
Advanced Robotics 25 (2011) 1577–1601
brill.nl/ar

Full paper

Effect of Scaling on the Performance and Stability of
Teleoperation Systems Interacting with Soft Environments

Hyoung Il Son a,∗, Tapomayukh Bhattacharjee b and Hideki Hashimoto c

a Department of Human Perception, Cognition and Action, Max Planck Institute for
Biological Cybernetics, Tübingen, Germany

b Cognitive Robotics Center, KIST, Seoul 136-791, South Korea
c Institute of Industrial Science, The University of Tokyo, 4-6-1 Komaba, Meguro-ku,

Tokyo 153-8505, Japan

Received 3 August 2010; accepted 7 September 2010

Abstract
There is generally a tradeoff between stability and performance in haptic control systems. Teleoperation
systems with haptic feedback are no exception. Scaling in these systems used in applications such as tele-
microsurgical systems has further effects on the stability and performance. This paper focuses on those
applications interacting with soft tissues and analyzes the effects of the scaling in an effort to increase the
performance of these systems while maintaining the stability. Position tracking and kinesthetic perception
are especially important in the tele-surgical systems and, hence, are used as the performance criteria. Quan-
titatively defined stability robustness, which is based on Llewellyn’s absolute stability criterion, is used as
a metric for stability analysis. Various choices of scaling factors, and human and environment impedances
are then investigated. The proposed kinesthetic perception concept is validated using psychophysical exper-
iments. Widely used bilateral control architectures such as the two-channel position–position, two-channel
force–position and four-channel controls are specifically analyzed and evaluated using simulations and ex-
periments with phantom soft tissues. Results also show that the force–position control architecture shows
the best position tracking performance irrespective of the scaling factors while the four-channel controller
shows the best kinesthetic perception capability.
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1. Introduction

Teleoperation has been used in many applications, including hazardous environ-
ments [1], space applications [2], underwater environments [3], production [4] and
medicine [5]. Position and force scaling is often necessary between the master and
the slave in many applications [6, 7]. A teleoperation system with scaled-up power
is efficient for the manipulation and assembly of heavy materials and parts in pro-
duction applications [8]. Position control accuracy can be also increased by scaling
down the position in micro-assembly and microsurgery [8–10].

In tele-microsurgery, the position tracking ability of the slave robot is a fun-
damental performance index. In addition, microsurgical applications require tasks
and skills like micro-positioning, making incisions, micro-dissections and suturing
small vessels, which in turn require precise detection, and discrimination abilities
for effective performance, and are also important for reducing injury and trauma
[11–13]. Hence, enhancement of human perception, including detection and dis-
crimination abilities, is very important for these applications. However, this aspect
has been neglected in deriving many such performance indices that have been used
in the literature to date based on different considerations. Therefore, in this paper,
the detection and discrimination of dynamical changes in the environments are for-
mulated as an index of kinesthetic perception [14], and also used as the second
performance criteria.

For teleoperation systems interacting with soft environments, fidelity was pro-
posed by Cavusoglu et al. as a more effective performance objective than that of
transparency, based on the claim that information about the relative changes of
environment impedance is more important for interactions with soft tissues than
knowledge of the environment impedance alone [12]. However, fidelity, which is
their performance objective, is different from the idea of the discrimination ability
based on the concept of Weber’s Law. In addition, their work does not help to in-
crease the detection ability for microsurgical environments. Gersem et al. [13] only
considered the enhancement of the sensitivity to environmental stiffness and tried
to increase the relative changes in the stiffness for teleoperation systems. However,
the experimental results are suboptimal and not sufficient to support the claim of
the enhancement of stiffness perception. Reproducibility and operationality have
been analyzed as possible metrics to measure the transparency by Iida and Ohniski
[15] but their approach, which is based on transparency-related performance in-
dices, is fundamentally different from our proposed performance indices required
to quantify the detection ability, the discrimination ability, and the kinesthetic per-
ception of an operator for soft environments in a teleoperation system. Therefore,
by using these metrics defined in Ref. [15], it will be difficult to measure the opera-
tor’s perception abilities, such as to determine how well the operator can detect and
discriminate soft tissues. The difference between the transparency-based control
method and the perception-based control method is presented in detail in Ref. [16].
Malysz and Sirouspour have also redefined transparency objectives to enhance the
stiffness discrimination threshold by including nonlinear and linear filtered map-
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ping between the master and the slave [17]. According to their approach, the product
of the position scaling factor and the force scaling factor, which is expressed as
k−1

p kf in their paper, has to be designed as greater than 1 to increase the discrimina-
tion ability. However, this decreases the stability robustness [14]. Also, their work
is only applicable when a force channel is used in bilateral controllers, but it is diffi-
cult to use slave-side force sensors in telesurgical or tele-microsurgical applications
[12]. In addition, their approach did not guarantee enhancement of the detection
ability.

The effects of position and force scaling on the kinesthetic perception, position
tracking and stability of the scaled teleoperation are studied in this paper. Absolute
stability [18] is used for the stability robustness analysis, which is a less conser-
vative condition compared to passivity. Effects of the operator or surgeon and the
environment impedances are also analyzed at the level of stability robustness. New
quantitative indices are proposed to measure the effects of control parameters on the
performance and stability robustness of the scaled teleoperation systems interacting
with soft tissues. The developed methods are evaluated and compared in terms of
the position tracking ability, kinesthetic perception and stability robustness using
popular types of bilateral control architectures, including the two-channel position–
position (PP), two-channel force–position (FP) and four-channel (4C) controls. This
paper extends the original idea [19] to deal with the 4C control and also includes a
discussion of additional experimental results. Experiments are then conducted with
phantom soft tissues based on the PP, FP and 4C controls, and results verify the
theoretical analysis of effects of scaling factors on performance and stability.

2. System Modeling, Performance and Stability

2.1. Scaled Teleoperation System

A two-port network model of a scaled teleoperation system is illustrated in Fig. 1.
The human operator and the environment are modeled as second-order linear time-
invariant impedance models, Zh = mhs + bh + kh/s and Ze = mes + be + ke/s,
respectively. mi, bi and ki (i = h, e) represent the inertia, viscosity and stiffness of
the human operator and the environment, respectively, and f ∗

h denotes the intended
force input of the human operator.

The two-port network model shown in Fig. 1 consists of the master, the slave,
a bilateral controller, and the scaling and communication channels. Relations
among these components can be expressed using a hybrid matrix [18, 20]. The
hybrid matrix is defined as:[

fm
−ẋs

]
= H

[
ẋm
fs

]
=

[
h11 h12
h21 h22

][
ẋm
fs

]
, (1)

where fm and ẋm denote the force and the velocity at the master, while fs and ẋs
are the force and the velocity at the slave, respectively.
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Figure 1. Two-port network model of a scaled teleoperation system.

Impedance transmitted to the human operator, Zto, is derived using the hybrid
matrix parameters as:

Zto = h11 + (h11h22 − h12h21)Ze

1 + h22Ze
. (2)

The position and force scaling factors are defined as Sp and Sf, respectively.
Scaling laws for the position and the force are defined as xs = Spxm and fm =
Sffs, respectively. The hybrid matrix, therefore, becomes (3) in the case of perfect
transparency [21]:

Htransparency =
[

0 Sf
−Sp 0

]
, (3)

and then Zto simplifies to SpSfZe.

2.2. Performance: Position Tracking

Position tracking ability is evaluated in terms of the difference in the position be-
tween the master and the slave when there is no contact with the environment.
Hence, position tracking is defined as:

position tracking = xm − xs/Sp

fm

∣∣∣∣
fe=0

= 1

h11

(
1 − h21

Sp

)
. (4)

A performance index for the position tracking is defined quantitatively as:

PItracking =
∥∥∥∥Wtracking

1

h11

(
1 − h21

Sp

)∥∥∥∥
2
, (5)

where Wtracking is a low-pass weighting function with a cut-off frequency ωc,tracking.
Selection of ωc,tracking depends on a particular application of the scaled teleopera-
tion system. Since the normal tremor of a human hand occurs at 8–12 Hz [22],
the ωc,tracking is to be less than 8 Hz. A value of 2 Hz for ωc,tracking can be some-
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times considered reasonable in microsurgical applications since surgeons carry out
surgery with very slow and careful movements [23, 24].

2.3. Performance: Kinesthetic Perception

Two types of thresholds are defined for perception based on the detection and dis-
crimination of the kinesthetic stimuli in psychophysics [23, 25]. First, the absolute
threshold (AL; absolute limen) is defined as the smallest amount of stimulus to pro-
duce a sensation in a detection task. This implies that the intensity of the stimuli has
to be larger than the AL for it to be detected. The second is the difference threshold
(DL; difference limen) which is defined as the smallest amount of stimulus change
required to produce a change in sensation in a discrimination task. The linear re-
lationship between DL and the stimulus intensity is known as Weber’s law [25],
and their ratio, which is defined as the DL over the initial intensity of the stimu-
lus, is a constant more commonly known as the just noticeable difference (JND).
Therefore, the discrimination ability, expressed in terms of the JND, varies with the
reference stimulus intensity. Lower AL and JND values imply that detection and
discrimination are relatively easier.

Impedance of the environment, Ze, is the most important stimulus to perceive
dynamic changes in the environment in telesurgery involving interaction with soft
tissues [12, 14]. A kinesthetic perception region is defined in this paper to indicate a
set of perceivable impedance levels of the environment based on AL, DL and JND.
The kinesthetic perception region is illustrated in Fig. 2 [14, 19]. For example, it
is impossible to detect Z1

0 because it is smaller than AL. In addition, Z2
�t cannot

be discriminated from Z2
0 because �Z2 is smaller than DL. However, it is possible

to perceive Z3
0 and Z3

�t because they satisfy the conditions of AL and DL. There-
fore, the impedance transmitted to the human operator, Zto, has to be located in the
kinesthetic perception region to perceive the environment effectively. A larger area
of kinesthetic perception region means better perception of the environment.

Figure 2. Kinesthetic perception region.
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To compare the kinesthetic perception region quantitatively, two types of perfor-
mance metrics are defined. First, the metric related to AL is defined in:

Mdetection =
∥∥∥∥Wperception

Zto

Ze

∥∥∥∥
2
, where

Zto

Ze
= h11h22 − h12h21 + h11Z

−1
e

1 + h22Ze
, (6)

where Wperception is a low-pass weighing function. The cut-off frequency ωc,perception
of Wperception also depends on a particular application of the teleoperation system.
Equation (6) represents the performance index for a detectable region, i.e., the de-
tection ability.

The second metric related to JND, defined in (7), indicates the region in which
stimuli can be discriminated, i.e., the discrimination ability:

Mdiscrimination =
∥∥∥∥Wperception

�Zto/Zto

�Ze/Ze

∥∥∥∥
2
,

where
�Zto/Zto

�Ze/Ze
= −h12h21 + Ze

(1 + h22Ze)[h11 + (h11h22 − h12h21)Ze] . (7)

Finally, a quantitative performance index for the kinesthetic perception is defined
in (8) using (6) and (7). The shaded area in Fig. 3 represents the index given in (8)
[14, 19]:

PIperception = (1 − α) · (1 − β),

where α = 1

1 + Mdetection
and β = 1

1 + Mdiscrimination
. (8)

The performance index of kinesthetic perception reaches unity in the case of
ideal kinesthetic perception, which implies that the human operator can detect any
magnitude of impedance and discriminate any changes in the impedance.

Figure 3. Performance index for kinesthetic perception.
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2.4. Stability

Passivity analysis is a common approach to analyze the stability of a system. It
guarantees the system stability coupled with the passive human operator and the
environment. The net energy is calculated, which is the difference between the input
energy and the output energy, and the system is passive if this difference is positive.

The operator dynamics, though passive, is generally adaptive and changing while
the environment impedance is either unknown or inadequately modeled. Stability
analysis based on the two-port network model of the scaled teleoperation system
alone rather than the whole system including the operator and the environment is
therefore more appropriate. When the two-port network of a teleoperation system
remains stable under all possible uncoupled passive terminations, the teleopera-
tion system is said to be absolutely stable. Absolute stability is used in this paper
to analyze and evaluate the stability robustness of the scaled teleoperation sys-
tem. Absolute stability is a less conservative condition when compared to passivity.
Llewellyn’s criterion for absolute stability is expressed in terms of immittance ma-
trix parameters as follows [18, 26]:

• h11 and h22 have no poles in the right half plane.

• Any poles of h11 and h22 on the imaginary axis are simple with real and positive
residues.

• For all the real values of ω, we have:

�(h11) � 0

�(h22) � 0 (9)

2�(h11)�(h22) − �(h12h21) − |h12h21| � 0.

The last condition in (9) can be expressed as:

η = − cos(� h12h21) + 2
�(h11)�(h22)

|h12h21| � 1. (10)

Stability robustness is analyzed and evaluated by defining η as the stability index
[27]. However, it is difficult to compare the different levels of stability robustness
quantitatively because this parameter varies over frequency. Therefore, a new metric
is defined in this paper for quantitative analysis as illustrated in Fig. 4. First, the
stability bandwidth is defined in (11), which refers to the maximum frequency that
will maintain the system as stable. The stability robustness is, then, defined in (12)
using the stability bandwidth:

ω
stability
bandwidth = max{ωk | ∀ω � ωk,η(ω) � 1} (11)

stability robustness =
∫ ω

stability
bandwidth

0
[η(ω) − 1]dω. (12)

The stability index, defined in (10), does not include the human operator and
environment impedance terms. However, a less conservative stability condition can
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Figure 4. Performance index for stability robustness.

Figure 5. Extended two-port network model of a teleoperation system.

be derived by assuming the human operator and the environment are passive [27–
29].

Therefore, the extended two-port network model of the scaled teleoperation sys-
tem, shown in Fig. 5, can be used to extend the stability index of (10) to include
the human operator and the environment impedances. First, the value represent-
ing the human operator impedance is divided into the actual maximum impedance
of the human operator, Zh,max, which has a finite magnitude, and the nominal
impedance of the human operator, Zh,inf, with infinite magnitude. The environment
impedance can also be divided into the actual maximum impedance Ze,max and the
nominal impedance Ze,inf [27].

Considering the extended two-port network Nfinite shown in Fig. 5, the following
new hybrid matrix form can be derived:

[
fm

−ẋ′
s

]
=

[
h′

11 h′
12

h′
21 h′

22

][
ẋ′

m
fs

]
. (13)
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Here, (1) represents the hybrid matrix form of the two-port network Ninfinite.
Given ẋm = ẋ′

m −fm/Zh,max and ẋ′
s = ẋs −fs/Ze,max, (1) takes the following form:

[
fm

−ẋ′
s − fs

Ze,max

]
=

[
h11 h12

h21 h22

][
ẋ′

m − fm
Zh,max

fs

]
. (14)

The new hybrid matrix form becomes:

[
fm

−ẋ′
s

]
=

[ h11Zh,max

Zh,max+h11

h12Zh,max
Zh,max+h11

h21Zh,max

Zh,max+h11
h22 − h12h21

Zh,max+h11
+ 1

Ze,max

][
ẋ′

m
fs

]
. (15)

Assuming that the performance of the scaled teleoperation system becomes
transparent, implying that h11 is much smaller than Zh,max, the new hybrid matrix
form is finally expressed by:

[
fm

−ẋ′
s

]
=

[
h11 h12

h21 h22 − h12h21
Zh,max

+ 1
Ze,max

][
ẋ′

m
fs

]
. (16)

A new stability index ηextended can be derived from (16), using the stability index
defined in (10), as:

ηextended = − cos(� h12h21) + 2
�(h11)

|h12h21|
{
�(h22) + �

(
1

Ze,max

)}

+ 2
�(h11)

|Zh,max| cos

(
� −h12h21

Zh,max

)
. (17)

Consequently, the effects of the human operator and the environment impedances
on the robustness of the stability can be analyzed and evaluated using the extended
stability index (17).

3. Effect of Scaling Factors

Generalized 4C control architecture for a scaled teleoperation system is shown
in Fig. 6. The master and the slave are modeled as the second-order linear time-
invariant (LTI) impedance models Zm and Zs, respectively; Cm and Cs represent
the position controllers of the master and the slave, respectively. In addition, C1
and C3 are the position and force controllers from the master to the slave, respec-
tively, and C2 and C4 are the position and force controller from the slave to the
master, respectively. In the scaling channel, Sp and Sf represent the position and
force scaling factors, respectively. Finally, the time delay T in the communication
channel is defined as e−sT .
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Figure 6. Generalized 4C control architecture with scaling and communication channel.

3.1. PP Control Architecture

PP control architecture is an architecture in which only the position information is
transmitted between the master and the slave (i.e., C2 = C3 = 0). The hybrid matrix
for PP control architecture is derived from Fig. 6:

H =
[

ZcmZcs+C1C4e−2sT

(1+C6)Zcs

−S−1
p C4(1+C5)e−sT

(1+C6)Zcs

−SpC1e−sT

Zcs

1+C5
Zcs

]
. (18)

The transmitted impedance to the operator Zto is formulated using (2) and (13)
as:

Zto = ZcmZcs + C1C4e−2sT + (1 + C5)ZcmZe

(1 + C6)[Zcs + (1 + C5)Ze] . (19)

The first analysis of the PP control architecture involves position tracking. The
derived equation for position tracking (1 − h21/Sp)/h11 is:

1

h11

(
1 − h21

Sp

)
= (1 + C6)(Zcs + C1e−sT )

ZcmZcs + C1C4e−2sT
. (20)

As shown in the numerator of (20), the accuracy of position tracking is not af-
fected by the position scaling factor Sp. Additionally, decreasing the local force
gain of the slave, C6, also increases the accuracy of the position tracking.

In the case of kinesthetic perception, because Zto does not contain any scaling
factors as written in (19), Mdetection is not affected by the scaling factors. In addition,
h12h21, as derived in (21), contains no scaling factors:

h12h21 = C1C4(1 + C5)e−2sT

(1 + C6)Z2
cs

. (21)
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As a result, there are no effects of the scaling factors on the kinesthetic perception
of the PP control architecture because h11 and h22 do not contain scaling factors.
In the same manner, scaling factors do not affect the stability robustness of the PP
controller, as shown in (10).

In the case of the extended stability index ηextended, a lower magnitude of Ze,max
makes the stability more robust. Essentially, lower Zh,max value also increases sta-
bility robustness. However the stability bandwidth is decreased when Zh,max is
increased because cos(� −h12h21) has a negative value at high frequencies.

3.2. FP Control Architecture

FP control architecture is an architecture where only the position information from
the master to the slave and the force information from the slave to the master are
available (i.e., C3 = C4 = 0). Equation (22) expresses the hybrid matrix of the FP
control architecture:

H =
[

Zcm
1+C6

SfC2e−sT

1+C6
−SpC1e−sT

Zcs

1+C5
Zcs

]
. (22)

By substituting (22) into (2), Zto is derived as:

Zto = ZcmZcs + [(1 + C5)Zcm + SpSfC1C2e−2sT ]Ze

(1 + C6)[Zcs + (1 + C5)]Ze
. (23)

Position tracking is formulated using (24). The position scaling factor Sp does
not affect the position tracking accuracy of the FP controller similar to the PP con-
trol architecture. However, the FP control architecture has better position tracking
compared to the PP control architecture as the denominator of (1 − h21/Sp)/h11
for the FP controller is larger than that of the PP controller when ZcmZcs �
ZcmZcs + C1C4:

1

h11

(
1 − h21

Sp

)
= (1 + C6)(Zcs + C1e−sT )

ZcmZcs
. (24)

The first metric of the kinesthetic perception, Mdetection, is increased with the
increase of the product of scaling factors, SpSf > 1. This can be seen from (23). Ad-
ditionally, given that h12h21 is formulated by (25), Mdiscrimination is also increased
as SpSf increases. As a result, the kinesthetic perception region under the FP control
architecture is increased with the increase of SpSf:

h12h21 = −SpSfC1C2e−2sT

(1 + C6)Zcs
. (25)

However, the stability robustness will be decreased because |h12h21| increases
with an increase in the value of SpSf. Therefore, tradeoffs exist between stability
and performance.

The extended stability robustness ηextended is also increased with the decrease of
Ze,max and Zh,max for the same rationale of the PP control architecture.
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3.3. 4C Control Architecture

The hybrid matrix is derived in (26) for 4C control architecture that uses all of the
information pertaining to the position and the force between the master and the
slave:

h11 = ZcmZcs + C1C4e−2sT

(1 + C6)Zcs − S−1
p S−1

f C3C4e−2sT

h12 = SfC2Zcse−sT − S−1
p C4(1 + C5)e−sT

(1 + C6)Zcs − S−1
p S−1

f C3C4e−2sT

(26)

h21 = −S−1
f C3Zcme−sT − SpC1(1 + C6)e−sT

(1 + C6)Zcs − S−1
p S−1

f C3C4e−2sT

h22 = (1 + C5)(1 + C6) − C2C3e−2sT

(1 + C6)Zcs − S−1
p S−1

f C3C4e−2sT
.

First, the effect of the scaling factor on position tracking is analyzed. The numer-
ator of (1 − h21/Sp)/h11 has a SfC2e−sT term. Therefore, the accuracy of position
tracking is increased with the increase of the force scaling factor. However, the po-
sition tracking accuracy of the 4C controller is inferior to that of the PP and FP
controller as there are additional terms that are absent in the PP and FP controller,
but present in the 4C controller in the numerator of (1 − h21/Sp)/h11.

For kinesthetic perception, the first metric Mdetection increases with the increase
in SpSf, as the numerator of Zto/Ze contains SpSfC1C2e−2sT , which also applies to
the case of the FP control architecture. In addition, Mdetection increases more than
Mdetection in the FP control architecture with the increase in SpSf, as the denominator
of Mdetection contains −S−1

p S−1
f C3C4e−2sT . Mdiscrimination also increases more in

the case of the FP controller for the same reason as that of Mdetection. Therefore, the
kinesthetic perception region of the 4C control architecture is enlarged more than
that of the FP control architecture with an increases in SpSf. Finally, the stability
robustness also decreases with an increase in SpSf, as in the case of the FP control
architecture. Also, the stability margin is decreased with increasing time delay and
increased stiffness of the environment for 4C control architecture as well as PP
and FP control architecture; however, the analyses of those aspects are not the main
focus of our work as it is already widely known and hence accepted in contemporary
work.

4. Psychophysical Experiment

Psychophysical experiments have been conducted to explain the physical meaning
of the proposed kinesthetic perception, and to show its effectiveness in comparing
the detection and discrimination abilities of human operators for different force
feedback schemes.
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4.1. Participants

For both these experiments, six subjects of different backgrounds and gender,
falling in the age group of 21–29 years, are chosen to maintain the generality of
the experiments. Two of them are from a technical background with no knowledge
of haptics or psychophysics, while the others are familiar with haptics. Five of the
subjects are males while one is female. All of the subjects are right-handed by self-
report.

4.2. Apparatus

Two kinds of psychophysical experiments are conducted. One of them is the test
of detection ability while the other is the test of discrimination ability. The ex-
perimental setup is shown in Fig. 7. The human subject manipulates the master
device, which is a PHANToM Premium in this case. The virtual slave manipulator
is interacting with a virtual wall as the environment. The teleoperation setup is im-
plemented using Visual C++, and GUIs for detection test and discrimination test
have been made to interact with the virtual environment as shown in Fig. 8a and b,
respectively.

Figure 7. Experimental setup for psychophysics experiments.

(a) (b)

Figure 8. Graphical user interface (GUI) for psychophysics experiments: (a) test of detection ability
and (b) test of discrimination ability.
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For the detection test, as shown in Fig. 8a, there is one virtual wall and the sub-
jects are asked to respond as to whether they can detect the wall or not. The default
color of the wall is red, but it turns blue as soon as the end-effector of the virtual
slave manipulator touches the wall. The discrimination test, however, has two vir-
tual walls. The subjects are asked to discriminate between these two walls based on
the haptic information that is fed back to the subject. The haptic update rate was
fixed at 1 kHz for the PHANToM haptic device. The experiments were designed
according to within-subject design for cost efficiency and maintaining uniformity.

4.3. Procedure

Each subject has to perform the experiments for three different cases where each
case is divided into two series, such as an ascending series and a descending series,
which are generally defined by the method of limits [22]. The three cases differ
according to the different lower limits for the ascending series and different upper
limits for the descending series, and the variable step sizes that vary from case to
case so as to rule out any possibility of intelligent guesses. Also, the cases and the
series are all randomized so as to minimize the human response bias.

All the six trials (three cases × two series) are repeated for the kinesthetic
perception-based control scheme and the transparency-based control scheme to ob-
tain the comparison and verify the efficacy of the developed scheme. These are
repeated for two kinds of force feedback system such as 100% force feedback and
80% force feedback of environment force. Therefore, each subject has to perform
a total of 12 trials for the experiment to test the detection ability as well as another
12 trials for the experiment to test the discrimination ability.

4.4. Method

4.4.1. Test of Detection Ability
The test of detection ability is designed in such a way that a human subject who
is holding the PHANToM is asked to interact with the virtual wall which is known
as the test model and respond as to whether he or she can detect the impedance of
the environment. Each subject has to perform the experiments for three different
cases where each case is divided into two series, such as an ascending series and
a descending series. The three cases differ according to the different lower limits
for the ascending series and different upper limits for the descending series, and
the variable step sizes that vary from case to case so as to rule out any possibility
of intelligent guesses. Also, the cases and series are all randomized so as to mini-
mize human response bias. The points at which the response changes from ‘cannot
detect’ to ‘can detect’ for ascending series or vice versa for descending series are
marked as transition points. The method of limits is used to calculate the AL for the
subjects [25]. According to this method, at first, the average of the transition points
for all the ascending series and the descending series are calculated. Then, the AL
is calculated by taking the mean of the average transition points of both these series.
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4.4.2. Test of Discrimination Ability
The GUI for the test of discrimination ability has two virtual walls — one of which
is called the test model and the other reference model. Each subject is asked to re-
spond if he or she can discriminate between the test model and the reference model.
Every subject has to perform the experiments for three different cases in which
the reference models have three different environment impedances. The reference
model impedances are chosen uniformly such as Ze = 1 + 50/s,Ze = 1 + 200/s

and Ze = 1 + 500/s. For each of these reference models there are two kinds of se-
ries known as an ascending series and a descending series, which is similar to that
of the test of detection. For an ascending series, the initial impedance of the test
model is much lower than that of the reference model. After the subject clicks his
or her response, the test model impedance is increased while the reference model
impedance is kept same and the response is given again. This process goes on un-
til an upper limit is reached. At some point in this process, the human response
changes from ‘less stiff than reference model’ to ‘equal’. This point is marked as
lower limen (Ll). After some more time, a point would come when the response
changes from ‘equal’ to ‘more stiff than reference model’ and this point is marked
as the upper limen (Lu). The series is stopped when an upper limit is reached.

For a descending series, the initial impedance of the test model is, however, much
higher than that of the reference model. As the subject clicks his or her response, the
test model impedance is decreased while the reference model impedance is kept the
same. During the experimental procedure, the response changes from ‘more stiff
than reference model’ to ‘equal’ and ‘equal’ to ‘less stiff than reference model’ at
some points of time. These response transition points are termed Lu and Ll, respec-
tively. The series is stopped when a lower limit is reached. The method of limits is
also used to calculate the JND for the subjects [25]. According to this method, at
first, the average of the upper limen and the lower limen for all the ascending series
and the descending series of each reference model are calculated. Then, the DL is
calculated by taking the difference of the mean of the upper limen and lower limen.
The JND is calculated by taking the ratio of the DL and the reference stiffness.

4.5. Result

The experimental results of psychophysics experiments for test of detection ability
and test of discrimination ability are summarized in Fig. 9 and Table 1 using AL
and JND. JND is calculated using the experimental results of DL and the stiffness
intensity of references, and it is expressed as a percentage in this work. Both the
AL and the JND values are less for 100% force feedback as compared to 80%
force feedback system except for the case of the JND when the stiffness intensity
is 50 N/m, which is an irregular experimental outcome. However, on the whole,
100% force feedback gives better detection and discrimination due to lower AL and
JND values. Therefore, it becomes more difficult to detect and to discriminate soft
environments. This experimental result can be explained easily using the proposed
kinesthetic perception region as shown in Fig. 10. The kinesthetic perception region
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(a) (b)

Figure 9. Experimental results: (a) AL and (b) JND.

Table 1.
Experimental results summary for test of detection ability and
discrimination ability: AL and JND

100% force feedback 80% force feedback

AL (N/m) 16.5 20.22
JND (%) 6.98 12.63

(a) (b)

Figure 10. Kinesthetic perception region of psychophysical experiment results: (a) case of 100% force
feedback and (b) case of 80% force feedback.

of the 80% force feedback system shown in Fig. 10b is smaller than that of the 100%
force feedback system shown in Fig. 10a.

The kinesthetic perception region can be compared quantitatively using the pro-
posed performance index for kinesthetic perception. If it is assumed that both
Mdetection and Mdiscrimination of the 100% force feedback system are 1, Mdetection
and Mdiscrimination of the 80% force feedback system are calculated as 0.81 and
0.55, respectively, using Table 1. Figure 11 shows the quantitative change of kines-
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Figure 11. Change of the performance index for kinesthetic perception in psychophysical experi-
ments.

Table 2.
Experimental results for test of detection ability and discrimination abil-
ity: AL and JND

100% force feedback 80% force feedback

Mdetection 1 0.81
Mdiscrimination 1 0.55
PIperception 0.25 0.16

thetic perception performance based on Table 2. As a result, kinesthetic perception
ability of the 80% force feedback is decreased by about 32.23% when compared
to the 100% force feedback. Therefore, we can quantify and compare the kines-
thetic perception ability of a certain force feedback system with that of the others
using the proposed kinesthetic perception region and the performance index shown
in Figs 4 and 5, respectively.

5. Experimental Results

5.1. Experimental Setup

5.1.1. A 1-d.o.f. Scaled Teleoperation System
An experimental setup, as shown in Fig. 12, was prepared using two 1-d.o.f. me-
chanical devices as the master haptic device and the slave manipulator.

A national Instruments motion controller was used together with a Maxon motor
driving circuit to control the master and slave manipulator through a wire-driven
mechanism. The control algorithm is implemented using MATLAB Simulink and
Real-Time Windows Target Workshop is used to connect MATLAB Simulink with
the control hardware. ATI six-axis force/torque sensors, Mini40 and Nano17, are
attached to the master device and the slave manipulator, respectively, as shown
in Fig. 13. A 16-bit A/D interface is used to input voltages from the force/torque
sensors. The human operator perceives the environment by pushing the handle tip
of the master device. The sampling time of the experimental system is 1 kHz.
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Figure 12. Experimental setup of the 1-d.o.f. scaled teleoperation system.

(a) (b)

Figure 13. Experimental devices: (a) master haptic device and (b) slave manipulator.

Figure 14. Phantom soft tissues.

5.1.2. Phantom Soft Tissues
Phantom tissues were used as the visco-elastic soft tissue environment as shown in
Fig. 14. The characteristics of the phantom tissues are analyzed by measuring the
interacting force and position. Figure 15 shows the stiffness characteristics of the
phantom tissue. Although the stiffness of tissues is nonlinear, the stiffness of every
phantom tissue is calculated under the assumption of linearity for small deflections.
Results are ZT1 = 522.31 N/m and ZT2 = 452.04 N/m for the phantom tissue 1 and
the phantom tissue 2, respectively.
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(a) (b)

Figure 15. Stiffness characteristics of phantom soft tissues: (a) phantom tissue 1 and (b) phantom
tissue 2.

(a) (b)

Figure 16. Force graph in free motion before friction compensation: (a) master haptic device and
(b) slave manipulator.

5.1.3. Identification and Friction Compensation of Master and Slave Devices
Figure 16 shows the Coulomb friction of the master haptic device and the slave
manipulator. Coulomb friction is compensated using estimated device parameters.
The dynamics of the device is expressed as:

Fh(t) = Ma(t) + Bv(t) + Fc sgn(v(t)), (27)

where M , B and Fc are inertia, damping and Coulomb friction of the device, respec-
tively, and these parameters are unknown. These unknown parameters are estimated
using the measured input force of the human operator, Fh(t), and the position, x(t).
In this paper, the least-squares algorithm is used to estimate M , B and Fc. The mas-
ter and slave device were randomly moved for 20 s by a finger, and this procedure
was repeated 10 times. The estimation result is shown in Table 1. With these esti-
mated parameters, feed-forward compensation of Coulomb friction is implemented;
95% of Coulomb friction is compensated using this feed-forward compensator as
shown in Fig. 17 and Table 3.
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(a) (b)

Figure 17. Force graph in free motion after friction compensation: (a) master haptic device and
(b) slave manipulator.

Table 3.
Device identification result

Device Parameters Without friction compensation With friction compensation

Master M (kg) 0.75 0.80
B (Ns/m) 5.05 2.59
Fc (N) 1.52 0.07

Slave M (kg) 0.09 0.09
B (Ns/m) 0.57 0.44
Fc (N) 0.50 0.04

Finally, a local PD controller of the master and the slave is designed based on
Ref. [27], and fine-tuned manually. The tuned controllers are Cm = 33.72s+722.52
and Cs = 3.6372s + 77.94 for the master haptic device and the slave manipulator,
respectively. All experiments were performed using the phantom tissues 1 and 2.
All the experimental results are illustrated using the average values for the phantom
tissues 1 and 2. The force and position scaling factors were chosen accordingly. We
increased only the force scaling factor, Sf, because there is a limitation of workspace
to increase the position scaling factor, Sp. In other words, we fixed the position
scaling factor as 1 and increased the force scaling factor from 1 to several hundreds.
This is valid because only the product of the position and force scaling factor affects
the performance and stability.

5.2. Effect of Scaling Factors on Position Tracking

The experimental results show that the position tracking error decreases with the
increase in the product of the scaling factors SpSf as can be seen in Fig. 18. As we
analyzed in Section 3, this trend is true for all control architectures. The PP control
architecture shows the best position tracking as SpSf is increased.
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Figure 18. Experimental results for position tracking ability of the control architectures corresponding
to the product of scaling factors.

(a) (b)

(c)

Figure 19. Experimental results for kinesthetic perception of the control architectures corresponding
to the scaling factors: (a) detection ability, (b) discrimination ability and (c) kinesthetic perception.

5.3. Effect of Scaling Factors on Kinesthetic Perception

Figure 19 shows the experimental results for the detection ability and the dis-
crimination ability. As with the analyzed results of the kinesthetic perception, the
detection ability and discrimination ability also increase as SpSf increases for the
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(a) (b)

Figure 20. Oscillation of the 4C control architecture with SpSf = 350: (a) position graph and (b) force
graph.

(a) (b)

Figure 21. Oscillation of the FP control architecture with SpSf = 500: (a) position graph and (b) force
graph.

FP and 4C control architectures. However, unlike the previous mathematical analy-
ses that show that the kinesthetic perception of the PP architecture is not affected by
the scaling factors, the experimental results show a slight decrease of the kinesthetic
perception in the PP control architecture with the increase in SpSf. However, this
very slight decrease in the experimental results might be due to some uncertainties
that might be present in the system and is negligible in practical applications.

5.4. Effect of Scaling Factors on Stability

It is apparent that the system becomes unstable with the increase in the product of
the scaling factors SpSf for the FP and 4C control architectures. In the case of the PP
controller, SpSf does not affect the system stability, similar to the analyzed result.
Figures 20 and 21 show unstable phenomenon when SpSf is 350 and 500 for the 4C
and FP control architectures, respectively. It is, however, interesting to note that this
unstable behavior is not divergent in nature, but is a continuous series of oscillations
that are present in the system and can affect the system stability. A further increase
in the scaling factors might lead to divergent instability.

6. Conclusions

The performance and the stability robustness of scaled teleoperation systems inter-
acting with soft tissues have been analyzed in this study. First, position tracking
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and kinesthetic perception are defined as parameters of the performance of the
system. New performance indices are then proposed to evaluate the system per-
formance quantitatively. In addition, a quantitative performance index for stability
was proposed using Llewellyn’s absolute stability criterion to evaluate the stability
robustness and the stability bandwidth. The proposed performance index for kines-
thetic perception is validated using psychophysical experiments.

The effects of scaling factors on the proposed performance indices for position
tracking, kinesthetic perception and stability robustness are analyzed for PP, FP and
4C control architectures. The performance is enhanced and the stability robustness
is decreased with the increase of the product of the scaling factors in the FP and
4C control architectures. In the case of PP control architecture, position tracking is
not affected by the increase of the product of the scaling factors. There is also no
effect of the scaling factors on the kinesthetic perception and stability robustness.
The FP control architecture shows the best position tracking among the three kinds
of controllers regardless of the scaling factors. The 4C controller shows the best
kinesthetic perception. It is also shown that the stability robustness increases and
the stability bandwidth decreases as the environment and the operator impedances
become smaller.

Experiments are conducted using two kinds of phantom tissues that verify the
existing tradeoff, and indicate that the performance of the position tracking and the
kinesthetic perception increase while the stability decreases with the increase of the
scaling factors. Results also show that the FP control architecture shows the best
position tracking among the three kinds of controllers, regardless of the scaling
factors, while the 4C controller shows the best kinesthetic perception. Therefore,
based on the application-specific requirements, it is suggested to use the FP control
architecture for maximum position tracking ability in applications that require the
highest accuracy, but the 4C control architecture if the best kinesthetic perception
is desired in applications that require minute detection and discrimination skills.

Based on the above results for analyses of performance, stability and scaling
factors, our future work will focus on designing task-specific controllers for appro-
priate scaled applications and their requirements.
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