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Gain-Scheduling Control of Teleoperation
Systems Interacting With Soft Tissues
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Abstract—Surgical teleoperation systems are being increasingly
deployed recently. There are, however, some unsolved issues such
as nonlinear characteristics of the interaction between the slave
robot and soft tissues and difficulty in employing force sensors in
the surgical end-effectors of the slave. These issues make it difficult
to generalize any approach to develop a control for the system.
This paper addresses these issues by proposing a H∞ subopti-
mal controller preserving robust stability and performance. The
environment, i.e., soft tissues, is characterized with the nonlinear
Hunt–Crossley model. This nonlinear characteristics of soft tissues
are expressed with an affine combination of linear models within a
predefined parameter polytope. For this linear parameter-varying
system, a gain-scheduling control scheme is employed to design
a suboptimal controller while guaranteeing its stability. To avoid
using any force measurement in slave, we used position–position
(PP) control architecture. The developed gain-scheduling control
is validated with quantitative experimental results. The developed
gain-scheduling PP control scheme shows good tracking capacity
and high transparency for varied experimental conditions. Error
of the transmitted impedance is significantly lower compared with
other conventional control schemes for frequencies less than 2 Hz,
which is frequently recommended for surgical teleoperation.

Index Terms—Gain-scheduling control, robotic surgery, teleop-
eration, transparency.

I. INTRODUCTION

THE telesurgical robotic systems have received much atten-
tion recently for many advantages such as small incision,

less bleeding, minimal exposure of organs, and short conva-
lescence. Some surgical robotic systems have been commer-
cially successful as well [1]. Research on telesurgical systems,
however, is still in its early stage as a commercialized system
has resulted in over 100 lawsuits from patients [2]. Although
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general demands of telesurgical systems are increasing, there
remain essential issues that need to be addressed. One of
the issues is haptic feedback to the operator in telesurgery.
Several studies have been already reported that haptic feedback
increases overall performance in the teleoperation systems [3].
Although there have been studies about bilateral teleoperation
systems, the control of bilateral telesurgical system still remains
uncharted terrain.

Since the 1980s, many researchers have investigated the char-
acteristics of bilateral teleoperation systems and their destabi-
lizing factors using the approaches of absolute stability [4], [5]
and passivity analysis [6]–[11]. Since stability and performance
are conflicting objectives of these systems, the control of bilat-
eral teleoperation systems has been a challenging topic. To the
best of the authors’ knowledge, there are few specific guidelines
and frameworks for control designs of the teleoperation sys-
tems. Hashtrudi-Zaad and Salcudean proposed technical guide-
lines of transparency-optimized control design for four-channel
(4CH) control architecture [5]. There have been also H∞ con-
trol methods. H∞ control [12], [13], µ-synthesis framework
[14], [15], and disturbance observer techniques [16], [17] have
been employed to design a controller of teleoperation systems.

Although there have been some studies about control design
of teleoperation systems, there are technical differences be-
tween general teleoperation systems and telesurgical systems.
The difficulties of the control design for bilateral telesurgical
systems are summarized as follows.

• Performance objectives in telesurgical systems are differ-
ent from those of general teleoperation systems. Most of
the previous studies are focused on position tracking in
free motion, force tracking in constrained motion, and
transition between the two different phases. For telesurgi-
cal systems, however, the previous premise of zero relative
velocity in the constrained motion does not hold. Position
tracking capacity in contact state must be considered in
addition to the force tracking capacity or transparency.

• It is difficult to attach force sensors at the tip of the slave
robot. This difficulty comes from both the size of the sen-
sor and the shielding of excessive electric current to cut the
tissues. If force information is not available at the tip of the
slave, it is impossible to use the 4CH control architecture
and control design rules presented in [5]. In the case of
a control architecture that uses only position information,
there is an inherent position tracking error in constrained
motion. As we discussed in the previous paragraph, it gives
rise to a significant performance problem in telesurgical
systems.
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• The nonlinear characteristics of soft tissues affect the
performance of the system. According to previous re-
search, dynamic behaviors of soft tissues are nonlinear
and time varying in nature [18], [19]. Previous H∞ control
approaches have usually dealt with nonlinearity and time-
varying characteristics as an uncertainty block. However,
it is often infeasible to obtain a stationary controller satis-
fying both the stability and performance objectives [20].

In this paper, we developed an H∞ suboptimal controller that
preserves robust stability and robust performance for teleop-
eration systems. To do so, soft tissues are modeled with their
natural properties. This paper employs the gain-scheduling con-
trol framework to achieve an optimized compromise between
the robustness and the performance. The proposed control
scheme is applied to maximize transparency of the two-channel
position–position (PP) control architecture, which is generally
feasible for surgical teleoperation applications as force sensors
are difficult to be used in the end-effectors of slave robots for
such systems.

II. VISCOELASTICITY OF SOFT TISSUES

A. Hunt–Crossley Model

In this paper, the Hunt–Crossley model is used to illustrate
the interaction between the slave robot and the environment.
Soft tissues are known to exhibit nonlinear time-varying vis-
coelastic characteristics. The Maxwell and Voigt models are
the most commonly used linear time-invariant models for en-
vironments. However, these models come short in describing
the viscoelastic soft tissue behavior due to their inadequacy
in describing the rate of energy dissipation subject to cyclic
loading and their unsuitable creep and relaxation functions [21],
[22]. The Maxwell and Voigt models are, instead, argued to be-
have similar to fluids and solids, respectively [21]. The Kelvin
model, on the other hand, can describe the overall viscoelastic
behavior of a system under a given set of loading conditions
[21]; however, it cannot describe the nonlinear characteristics
that are inherent in soft tissues [23].

Based on these arguments, it was shown that more accurate
behavior can be obtained if the damping coefficient was made
dependent on soft tissues relative incision [22], and hence,
the Hunt–Crossley model was developed. The Hunt–Crossley
model is also consistent with the coefficient of restitution for
characterizing energy loss during impacts [24]. This simple
nonlinear model is also acclaimed to best describe the ex-
perimental soft tissue properties through self-validation and
cross-validation studies [19]. In addition, unlike the complex
nonlinear models, the Hunt–Crossley model has clear physical
meaning of its impedance parameters [23]. The Hunt–Crossley
model is shown in Fig. 1, and the relation between the force
F ∈ R

3 and the displacement x ∈ R
3 is mathematically ex-

pressed by a power law of the displacement [25], as shown in
differential form in

F (t) = kxn(t) + λxq(t)ẋ(t) (1)

where k ∈ R
3×3 and λ ∈ R

3×3 are the coefficient matrix of the
time-varying nonlinear stiffness and damping parameters, re-

Fig. 1. Hunt–Crossley model. The nonlinear Hunt–Crossley model is better
suited to describe the viscoelastic properties of the soft tissues than the linear
models.

spectively. It is generally assumed that q = n, where n is a real
number, is usually close to unity, which takes into account the
geometry of contact surfaces. It is noteworthy that due to the in-
crease in contact surface area as the penetration depth increases,
the exponent n takes into account the variation due to a larger
contact area [26]. In addition, interestingly, when n = 1.5, the
elastic term of (1) exactly matches the force that results from the
Hertzian theory for spheres in static contact conditions [27].

The nonlinear Hunt–Crossley model is reformulated in
a quasi-linear parameter-varying way. The reformulation to
quasi-linear parameter-varying way of the nonlinear Hunt–
Crossley model is not unique. In general, position information
of the master and the slave is available at every time step.
Therefore, in our control scheme, the Hunt–Crossley model is
rewritten as (2). The damping matrix Benv ∈ R

3×3 and stiffness
matrix Kenv ∈ R

3×3 of the environment are defined as λxn(t)
and kxn−1(t), respectively. Thus

F (t) = Kenv(x, n)x(t) + Benv(x, n)ẋ(t). (2)

B. Parameter Estimation of the Hunt–Crossley Model

Parameters of the Hunt–Crossley model are found out by
a priori experiment with force sensor. The recursive least
square algorithm is employed to estimate the parameters of
the Hunt–Crossley model. The human operates the 1-degree-
of-freedom (DOF) manipulator randomly, and we measure the
position and the interaction force between the manipulator and
phantom tissues. Because the force sensor is attached at the
tip of the manipulator, any uncertainty such as friction does
not interfere with the measurement of the position and force
information. Two phantom tissues, as shown in Fig. 2, are used
for experiments. The phantom tissue 1 is softer than the right
one, and a 1 : 1 solution of the solvent and the hardener is used
to approximately represent liverlike behavior. The phantom
tissue 2 is composed of the epidermis, dermis, and subcutis and
has strength and elasticity similar to real human skin.

Fig. 3 shows differences between computed forces according
to the environment model and measured force. Interestingly
enough, the force information obtained by the Kelvin or Voigt
model agrees to some extent with the actual measured force
for small forces or deformations, but, as expected, for large de-
formations wherein large forces are exerted, these models come
short in modeling the accurate environment force. The probable
reason might be the nonlinear behavior of soft tissues for large
deformations and large forces. However, the Hunt–Crossley
model is seen to have accurately modeled the environment
for both small and large deformations and forces. Thus, the
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Fig. 2. Phantom tissues. The behavior of phantom tissues 1 and 2 is similar to
human liver and skin.

Fig. 3. Comparison of computed interaction force among three different
models and measured force. The Hunt–Crossley model describes the nonlinear
nature of soft tissues better than the others.

TABLE I
HUNT–CROSSLEY PARAMETERS OF PHANTOM SOFT TISSUES

inherent nonlinearity of the Hunt–Crossley model can best de-
scribe the nonlinear nature of the soft tissues, and these results
verify our choice of the environment model and the efficacy
of the estimation algorithm used to identify the impedance
parameters of the model. We shall, therefore, use this model for
our further calculations. The coefficients of the Hunt–Crossley
model for the two phantom tissues are computed from the
experiments, as shown in the Table I.

III. GAIN-SCHEDULING CONTROL OF THE

TELEOPERATION SYSTEM

This paper employs the gain-scheduling control framework
using linear fractional transformation (LFT) [28], [29] to design
a robust controller. Linear parameter-varying plants with a
linear fractional dependence on θ(t) can be represented by the
upper LFT interconnection, as shown in Fig. 4. Thus

P (s) :
{

ẋ = A(θ)x + B(θ)u
y = C(θ)x + D(θ)u (3)[

q
y

]
= Fu (P (s),Θ)

[
w
u

]
(4)

Fig. 4. Upper LFT interconnection with time-varying parameters and tele-
operation system. The teleoperation system is interconnected with a diagonal
time-varying operator specifying as to how θ(t) enters the teleoperation system
dynamics.

Fig. 5. Teleoperation system changes according to the parameter trajectory
θτ . The teleoperation system is represented with an affine combination of
system model vertices.

where w, u, q, and y are exogenous inputs, control inputs, con-
trolled outputs, and measured outputs, respectively. wθ and qθ

are interpreted as the input/outputs of the time-varying operator
Θ [29]. P (s) is the teleoperation system, and Θ is the block
diagonal time-varying operator that specifies as to how θ(t)
enters the teleoperation system dynamics. It is assumed that the
parameter is varied within a fixed range, which is defined as
[θmin θmax]. If the parameter is a vector, the fixed ranges are
represented with a certain polytope, as shown in Fig. 5. The
parameter variation within the polytope is represented with an
affine combination of vertices v1, v2, v3, and v4. The number
of vertices is determined by the number of parameters. In this
paper, we assumed that there are two time-varying parameters.
Thus

θτ ∈ Θ := Co{v1, v2, v3, v4}. (5)

The teleoperation system is changed according to the pa-
rameter vectors. Then, the teleoperation system is formulated
with an affine combination of vertices P1, P2, P3, and P4. The
relationship between vi and Pi is represented in Fig. 5 and is
modeled as given in

Pi :=
(

A(vi) B(vi)
C(vi) D(vi)

)
, i = 1, . . . , 4 (6)

(
A(θ) B(θ)
C(θ) D(θ)

)
∈ Co{Pi, i = 1, . . . , 4}. (7)

The gain-scheduling controller with LFT has same parameter
dependence as that of the teleoperation system [28]. That is

K(θ) :
{

ẋK = AK(θ)xK + BK(θ)y
u = CK(θ)xK + DK(θ)y (8)
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Fig. 6. Simplified gain-scheduling control scheme for the teleoperation sys-
tem. The controller is automatically changed with the parameter of the teleop-
eration system.

where u and y are control inputs and measurements, respec-
tively. In general, there is a weighting function Wq that repre-
sents the specification of the desired performance, as shown in
Fig. 6. In case the system cannot satisfy the condition of gain-
scheduling control design, this problem can be alleviated by
filtering u and y with Wu and Wy [28].

The gain-scheduling controller is designed based on bounded
real lemma [30]. The designed controller guarantees that the
closed-loop system is internally stable and that the H∞ norm of
the closed-loop system is strictly less than γ [30]. This means
that the maximum gain from w to q is less than γ. The designed
gain-scheduling controller, therefore, is called a γ-suboptimal
controller [30].

A. Formulation

The master device and the slave robot are modeled with
lumped mass and damping coefficients as follows:

{
Zmẋm = Mmẍm + Bmẋm

Zsẋs = Msẍs + Bsẋs
(9)

where xm and xs are the positions of the master and the
slave, and Zm ∈ R

3×3 and Zs ∈ R
3×3 stand for the impedance

matrices of the master and the slave, respectively. Mm ∈ R
3×3

and Ms ∈ R
3×3 are the inertia matrices of the master and the

slave, whereas Bm ∈ R
3×3 and Bs ∈ R

3×3 are the damping
matrices of the master and the slave device, respectively.

As we already discussed about the environment model in
Section II, the Hunt–Crossley model is chosen for the environ-
ment model and reformulated, as shown in (2). The damping
matrix Benv and the stiffness matrix Kenv of the Hunt–Crossley
model depend on the interaction position x and n. The interac-
tion position is a function of time; hence, Benv and Kenv are
considered as time-varying parameters. We choose to model
the time-varying parameters of the environment coefficients in
the teleoperation system with θ as given in (10). The passive
impedance of a human operator is considered as a damping
to reduce order of the controller. It is noticeable that if the
human operator is modeled with high-order dynamics such as
[31], it is very hard to compute the gain-scheduling controller
with a satisfactory performance level. The parameter vector θ
is automatically computed using the Hunt–Crossley parameters
and the position of the slave. Thus

θ(t)T = [Benv(xs, n) Kenv(xs, n) ] . (10)

Fig. 7. Gain-scheduling PP control scheme for the teleoperation system.
The gain-scheduling PP controller is automatically changed according to the
Hunt–Crossley parameters and the position of slave.

According to the control scheme, the position and/or the
force information of the master and the slave is used as inputs to
the controller. In this formulation, we consider only PP control,
as shown in Fig. 7, due to limitations of availability of the force
sensor from the slave side in telesurgical applications [3]. The
controller outputs affect on dynamics of the master and the
slave in the proposed gain-scheduling control scheme as shown
below, i.e., {

ẋm = Z−1
m (Fm − um)

ẋs = Z−1
s (us − Fs)

(11)

where um and us are the control signals from the controller
to the master and the slave, respectively. The estimated force
is denoted by F̂s. The estimation error Ferr is considered in
the design of controllers. The following equations are obtained
from the model of each component of the teleoperation system:



Fm = Fop − Bopẋm

F̂s = Kenvxs + Benvẋs

Ferr = Fs − F̂s

Fm − um = Mmẍm + Bmẋm

us − Fs = Msẍs + Bsẋs.

(12)

The position and force tracking errors are defined as control
objectives here as, generally, those are considered as control ob-
jectives in teleoperation. The tracking errors with considering
force and position scaling factors, i.e., αf and αp, are defined
as follows: {

eforce = Fm − αf F̂s

eposition = xm − αpxs.
(13)

In general, force tracking error is defined by Fm − αfFs.
Please note that, however, we defined the force tracking error
as (13) because if the force tracking error is defined as in
the conventional way, the controller design becomes more
conservative.

It is not easy to set proper values for the weighting functions
to minimize the tracking errors. If the weighting functions are
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not properly designed, the control objectives could be biased for
either force or position tracking errors. The weighting functions
Wf and Wp are used for eforce and eposition, respectively.
Penalty functions Wpnl are also included in the control objec-
tives to prevent infinitely large control actions.

B. Gain-Scheduling Control

The state-space equation of the teleoperation system with
time-varying parameters is obtained as given below. Thus

Ẋ = A(θ)X + B1w + B2u

where

A(θ) =



−Bm+Bop

Mm
0 0 0

1 0 0 0
0 0 −Bs+θ1

Ms
− θ2

Ms

0 0 1 0




B1 =




1
Mm

0
0 0
0 − 1

Ms

0 0




B2 =



− 1

Mm
0

0 0
0 1

Ms

0 0


 . (14)

The exogenous input to the system, i.e., w, consists of the
active human force and the environment force estimation errors,
whereas the control input, i.e., u, includes actuator torque of the
master and the slave. The measurement, i.e., y, for PP control
architecture is represented as follows:


wT = [Fop Ferr ]
uT = [um us ]
yT = [xm xs ] .

(15)

The state vector X has four states, as shown below. Thus

XT = [ ẋm xm ẋs xs ] . (16)

The controlled output q is formulated with X , w, and u, as
shown in

q =




eforce

eposition

um

us


 = C1(θ)X + D11w + D12u

where

C1(θ) =



−Bop 0 −αfθ1 −αfθ2

0 1 0 −αp

0 0 0 0
0 0 0 0




D11 =




1 0
0 0
0 0
0 0




D12 =




0 0
0 0
1 0
0 1


 . (17)

Weighting functions are then multiplied to the controlled
outputs before designing the controller, as given in

Wq · q = diag(Wf ,Wp,Wpnl,Wpnl) ·




eforce

eposition

um

us


 . (18)

The measured signals y are, therefore, written as follows:

y = C2X =
[

0 1 0 0
0 0 0 1

]
X. (19)

The controlled teleoperation system is, finally, rewritten as
follows: 


Ẋ = A(θ)X + B1w + B2u
q = C1(θ)X + D11w + D12u
y = C2X.

(20)

The teleoperation system is expressed as a convex combi-
nation of polytopes, as shown in (21), since the parameter
dependence of the teleoperation system is affine. Thus
 A(θ) B1 B2

C1(θ) D11 D12

C2 0 0




∈ P :=Co




 Ai B1 B2

C1i D11 D12

C2 0 0


 , i=1, . . . , 4


 . (21)

The gain-scheduling controller of the system is obtained if
there are R and S satisfying linear matrix inequalities (LMIs)
given in (22) at the bottom of the page. In (22), NR and NS




(
NR 0

0 I

)T



AiR + RAT
i RCT

1i B1

C1iR −γI D11

BT
1 DT

11 −γI




(
NR 0

0 I

)
< 0, i = 1, . . . , 4

(
NR 0

0 I

)T



AT
i S + AiS SB1 CT

1i

BT
1 S −γI DT

11

C1i D11 −γI




(
NR 0

0 I

)
< 0, i = 1, . . . , 4

(
N I
I S

)
≥ 0

(22)



CHO et al.: GAIN-SCHEDULING CONTROL OF TELEOPERATION SYSTEMS INTERACTING WITH SOFT TISSUES 951

Fig. 8. (a) Experimental setup for 1-DOF teleoperation. (b) A 1-DOF master
haptic device. (c) A 1-DOF slave device.

denote the bases of the null space of (BT
2 ,DT

12) and (C2, 0),
respectively.

The controller is computed at each vertex of the parameter
polytopes, once R, S, and γ are obtained by solving LMIs [28].
The gain-scheduling controller K(θ), shown in (23), is also a
convex combination of vertex controllers Ki. Thus

K(θ) :
(

AK(θ) BK(θ)
CK(θ) DK(θ)

)

= Co

{
Ki :=

(
AKi BKi

CKi DKi

)
, i = 1, . . . , 4

}
. (23)

IV. EXPERIMENTS

A. Experimental Setup

Experiments are conducted using the two 1-DOF impedance-
type haptic devices, as shown in Fig. 8. Linear motion guide
rails and ball bush bearings are used to restrict the motion to
1 DOF for the master and the slave, respectively, as shown in
Fig. 8(b) and (c). Both the master and slave devices are con-
nected to Maxon DC motors and magneto-resistant encoders
through a wire-driven mechanism. Each motor is controlled
by the servo amplifier (4-Q-DC Servo amplifier ADS), which
enables torque control. A 16-bit D/A interface (National In-
struments PCI-6221) is used to transmit output voltages to
a servo amplifier and to measure the encoder signals. Force
sensors (ATI Mini40 and Nano17 for the master and the slave,
respectively) are attached at the tip of the devices. A 16-bit A/D
interfaces (National Instruments PCI-6034E and PCI-6220) are
used to measure the force sensor signals. um and us, which are
the respective computed torque values for the master and the
slave, are generated in real time by MATLAB Simulink using
Real-Time Windows Target and Real-Time Workshop.

The device parameters are estimated through experiments
based on [31]. The estimated parameters of the master device

TABLE II
DESIGNED WEIGHTING FUNCTIONS FOR CONTROLLER DESIGN

are Mm = 0.90 kg and Bm = 2.99 Ns/m with a friction com-
pensation. The parameters of the slave manipulator are Ms =
0.30 kg and Bs = 1.37 Ns/m with also friction compensation.
The sampling time of the experimental system is 1 kHz. The
phantom tissues 1 and 2 are used as environments, which are
shown in Fig. 2.

To compare performance of the gain-scheduling control,
conventional PP control is also conducted. The conventional
controller is manually tuned based on [5]. The tuned lo-
cal position controllers are Cm = 37.99s + 814.09 and Cs =
37.99s + 814.09 (proportional-derivative-like controller). The
bilateral controllers; the two position controllers, i.e., CB

1 and
CB

4 ; and the two force controllers, i.e., CB
2 and CB

3 , for con-
trolling the information flow between the master and the slave,
respectively, are selected based on transparency-optimized con-
trol law [5]. The local force controllers for the master and the
slave, i.e., CB

5 and CB
6 , are set as zero.

B. Computation of the Gain-Scheduling Controller

The gain-scheduling controller is computed with MATLAB
Robust Control Toolbox [32]. The range of the environment
parameters Benv and Kenv [see (2)] are 0–10 Ns/m and
30–250 N/m, respectively. Designed weighting functions for
the environments and the master and slave devices are rep-
resented in Table II. The upper bound of each environment
parameter is designed based on the preliminary experimental
results with phantom soft tissues shown in Section II-B for
the design of the polytope parameters. The lower bound is
minimally chosen. It is impossible to design a stable gain-
scheduling controller with weighting factors in Table II if the
lower bound of Kenv(xs, n) is chosen as 0 N/m. Both the
position and force scaling factors are set as unity.

The gain-scheduling controller is computed by solving (23).
The performance level for the PP gain-scheduling controller γ
is equal to 0.73 after 52 iterations. The developed PP controller
uses a 12th-order formula. If we set the lower bound of Kenv

to zero, γ increases to 1.00. This means that the overall perfor-
mance is degraded by enlarging the parameter polytope. There
is a tradeoff between performance and parameter polytope size.
In these experiments, the lower bound of Kenv is set to 30 N/m,
which is difficult to discriminate from free environment by any
human operator.

C. Results

1) Interacting With Phantom Tissue 1: The human operator
manipulates the master device voluntarily with a finger tip
while force and position information is measured during the
manipulation. The force and position tracking performances
of various control schemes, for interaction with phantom tis-
sue 1, are shown in Fig. 9. The estimated force with the



952 IEEE TRANSACTIONS ON INDUSTRIAL ELECTRONICS, VOL. 60, NO. 3, MARCH 2013

Fig. 9. Force tracking performances of (a) gain-scheduling PP control and
(b) conventional PP control. Position tracking performances of (c) gain-
scheduling PP control and (d) conventional PP control.

Hunt–Crossley parameters Fest is accurately tracked the mea-
sured force Fs. The controller gain is varied according to the
environment parameters, as shown in Fig. 10. Bode plot of the
computed gain-scheduling controller shows some features such
as CB

1 = Cs and CB
4 = Cm for low frequencies. For PP control

architecture in teleoperation systems, the position tracking ca-
pacity is maintained if CB

1 = Cs + Zs. Since Zs is negligible in
this experimental setup, CB

1 and Cs are designed to have similar
values for maintaining position tracking performance, as shown
in Fig. 9. The gain-scheduling controller, however, satisfies the
other transparency-optimized condition CB

4 = −Cm for low
frequencies only (the minus sign signifies phase inversion).

Fig. 10. Time- and frequency-domain plot of variation of the gain-scheduling
PP controller according to the experiment of phantom tissue 1 (same experiment
with Fig. 9). (a) CB

1 . (b) CB
4 . (c) Cm. (d) Cs.

TABLE III
L2 NORM OF POSITION TRACKING ERROR

TABLE IV
L2 NORM OF FORCE TRACKING ERROR

The proposed gain-scheduling control scheme shows better
position tracking capabilities as compared with the conven-
tional PP controller, as shown in Fig. 9(b). The position tracking
error is computed with L2 norm and compared with the L2

norm of slave position to compute its significance. The gain-
scheduling PP controller shows better performance for both the
absolute value and the error percentage, as shown in Table III.
The force tracking capabilities of the gain-scheduling PP con-
trol, however, shows worse performance than conventional PP
control, as given in Table IV. This is mainly because the cutoff
frequency of the force tracking ability, i.e., Wf , is very low, and
the performance measure cannot take the frequency character-
istics into account. This result will be discussed in Section V-A.

2) Interacting With Phantom Tissue 2: In case of interac-
tions with phantom tissue 2, the position tracking error of the
gain-scheduling PP control is under 10% of xs, as shown in
Table III. The position tracking ability of the conventional PP
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TABLE V
H2 NORM OF TRANSMITTED IMPEDANCE ERROR

Fig. 11. Transmitted impedance to the operator. (a) Gain-scheduling PP
controller. (b) Conventional PP controller. The gain-scheduling PP controller
is more similar with the environment impedance than that with the one using
the conventional controller in spite of large hysteresis.

control is seriously degraded, as shown in Table III, mainly
because of the high stiffness as compared with phantom
tissue 1. These serious position tracking errors of the conven-
tional control schemes result in poor transparency, as shown in
Table V.

V. DISCUSSIONS

A. Human Perception

Impedance matching of transmitted impedance, i.e., Zto,
with environmental impedance, i.e., Ze, is considered as a more
important performance than the force tracking ability [33]–
[35]. This is because impedance contains information about the
changes in the position, force, and mechanical properties such
as the stiffness, viscosity, and inertia. Accurate perception of the
mechanical properties is important to perceive any environment
such as internal organs and tissues precisely. Transparency is
also analyzed by the transmitted impedance and environment
impedance with the aid of a position–force diagram using
frequency-domain analysis.

The gradient of position–force relation usually denotes the
stiffness at various positions. The transmitted impedance using
the gain-scheduling PP controller is much more similar with
the environment impedance than that with the one using the
conventional PP controller, as shown in Fig. 11.

We analyzed the experimental results from a transparency
point of view. It is very difficult to analyze the transparency in
a theoretical way due to the complexity of the gain-scheduling
controller and nonlinear soft tissue environment. The empirical
transfer function estimator (ETFE) is employed to obtain a
relationship between the force and velocity of master Zto and
slave Zenv [27]. Using ETFE, the frequency responses of Zto

and Zenv are drawn, as shown in Fig. 12.
The H2 norm is introduced to measure the transparency in

frequency domain. The H2 norm of the transmitted impedance
error is the root-mean-square error between estimated Zto and

Fig. 12. Empirical transfer function estimates of transmitted impedance to
the operator and environment impedance. (a) Gain-scheduling PP control.
(b) Conventional PP control. The gain-scheduling PP control shows better
transparency up to 2 Hz as compared with the other control schemes.

estimated Zenv and is computed up to the particular frequency
ωc. The normal tremor of a human hand occurs at 8–12 Hz
[36], and 2 Hz is considered reasonable in the microsurgical
applications since the surgeons carry out the surgery with very
slow and careful movements [26], [37]. Hence, ωc is set to
2 and 8 Hz. In case of phantom tissue 1, the H2 norm of the
transmitted impedance error within 2 Hz of the gain-scheduling
PP control is 0.96 dB, as shown in Table V. Because 0.96 dB is
equivalent to 11.6% difference, it is hard to recognize the differ-
ence according to the Just Noticeable Difference (JND) of stiff-
ness (8%–22%) and viscosity (14%–23%) [38], [39]. As shown
in Fig. 12 and Table V, the developed gain-scheduling PP con-
trol shows good transparency for low frequencies. However, the
H2 norm of the transmitted impedance error within 2 Hz of con-
ventional PP control is 4.45 dB, which is equivalent to 66.9%
difference.

In the proposed gain-scheduling control scheme, there is a
large hysteresis, and due to this large hysteresis, the human
operator feels the transmitted force as more sticky and sluggish.
This is because of a phase difference between the master and
the slave force. The cutoff frequency of Wf must, therefore,
be designed at a higher value to minimize this feeling. If Wf

has a high cutoff frequency, however, the magnitude of error
in transparency might be increased. An optimization of these
tradeoffs is, therefore, needed from the human perception point
of view. From the stability point of view, this sticky behavior of
the gain-scheduling controller might arise from the conservative
design of the H∞ controller. Large hysteresis consumes energy
during a cyclic process. The developed gain-scheduling control
scheme is, hence, made more passive by dissipating the energy
in the master side. As shown in Fig 10, Cm has a higher
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Fig. 13. (a) Force and (b) position tracking performances of the gain-
scheduling PP controller with αf = 2 interacting with phantom tissue 1.

magnitude in high frequencies, which is different from CB
4 , so

that the human operator perceives large damping force, and it
prevents high-frequency motion.

B. Effect of Scaling Factors

The effects of the scaling factors, i.e., αf and αp [see
eq. (13)], were analyzed by conducting an experiment with
phantom tissue 1. In the experiment, αf and αp are set as 2
and 1, respectively. All other coefficients in the design of the
controller, except for the scaling factors, are taken as the same
with the values in Section IV.

Experimental results using the developed gain-scheduling
PP controller are shown in Fig. 13. The slave position tracks
the master position well while the master force tracks twice
the force of the slave. The L2 norm of the position track-
ing error is 0.18 × 10−2 m, and it has 19% significant er-
ror. The H2 norm of the transmitted impedance error shows
relative error and is not an absolute performance index.
The transmitted impedance to the operator is computed with
average stiffness in the position–force diagram because of this
reason. The average stiffness of the transmitted impedance
to the operator is 359.8 N/m, which is 205% of the mea-
sured average stiffness of phantom tissue 1 whose stiffness is
175.5 N/m.

C. Effect of Environment Parameter Estimation

It is expected that the estimation performance of environment
parameters Benv and Kenv [see eq. (2)] could affect the per-
formance of the proposed gain-scheduling controller. Experi-
ments, therefore, are also conducted to analyze the effect of
parameter estimation error on the performance of the controller.
The slave interacts with phantom tissue 1 in these experiments.
Fest is, however, computed by the parameters of phantom
tissue 2. There is a considerably large estimation error between

Fig. 14. In case of interacting with phantom tissue 1 when Fest is different
with Fs. Force tracking performance of the (a) gain-scheduling PP control
and the (b) conventional 4CH transparency-optimized control. Position tracking
performance of the (c) gain-scheduling PP control and the (d) conventional 4CH
transparency-optimized control.

Fs and Fest, as shown in Fig. 14(a), because of this difference.
The L2 norm of the position tracking error is 0.12 × 10−2 m,
and it has 20% significant error as a result of this estimation
error. The average stiffness of the transmitted impedance to the
operator is 656.2 N/m, which is similar to the measured average
stiffness of phantom tissue 2.

The estimation error Ferr does not affect the slave dynam-
ics because Ferr is considered as a disturbance in the gain-
scheduling PP controller. Fm tracks the estimation force Fest

at the master side. This experimental result agrees with the
discussion about the effects of Ferr.
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The estimated environment force, however, may be applied
in the 4CH control architecture as a slave force. The 4CH
transparency-optimized controller transmits the impedance of
the environment accurately. We have also conducted experi-
ments for analyzing the effect of estimation error with previous
experimental conditions. The L2 position tracking error is
0.36 × 10−2 m, which has 60% significant error, as shown in
Fig. 14(b). The average stiffness of the transmitted impedance
to the operator is 347.1 N/m, which is almost half of the
measured average stiffness of phantom tissue 2.

The 4CH transparency-optimized control with Fest shows
less performance as compared with the performance of the
proposed gain-scheduling PP controller. However, the 4CH
transparency-optimized controller with estimated force illus-
trates less sticky and sluggish behavior as compared with the
gain-scheduling controller. In addition to this result, it is also
a well-known fact that the transparency-optimized control law
has no stability margin.

D. Contributions of the Paper

We would like to summarize the contributions of this paper
as follows.

1) A suboptimal control of teleoperation system without
force sensor: A novel control method is developed for a
teleoperation system without force sensor. Robust stabil-
ity and performance are optimized with the nominal tele-
operation system model. Both position and force tracking
performances are analytically optimized with induced L2

norm. The controller is automatically computed by the
H∞ technique. Gain tuning is substituted by designing
weighting factors of performance indices.

2) Consideration of the viscoelastic soft tissues: The nonlin-
earity of viscoelastic soft tissues is accurately captured by
the Hunt–Crossley model. This nonlinearity is completely
considered in the control design process by quasi-linear
parameter-varying modeling. Position tracking ability is
always important in telesurgery, whether it is in free
motion or not. This is slightly different from the previous
definitions of performance. Because of the robustness
of the gain-scheduling controller, the position tracking
ability is maintained despite the presence of a modeling
error. This characteristic is very important to maintain the
safety of patients during telesurgery.

3) Quantitative comparison of experimental results: The
developed controller is compared with the conventional
controller using performance measures, and the results
are analyzed in a quantitative manner. Transparency is
hardly used for the comparison of experimental results in
previous studies. We compute the impedance values with
ETFE.

E. Limitations of the Paper

We, finally, would like to point out a few limitations of the
proposed control scheme. First, the control scheme requires
a priori knowledge of soft tissue characteristics and parameters.
This could be a very strict requirement for real telesurgi-

cal cases. However, there is no control design guideline for
telesurgical systems without force sensors. As we have shown
in the experimental results, the performance of the general
PP controller is not satisfactory. Therefore, we introduced a
strong assumption to obtain acceptable results as this is not
the main focus of our paper. The results obtained in our paper
can, however, be generalized and made more feasible using
inspirations from relevant literature, which estimate the soft
tissue characteristics without any a priori knowledge.

It is also necessary to know the information as to whether
the end-effector (e.g., surgical tool for telesurgery) of slave
has made a contact with the environment or not. If there is
no contact, Kenv and Benv have the minimum values. This
limitation could be avoided with alternative sensors such as
proximity sensor, vision sensor, and so on.

Limited backdrivability of the proposed controller, addition-
ally, could decrease teleoperation performance. Ferr cannot
affect the human operator because we select the force tracking
error as Fm − αf F̂s. This characteristic implies that the devel-
oped control system is not backdrivable. If we select the force
tracking error as Fm − αfFs, the system is backdrivable with
an unsatisfactory level of performance. This problem could be
addressed with an optimized design of the parameter polytope,
and it is our future topic of research.

VI. CONCLUSION

Optimal control design of the teleoperation system is still a
challenging problem, particularly for systems interacting with
soft tissues. If force measurement is not available in the slave
side, it gets more difficult to design the controller that satisfies
performance objectives. In this paper, we tried to address these
issues and attempted to develop a suboptimal controller that
guarantees robust stability and robust performance of teleop-
eration systems.

The nonlinear characteristics of soft tissues are expressed
with an affine combination of linear models within a predefined
parameter polytope. Then, the gain-scheduling control scheme
is adapted to develop an optimized controller while guar-
anteeing robust stability. By employing frequency-dependent
weighting functions and control objectives, we can compute a
suboptimal controller for force sensorless teleoperation systems
interacting with viscoelastic soft tissues.

The newly developed gain-scheduling control is validated
with quantitative experimental results. The conventional PP
controller is designed based on the guidelines given in [5]
to compare with the previous research. The developed gain-
scheduling PP control scheme shows good tracking ability
and high transparency for varied experimental conditions. The
transmitted impedance error is minimized for frequency ranges
up to 8 Hz. The error in the transmitted impedance is sig-
nificantly lower as compared with the conventional control
schemes for frequencies less than the highly recommended fre-
quency of 2 Hz in telesurgery, which shows the effectiveness of
this control for telesurgical applications. We also discussed the
results with various aspects such as human perception, scaling
factor, and estimation error. The remaining open problems will
be subjects of future work.
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