daily living, and the
electrical power consumed by the exosuit was also considered as
an important aspect of a wearable device. Finally, we embedded
the proposed nonlinear adaptive algorithm in a soft wearable ex-
osuit and tested its efficacy in a clinical scenario, where the con-
troller required an EMG activation to trigger the assistance. Results
were promising, also considering the severity of the patient, who
presented an extremely reduced motion capacity and a degraded
electromyographic activity.

However the present contribution is intended to be framed in
a wider context, where backlash compensation is just one aspect
which must be addressed in the design of wearable assistive de-
vices. As a perspectives of this work, the main goal is not only
to identify a particular aspect such as backlash but to succeed
in formulating an exhaustive and robust control paradigm. This
contains a multi-layered controller comprising from the motion
intention detection to the high nonlinear behaviour of the exosuit,
aiming to provide a desired assistive force to the user. Being aware
of the intrinsic stability issues that can arise in a force controller,
we are extending our work by opting for an admittance-based
controller which acts as a high-level controller for human motion
detection strategy, and increases the transparency of the device.
Through admittance control, the interaction force between the suit
and its wearer could be measured to estimate a desired trajectory
of the elbowwhichwould be then fed in the lower-level controllers
at which the nonlinear effects of the cable-driven transmission,
i.e. backlash and friction [31–33], are opportunely compensated
by means of the adaptive mathematical models. Last but not least,
the actuation unit will be redesigned to be significantly lighter
and smaller, so that it can be fitted compactly in a backpack. A
more comfortable and compliant wearable sleeve, a mechanism
using an electromechanical clutch for reducing electrical energy
consumption [34] and a custom, low-power electronic system are
still ongoing and under development.

Appendix. Stability for the nonlinear adaptive controller

This appendix proves the stability of the nonlinear adaptive
controller and the boundedness of the filtered tracking error s, the
tracking error e, and the estimated errors of β and Dm

Considering the Lyapunov function candidate defined in (15):

V =
1
2
βs2 +

1
2δ1

β̃2
+

1
2δ2

D̃m
2
.

The time derivative of V is:

V̇ = β ṡs +
1
δ1

˙̃ββ̃ +
1
δ2

˙̃DmD̃m

=

[
β̃φin − βD̃m tanh

( s
ϵ

)
− β

(
Dm tanh

( s
ϵ

)
− D

)
− κs

]
s

+
1
δ1

˙̃ββ̃ +
1
δ2

˙̃DmD̃m

= β̃

(
φins +

1
δ1

˙̃β

)
− D̃m

(
βs tanh

( s
ϵ

)
−

1
δ2

˙̃Dm

)
− κs2

−βs
(
Dm tanh

( s
ϵ

)
− D

)
.

(19)

Noting that ˙̃β =
˙̂β , ˙̃Dm =

˙̂Dm, and substituting the adaptation
law (14) into (19):

V̇ = −κs2 − σ1β̃β̂ − σ2D̃mD̂m + Dβs − Dmβs tanh
( s

ϵ

)
≤ −κs2 − σ1β̃β̂ − σ2D̃mD̂m + |Dmβs| − Dmβs tanh

( s
ϵ

)
.

(20)

Remarking the following property of the hyperbolic tangent
function tanh(.):

0 ≤ |α|−α tanh
( s

ϵ

)
≤ 0.2785ϵ (∀α ∈ R). (21)

Combining (20) and (21) leads to:

V̇ ≤ −κs2 − σ1β̃β̂ − σ2D̃mD̂m + 0.2785ϵ. (22)

Noting that β̂ = β̃ + β and D̂m = D̃m + Dm, and according to
the complete square inequality for −σ1β̃β̂:

− σ1β̃β̂ ≤ −σ1β̃
2
+ σ1 |̃β||β|≤ −

σ1β̃
2

2
+

σ1|β|
2

2
. (23)

The same argument is applied for −σ2D̃mD̂m:

− σ2D̃mD̂m ≤ −
σ2D̃m

2

2
+

σ2|Dm|
2

2
. (24)

Substituting (23) and (24) into (22), the time derivative of the
Lyapunov function can be rewritten as:

V̇ ≤ −κs2 −
σ1β̃

2

2
−

σ2D̃m
2

2
+

σ1|β|
2

2

+
σ2|Dm|

2

2
+ 0.2785ϵ. (25)

Adding and subtracting the term ρV with ρ > 0:

V̇ ≤ −ρV −

(
κ −

ρβ

2

)
s2 −

(
σ1 −

ρ

δ1

) β̃2

2

−

(
σ2 −

ρ

δ2

) D̃m
2

2
+ f (26)

where f =
σ1|β|

2

2 +
σ2|Dm|

2

2 + 0.2785ϵ.
If we choose ρ ≤ min

{ 2κ
β

, σ1δ1, σ2δ2
}
, we have:

V̇ ≤ −ρV + f (27)

which implies that for V ≥ V0 =
f
ρ
, the negative definiteness of V̇

can be assured.
We now prove that the filtered tracking error s, the tracking

error e, and the estimated errors of β and Dm are guaranteed to
be uniformly ultimately bounded (u.u.b).

Let us introduce a Lemma: Let f , V : [0, ∞) ↦→ R. Then

V̇ ≤ −ρV + f , ∀t ≥ t0 ≥ 0

implies that

V (t) ≤ e−ρ(t−t0)V (t0) +

∫ t

t0

e−ρ(t−τ )f (τ )dτ , ∀t ≥ t0 ≥ 0.



B.K. Dinh et al. / Robotics and Autonomous Systems 92 (2017) 173–186 185

Applying this Lemma to (27)with f =
σ1|β|

2

2 +
σ2|Dm|

2

2 +0.2785ϵ
and t0 = 0:

0 ≤ V (t) ≤

(
V (0) −

f
ρ

)
e−ρt

+
f
ρ

where V (0) is the initial value of the Lyapunov function.
From the Lyapunov function (15), we have:

1
2
βs2 ≤ V ≤

(
V (0) −

f
ρ

)
e−ρt

+
f
ρ

.

The filtered tracking error s can be expressed as follow:

|s|≤

√
2
β

(
V (0) −

f
ρ

)
e−ρt +

2f
βρ

which implies that s converges exponentially to the residual set:

Ωs =

{
s ∈ R, |s|≤

√
2f
βρ

}
.

The same proof can be applied for the estimated errors β̃ and
D̃m.

For the tracking error e, it is noted that:

|s|= |λe +

∫ t

0
e(τ )dτ |≤

√
2f
βρ

.

Defining e1 =
∫ t
0 e(τ )dτ and ė1 = e:

|λė1 + e1|≤

√
2f
βρ

.

Case 1: λė1 + e1 ≤

√
2f
βρ

. The solution is:

e1 ≤

(
e1(0) −

√
2f
βρ

)
e−

1
λ
t
+

√
2f
βρ

where e1(0) is the initial value of e1.
Case 2: −

√
2f
βρ

≤ λė1 + e1. The solution can be obtained by:

(
e1(0) +

√
2f
βρ

)
e−

1
λ
t
−

√
2f
βρ

≤ e1.

Hence, the variable e1 converges to the compact set:

Ωe1 =

{
e1 ∈ R, |e1|≤

√
2f
βρ

}
.

As a result, the tracking error e = ė1 can be proven to be
bounded:

λ|ė1|−|e1|≤ |s|= |λė1 + e1|≤

√
2f
βρ

or

λ|ė1|≤ |e1|+

√
2f
βρ

≤ 2

√
2f
βρ

.

Then, the tracking error e can be easily expressed as follow:

|e|= |ė1|≤
2
λ

√
2f
βρ

.

Finally, the adaptation law with the σ -modification given by
(14) can guarantee that the tracking error e, and the estimated
errors β̃ and D̃m are uniformly ultimately bounded (u.u.b). From

(27) and the compact set Ωe1 , it can be seen that the performances
and stability of the proposed control scheme depend on the values
of f and ρ, in other words the selection of the designed parameters
such as the adaptation gains δ1, δ2, σ1, σ2 and the constant κ . We
want to minimize the tracking error e or the size of the compact
set Ωe1 , and the size of this set can be reduced by increasing δ1,
δ2, and κ . However high values of these parameters can cause
chattering problems. In practice we empirically increase the value
of κ by trial and error to an acceptable value, and the positive
adaptation gains δ1, δ2 can be respectively adjusted thereafter.
Two other positive parameters σ1 and σ2 are added to guarantee
the convergence of the tracking error e and the robustness of
the closed-loop control system (they regulate the stiffness in the
backlash parameters adaptation law (14)). If themodification gains
σ1 and σ2 are chosen to be too small, the estimated backlash
parameters β̂ and D̂m might not converge to the actual values. In
contrast, if they are too large, the values of β̂ and D̂m can present
oscillations before the convergence. Thus, the terms σ1 and σ2
should be selected considering this trade-off between converging
time and accuracy [29]. This completes the proof.
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