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Abstract—This paper presents an admittance controller based
on the passivity theory for a powered upper-limb exoskeleton
robot which is governed by the nonlinear equation of motion.
Passivity allows us to include a human operator and environmental interaction in the control loop. The robot interacts with
the human operator via F/T sensor and interacts with the environment mainly via end-effectors. Although the environmental
interaction cannot be detected by any sensors (hence unknown),
passivity allows us to have natural interaction. An analysis shows
that the behavior of the actual system mimics that of a nominal
model as the control gain goes to infinity, which implies that
the proposed approach is an admittance controller. However,
because the control gain cannot grow infinitely in practice, the
performance limitation according to the achievable control gain
is also analyzed. The result of this analysis indicates that the
performance in the sense of infinite norm increases linearly with
the control gain. In the experiments, the proposed properties
were verified using 1 degree-of-freedom testbench, and an actual
powered upper-limb exoskeleton was used to lift and maneuver
the unknown payload.

(a)

Index Terms—Admittance control, passivity-based control,
powered upper-limb, exoskeleton

I. I NTRODUCTION

I

N recent decades, various types of exoskeletons (or wearable robots) have been developed for various purposes
[1]–[5]. Among them, carrying heavy payloads is one of the
most relevant applications in the industries. Fig. 1 shows
a powered upper-limb exoskeleton robot developed to carry
arbitrary heavy payloads.
The main scenario considered in this study, which is typical
of industrial applications, involves the operator approaching
and lifting a payload of unknown mass (of up to 50 kg) and
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Fig. 1. Powered upper-limb exoskeleton robot for carrying heavy payloads. (a)
A mock-up of the workplace where the robot will be used. (b) The descriptions
of left arm. The highlight (red dashed outline) shows details of the second
joint; the other joints are similar.

then moving it to another location.1 A pneumatic suction pad
on the end-effector adheres to the payload, where an air pump
is used to create a vacuum. The mass of the payload, which
is not known, varies from 10 to 50 kg (i.e., up to 25 kg for
each arm). During the operation, the robot interacts with the
environment as well as the human operator. The interaction
1 To accommodate a larger workspace, the actual system includes additional
elements such as horizontal passive joints and a waist joint. These elements
were neglected in the present study because they are irrelevant to the main
theme of the paper.
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with a human operator can be measured by a F/T sensor
attached to the handle. Interactions with the environment,
which cannot be detected by any sensor, mainly occur when
the suction pad attaches to or releases the payload.
There are two major difficulties in accomplishing the scenario. The first one is that the robot dynamics is significantly affected by the inertia of the payload, which is not
known. Hence, the robot dynamics should be treated to be
unknown. The second one is the absence of the force sensor
that measures (or detects) the interaction between the robot
and environment. Recall that, in our scenario, environmental
interaction occurs at the suction pad when attaching to or
releasing a payload. Due to the lack of information, realizing
natural interaction with the environment becomes nontrivial.
In this paper, these difficulties are alleviated using a
passivity-based nonlinear admittance controller of which control structure is constructed by feedback interconnection of
passive subsystems. Passivity is employed to account human
and environmental interaction in the control loop. Nonlinear
admittance control scheme is employed to capture model
uncertainty arises from uncertain nonlinear robot dynamics.
It should be noted that stability is guaranteed by passive
structure of the controller without knowing the system model.
Therefore, unknown mass does not impact stability.
This paper is organized as follows. In Section II, the
problem formulation is stated and related works are reviewed.
After introducing the standard admittance controller in Section
III, the proposed control scheme is presented in Section IV
with theoretical justification in Section V. In Section VI, the
proposed method is verified using a 1 Degree of Freedom
(DoF) testbed. In Section VII, the experimental results with
the powered upper-limb exoskeleton are presented. Section
VIII presents the conclusions of this study. This study is the
extension of the works presented in [6], [7]. Compared to
them, this paper presents a more complete form of the control
structure which is more appealing in the passivity point of
view, and introduces additional theorem (Theorem 1 in this
paper) that states input-output (I/O) stability.
II. P ROBLEM S TATEMENT AND R ELATED W ORK
A. Problem Statement (controller specification)
When the ideal friction-free robot is supporting a light
payload, joint damping plus gravity compensation control can
be used to allow the human operator to easily operate the robot.
Assuming passive environment, as far as a human operator
injects the finite energy, the controlled robot will dissipate the
energy obtained from the human operator.
In practice, however, to achieve high torque capability, the
robot is actuated with electric motors with high-ratio reduction
drives (354:1 for the first and third joints, and 600:1 for the
second joint; see Fig. 1b).2 The reduction drives not only
amplify reflected inertia, but also introduce significant joint
frictions (in our setup, greater than 15 Nm is required in
2 In fact, the robot model is almost linear w.r.t. joint angles due to the high
reduction ratio. However, this paper employs nonlinear techniques as the task
space dynamics (which is of our final interest) is still highly nonlinear [8], as
will be presented in Section VII-A.

each joint to overcome the stiction). Consequently, it becomes
difficult to operate the robot for human operators. The situation
becomes worse when a heavy payload is being supported.
The presence of the payload further increases the inertia (or
mechanical impedance) of the robot. In addition, although the
gravity compensation for the payload weight is essential, it is
infeasible because the payload is unknown. Moreover, because
of the computational, communication, and, most importantly,
cost burdens (including potential maintenance cost), we limited the sensors used: in addition to the joint encoders, F/T
sensors at the handles are available to measure the user interaction force. Due to the lack of sensory information, interaction
with the environment (which occurs when attaching/detaching
the payload) cannot be detected.
To summarize, the control should satisfy the following
requirements:
•
•

•

stability is maintained in the presence of human operator;
natural interaction is maintained during the unknown
interactions (due to the sensorless setup) with a passive
environment;
the actual robot model is not required while overcoming
the effects of high-ratio reduction drives and unknown
payloads.

To match all these requirements, this paper proposes a
passivity-based nonlinear admittance controller that makes
the actual robot behave like a user-defined nominal model.
Because the nominal model can be chosen freely, ideally
speaking, we can make the system to have low inertia, and
to be free of joint friction and gravity. Consequently, by
setting zero stiffness for the admittance filter of the admittance
controller, the robot can be easily operated by human input.
Human operator and environment are incorporated in the
control loop using the passivity theory.

B. Related Work
The control problem can be simplified if rich sensory
information is available. For example, [9] proposed a robust
impedance control scheme for carrying heavy payloads using
wrist F/T sensors. If joint torque sensors are installed at every
joint, dynamics caused by payload can be estimated using,
for example, residual-based estimators [10]–[12]. However, the
use of additional force sensors increases the cost and reduces
the robustness of the system in practice. For this reason, our
only compromise was F/T sensors at the handles to read the
the user interaction force.
For the sake of completeness, we remark that there is
another branch of works that try to extract human motion
intention using bio sensors [13], motion capture system [14],
and customized force sensors [15]. However, this paper does
not try to combine these approaches to focus only on the
control design. We also remark that there have been efforts
to extract not only the human interaction force but also the
environmental interaction force from a single F/T sensor at the
handle [16]. However, this problem requires full information
of the system model. For such a reason, the environmental
interaction is assumed to be unknown in this paper.
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Using only the F/T sensor at the handles, the problem can be
formulated as a robust control problem that makes a robot obey
the F/T sensor signals. In this sense, the admittance control
approach is noteworthy; it makes the actual system follow a
user-defined behavior (or a user-defined model).
The standard admittance controller, however, has two inherent limitations directly related to the present application.
First, stable interaction with human operator can be guaranteed
with properly chosen parameters that makes the admittance
function (transfer function from force to velocity) positive real.
This methodology is often called natural admittance control
[17]. However, because our robot is governed by the nonlinear
equation of motion, transfer function analysis is not allowed.
Second, the natural interaction behavior can be realized only
on a known (i.e., predefined) interaction port at which force
sensor is located. Unfortunately, the robot tends to stick to
the environment if the interaction is not predefined. This
phenomenon is called wall sticking effect [7]. Again, note that
the environmental interaction is not known to the robot in our
scenario. [18] pointed out a similar limitation, and proposed a
position controller for the admittance control scheme that has
an intermediate object to which robot converges with a predefined bounded trajectory. However, because the admittance
filter of our setup has zero stiffness as addressed earlier (recall
that we want the robot to move only in response to the human
input), the trajectory of the admittance controller can grow
unbounded when interacting with unknown environment.
To overcome the limitations, passivity-based design that
can account for a human and environmental interactions in
the control loop is employed in this paper. Passivity-based
approaches are frequently used in analyzing human-machineenvironment coupled systems (e.g., [19]–[21]) owing to a
property that the feedback interconnection of passive subsystems preserves passivity. Several design methodologies based
on the passivity property are proposed for rehabilitation robots
[22], [23]. However, due to the lack of the model shaping
(MS) property, they are not appropriate for the problem of
interest. In this paper, a controller is regarded as an admittance
controller if it satisfies the MS property defined as follows.
Definition 1 (MS property). If the closed-loop dynamics can
be shaped into the user-defined model as the control gain goes
to infinity, it is said that the controller has MS property.
This paper proposes a passivity-based nonlinear admittance
controller with the following three properties. First, passive
control structure reduces the wall-sticking effect under the
unknown interaction between robot end-effector and environment. Second, the MS property can be shown using the two
time scale analysis. Third, the performance limit when the
infinite control gain is not achievable is analyzed, inspired
by [24] in which the performance analysis of nonlinear H∞
optimal controllers was performed.
III. S TANDARD A DMITTANCE C ONTROLLER
The structure of a standard admittance controller is described in Fig. 2 (without dashed line). The admittance control
aims at realizing desired behavior at a pre-defined interaction

Real plant

+
+
-

Velocity PI control

+

+
Nominal plant

Fig. 2. Without dashed line: standard admittance controller. With dashed line:
admittance control with passive structure. Note that the dashed line generates
a bi-directional energy flow between the real and nominal plants.

port which is usually the end-effector of a robot. Admittance
controller renders the system dynamics into the user-defined
nominal one 1/(Mn s + Dn ), where Mn , Dn represent the
nominal mass and damping, respectively. Note that the nominal dynamics is defined in such a way that the mass can be
manipulated by human operator (i.e., spring behavior is not
included), which is the main problem tackling in this paper.
In Fig. 2, the nominal trajectory q̇n is generated according to
the user-defined nominal dynamics, and the system trajectory
follows it by the admittance control input τa . This paper
considers a velocity PI controller3 :
τa = K(ėnr + KP enr ),

(1)

where enr = qn − q, and KP , K > 0 are scalar control gains.
The subscript ‘n’ stands for ‘nominal’ in the sense that the
nominal (or desired) behavior is achieved if q follows qn . Here,
notice that enr (0) = 0 is implicitly assumed as qn can be
always initialized to be identical to q.
In Fig. 2, the transfer function from τh to q̇ is given by4
Q̇
N (s)s + Ks + KKP
,
=
TH
M N (s)s2 + KN (s)s + KKP N (s)

(2)

where N (s) = Mn s + Dn . One interesting observation is that
(2) becomes
1
1
Q̇
=
=
,
TH
N (s)
Mn s + Dn

(3)

as the control gain K goes to infinity. This observation
indicates that the MS property (Definition 1) is satisfied, and
therefore (1) is an admittance controller.
However, the standard admittance control achieves the userdefined dynamics only at the pre-defined admittance port. If an
interaction occurs at undefined port, the admittance controller
may not work properly, as shown in the following example.
Motivating example:
Assume that the mass is interacting with an unknown wall as
shown in Fig. 3. Although a human operator is applying force
3 When implementing a classical admittance control, sometimes, q̇ /q
n n
instead of τa is commanded using velocity/position servo. If the robot is
not torque controlled, τa should be measured/estimated to realize the dashed
line in Fig. 2.
4T
(·) and Q represent Laplace transform of τ(·) and q, respectively.
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Fig. 3. Standard admittance controller is applied under the unknown environmental interaction with an unexpected wall. Although the real mass cannot
move (q̇ = 0), the nominal velocity q̇n (and also qn ) is keep increasing. This
is, physically speaking, due to the lack of passivity in the control structure;
there is no bi-directional energy flow between real and nominal masses.

τh , the mass cannot move forward due to the unknown wall
(τe is also unknown to the controller). However, qn increases
during the contact, meaning that the nominal trajectory drifts
away from the real position. When the user applies force to
the opposite direction, the mass cannot follow this intention
because the controller should wait until qn to come back.
This phenomenon is called wall-sticking effect in [7], and this
effect hinders the system from interacting with the unknown
environment naturally.

IV. PASSIVITY- BASED A DMITTANCE C ONTROLLER
This section presents the admittance controller for the
nonlinear robotic systems with passivity property. Since the
passivity theory is the main tool in this paper, it is briefly
reviewed in Section IV-A. After extending the standard admittance controller in the linear domain with passivity (Section
IV-B), the nonlinear extension is presented (Section IV-C).
A. Preliminaries

ẋ = f (x) + g(x)u, y = h(x).

(4)

The I/O pair (u, y) is said to be output strictly passive if
Z
Z
T
u ydt ≥ α y T ydt
(5)
is satisfied with some constant α > 0 (passive when α = 0).
Output strictly passivity physically implies that the energy of
system can only be dissipated. Consequently, as long as the
input u has the finite energy (i.e., u ∈ L2 ), the system will
dissipate the injected energy eventually. Mathematically, this
observation is called finite gain L2 stable:
Z T
Z T
||y||22 dt ≤ γ
||u||22 dt + δ,
(6)
0

where γ, δ > 0 are some constants. More rigorous mathematical treatment can be found in [25].
For linear systems, it is relatively easy to investigate passivity of the system using transfer function analysis.5 However,
since this analysis is not applicable to nonlinear systems, this
paper relies on the fact that the feedback interconnection of
passive systems preserves passivity.
5 The

Here, enr = 0 is assumed implicitly as addressed earlier. It is
important to notice that the velocity PI control is equivalent
to the position PD controller. However, the former one is used
throughout the paper because the passivity theory utilizes the
relation between velocity and force/torque. Another advantage
of the passivity is that it provides clear physical understanding
when applied to the mechanical system; the velocity PI control
renders virtual spring-damper elements.
B. Passivity-based admittance control for linear systems
To alleviate the wall sticking effect, the standard admittance
controller is extended using the passivity-based design. Based
on the fact that the velocity PI control is a passive controller
(recall (7)), it should be fed back to the nominal plant as well
as the real plant to preserve passivity. Noting that the real
and nominal plants are passive systems, the overall control
structure is then constructed by feedback interconnections of
passive subsystems, as shown in Fig. 2 with dashed line.
Although the passivity can be shown from the structural
point of view, it is not clear if this controller is an admittance
controller or not. To investigate this, let us show the MS
property by investigating the admittance transfer function:
Q̇
=
TH
N (s)s + (K + Dn )s + KKP + KP
. (8)
M N (s)s2 + M s2 + KN (s)s + M KP s + KKP N (s)

Consider a nonlinear system

0

We remark that the I/O pair (ėnr , τa ) of the velocity PI
control (1) is output strictly passive because
Z
Z
τaT ėnr = (KKp enr + K ėnr )T ėnr
Z
≥K ėTnr ėnr .
(7)

I/O pair is passive if and only if the associated transfer function is
so-called positive real.

As K → ∞, (8) becomes 1/N (s). Therefore, the MS property
is satisfied, and this control scheme is an admittance controller.
Physically, noting that the velocity PI control is applied to
both real and nominal plants with opposite signs, it allows
bi-directional energy flow by spring-damper elements (Fig.
4a). As K → ∞, the spring-damper becomes rigid, so the
controlled system behaves like Fig. 4b. Consequently, the userdefined dynamics is achieved as the gain K increases.
Revisiting the motivating example:
Under the interaction with an unknown wall, the controlled
mass can be described by Fig. 5. q̇n (and qn ) does not
keep increasing because of the spring element. Mathematically
speaking, when q̇ = 0, q̇n is governed by Mn q̈n + (Dn +
1)q̇n + KP (qn − qe ) = τh , where qe means the position at
which the real mass contacts the environment (unknown wall).
Hence, q̇n converges to zero and qn will converge to a certain
equilibrium point because of the spring KP . Therefore, the
proposed controller reduces the wall-sticking effect.

C. Passivity-based admittance control for nonlinear systems
Although the passive admittance control is shown in the
previous section, it is not applicable to nonlinear systems
which cannot be represented by transfer functions. This section
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Environment
(measured)

(measured)

+

(a)

+

(b)

-

Fig. 4. (a) Conceptual diagram of the proposed passivity-based admittance
controller. Recall that the velocity PI control renders virtual spring-damper
elements. (b) As K goes to infinity, spring-damper act as rigid connection,
and thereby the controlled system behaves like the nominal plant.

+
+

Environment
(unknown wall)

Fig. 6. The structure of the proposed passivity-based nonlinear admittance
controller. The closed-loop can be represented by feedback interconnections of
(strictly) passive subsystems. Note that, similar to Fig. 2, the control structure
is expressed using force (torque) and velocity, to show passivity clearly.

(measured)
(unmeasurable)

Fig. 5. Proposed passivity-based admittance controller is applied under
the unknown environmental interaction with an unexpected wall. Unlike the
standard admittance control case, q̇n as well as q̇ does not keep increasing
due to the feedback force of the spring element.

shows the nonlinear extension (Fig. 6). The robot dynamics
can be expressed as
M (q)q̈ + C(q, q̇)q̇ = τa + τh + τf + τe − g(q)
{z
}
|

(9)

=τd

using commonly used M , C, g, and q. Here, C can be
always selected such that Ṁ − 2C is skew-symmetric. Note
also that the actual M , C, g are unknown and even may
vary significantly because of the unknown payload. τa is the
admittance input to be defined, τh is the interaction torque
caused by the human operator, τf is the friction torque, and
τe is the torque caused by environmental interactions. τf , τe ,
and g are collectively represented by τd in the following.
In addition to the real robot dynamics, define the desired
dynamics to achieve by
Mn (q)q̈ + (Cn (q, q̇) + Dn )q̇ = τh ,

(10)

where Ṁn − 2Cn is skew-symmetric, and Dn is a damping
matrix. Note again that the desired dynamics (10) is defined
in such a way that the robot can be manipulated by human
operator. The purpose of the admittance control is to make the
real dynamics (9) behave like (10). To this end, the nominal
dynamics in Fig. 6 is defined by
Mn (q)q̈n + (Cn (q, q̇) + Dn ) q̇n = τh − K −1 τa .

(11)

As shown in Fig. 6, similar to (1), the admittance control
input τa is given by
τa = K(ėnr + KP enr ),

(12)

where enr , qn − q is a vector representing the difference
between nominal and real positions, and KP , K > 0 are
diagonal gain matrices.
Three main results are introduced in the following. First, let
us begin with I/O stability.
Theorem 1 (L2 stability). Assume that the environment defines a passive map (q̇ → −τe ). If no energy is stored in the

system initially, the following L2 stability is satisfied:
Z
Z
||v||22 ≤ γ ||τh ||22 ,

(13)

where v = [q̇ T q̇nT ]T , and γ > 0 is a L2 -gain.
Proof. See Section V-A.
Remark 1. Because the robot is controlled by the human operator, we cannot define the equilibrium point of the controlled
system. Namely, we cannot say anything about stability in the
sense of Lyapunov. Instead, we claim input-output L2 stability
using the dissipativity of the closed-loop system. Physically
speaking, as far as the input from human operator has finite
energy (mathematically, τh ∈ L2 ), the controlled system
eventually dissipates the energy obtained from the human
operator; recall also Section IV-A.

Although this theorem shows stability, the behavior of the
controlled system is not clear yet. To solve the problem
addressed in Section II, the proposed control scheme should
be an admittance controller. To investigate this, we can rewrite
(9) as follows after a lengthy algebraic derivation:
Mn q̈ + (Cn + Dn )q̇ = τh + Mn M −1 (τa − τed ),

(14)

where
τed = M Mn−1 ×


f M −1 (−C q̇ + τh + τd ) + C
e q̇ − Dn q̇ − τd (15)
M
f = (·) − (·)n .
is the effective disturbance, and (·)
Theorem 2 (MS property). Let K = 1 I, where 0 <   1.
As  → 0, the admittance control input τa exactly cancels the
effective disturbance τed .
Proof. See Section V-B.
This theorem indicates that the proposed control scheme is
an admittance controller because the MS property is satisfied.
However, the high gain setup (i.e.,  → 0) is not appealing in
practice because such an arbitrarily small  is not achievable
for various reasons such as system bandwidth and noisy velocity measurements. Therefore, further analysis with practically

6

achievable  is desirable. The following theorem shows that the
admittance controller is realized (in the sense of infinite norm)
linearly with the control gain. We would like to remark that
this analysis is not to show stability (which is already shown
in Theorem 1), but to predict the achievable performance limit.
Theorem 3 (Performance Limit). Let K = 1 I, where 0 <
  1. The achievable performance is limited as follows:
|enr [i]|∞ ≤ ||xnr ||∞ ∝ ,

(16)

where [i] denotes the i-th component of a vector, and xnr =
[eTnr ėTnr ]T .
Proof. See Section V-C.
To summarize, the proposed approach can be realized by
implementing the following two steps in every control loop.
1) Update q̇n and qn by integrating

q̈n = Mn−1 −(Cn + Dn )q̇n + τh − K −1 τa , (17)
which is equivalent to (11). Here note that τh is measured
and τa is known.
2) Apply the control input (12) to follow qn .
V. T HEORETICAL D ERIVATION
A. L2 stability (Proof of Theorem 1)
The controller (12) satisfies output strict passivity as shown
in (7). Due to the skew-symetricity of Ṁ −2C and Ṁn −2Cn ,
the actual and nominal robots are also output strictly passive.
Therefore, the overall control structure preserves passivity
because it can be constructed by feedback interconnections
of passive subsystems. As briefly addressed in Section IV-A,
Lemma 6.8 (or Theorem 6.2) in [25] states that the feedback
interconnection of the strictly passive blocks result in finite
gain L2 stability. In particular, we obtain (13) in our case.
B. MS Property (Proof of Theorem 2)
To begin with, we define the fast time scale σ = t/. σ is
called “fast time scale” because it flows 1/ times faster than
the actual time scale t which is called “slow time scale”.
In state-space, the robot dynamics (9) can be expressed as

 

d
q
q̇
=
. (18)
q̇
M −1 (−C q̇ + τa + τh + τd )
dσ


q
d
= 0. This implies that q, q̇ are
Hence, as  → 0, dσ
q̇
frozen in the fast time scale σ.
Next, we define the difference dynamics, which is obtained
by subtracting (9) from (11), as follows:

Hence, as  → 0,
M

d
τa + τa = τed .
dσ

(21)

Because q and q̇ are frozen variables, the right-hand side of
(21) and M −1 = M (q)−1 > 0 can be considered as constant
values. Therefore, in the fast time scale σ, τa exponentially
converges to the effective disturbance defined in (15).
Physically speaking, because τa converges to the effective
disturbance exponentially fast with respect to σ, τa can be
regarded as the effective disturbance itself in the slow time
scale t (i.e., very fast transient). As a result, as  goes to zero,
the system behaves as the desired dynamics Mn q̈ + (Cn +
Dn )q̇ = τh in the slow time scale t.
C. Performance Limit (Proof of Theorem 3)
To begin with, let us alternatively express (19) as
M (ënr + KP ėnr ) + (C + Dn )(ėnr + KP enr ) = −τa + w,
(22)
f M −1 (−(Cn + Dn )(q̇n + KP enr ) + τh ) +
where w = M
n
e
C(q̇n + KP enr ) − τd . In state-space form, (22) can be
expressed as
ẋnr = Axnr + B(−τa ) + Bw,
where

0
A=
−M −1 (C + Dn )KP


0
B=
.
M −1

(23)

I
−M −1 (C + Dn ) − KP


,

(24)

For this system, we measure the performance using the worstcase value of |enr [i]|.
Because the closed-loop is dissipative (Theorem 1), the
boundedness of w is already guaranteed for bounded τh . However, for tighter analysis, we bound ||w||2 by a polynomial of
xnr as follows:
Lemma 1. ||w||2 is bounded from above by
||w||2 ≤ b1 ||xnr ||2 + b2 ||xnr || + b3 ,

(25)

for some constants b1 , b2 , b3 > 0.

Proof. w is expressed using not only q, q̇, enr , and ėnr , but
also qn and q̇n . To eliminate redundancy, we use the relation
qn = enr + q, q̇n = ėnr + q̇ so that w can be expressed
f M −1 (−(Cn + Dn )(ėnr + KP enr + q̇) + τh ) +
as w = M
n
e
C(ėnr + KP enr + q̇). Because q and q̇ are bounded, Cn and
e are also bounded. Therefore, ||w|| can be bounded by a
M (ënr + KP ėnr )
C
−1
−1
+ M Mn (Cn + Dn + Mn M K)(ėnr + KP enr ) = τed . first-order polynomial of ||xnr ||, and as a result, (25) follows
(19) immediately.

Using (ėnr + KP enr ) = K −1 τa = τa , we have
d
τa + ((Cn + Dn ) + Mn M −1 )τa =
dσ
f M −1 (−C q̇ + τh + τd ) + C
e q̇ − Dn q̇.
− τd + M

Mn

(20)

Next, we define a Lyapunov-like function V = 12 xTnr P xnr ,
where


M KP2 + 1 KP KP M
P =
.
(26)
M KP
M
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0

-0.0125

0
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where λ = ( 1 − b1 ). Although the true shape of V̇ is not
known, we know that it is upper bounded by (29). From this,
we can analyze the worst case norm of the state xnr . To
avoid misunderstanding, recall that the goal of this analysis
to predict the worst case performance, while the stability is
already guaranteed by Theorem 1.
Because  will be chosen small so that λ ' 1 > 0, an
upper bound for ||xnr || can be obtained by solving (29) = 0
as follows:
p
q
b2 + 2 b22 + 4b3
b2

||xnr ||∞ ≤
= 2 +
2 b22 + 4b3
2/
2
2
≤a1 2 + a2 ,
(30)
for some constants a1 , a2 > 0. Finally, because  is chosen
small (namely,  dominates 2 ) and |enr [i]|∞ ≤ ||xnr ||∞ , the
relation (16) follows.
VI. E XPERIMENTAL VALIDATION USING 1 D O F T ESTBED
This section presents the validation of the proposed approach using 1 DoF testbed shown in Fig. 7. This testbed
is designed to emulate the scenario of interest introduced in
Section I. A human operator grasps the handle to move the
mass, and the interaction force τh is measured by the load cell.
The mass of the testbed itself was approximately 1 kg and that
of the payload was approximately 5 kg. The environmental
interaction occurred when the human operator pushes the mass
toward the wall. We would like to remark that (i) the mass and
(ii) environmental interaction were unknown to the controller.
The proposed method was implemented using a real-time OS
(RTX) with 500 Hz control frequency.
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10

12

Fig. 8. Gain tuning experiment using 1 DoF testbed. Left column: q, qn and
τh with K = 7.5. Human operator moved the mass sinusoidally in free space.
Right column: K = 7.5 (top), K = 15 (middle), and K = 30 (bottom).
As the control gain was doubled (i.e.,  was halved), |enr |∞ decreased by
half; note that the y axis scale is halved as  decreases by half. |enr |∞ was
decreased by 0.0207 → 0.0103 → 0.00549 m.
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If KP > I, then the minimum eigenvalue of Q is 1 .6 Thus,

case KP ≯ I case can be analyzed similarly

2

(27)

1
1

V̇ = − xTnr Qxnr − ||B T P xnr − w||2 + ||w||2
2
2
2
1


≤ − (Q − b1 I)||xnr ||2 + b2 ||xnr || + b3 .
(28)
2
2
2

6 The

0

Time [s]

The time derivative of V is V̇ =
+A P +
P A)xnr − xTnr P Bτa + xTnr P Bw. Using (25), (27), and
τa = K(ėnr + KP enr ) = 1 B T P xnr ,

1


V̇ ≤ − λ ||xnr ||2 + b2 ||xnr || + b3 ,
2
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Fig. 7. 1 DoF testbed for validation in Section VI.


In addition, define a matrix Q > 0 as Q = diag KP2 /, I/ .
Then, the following equation is satisfied:
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Fig. 9. Standard admittance controller was applied under the unknown
environmental interaction (recall the motivating example). 0-10 sec: moves in
free space. 10-20 sec: intentional contact with the wall (which is not known
to the controller). 20-30 sec: tried to detach the robot from the wall, but could
not because the admittance control input is pushing the robot toward the wall
(control input τa is saturated at 12.5 N). After 30 sec: nominal signal qn is
reduced, and the robot could move back to the free space.

A. Performance limit
The performance was tuned according to Theorem 3. In the
experiments, the human operator moved the mass sinusoidally
in the free space (i.e., without environmental interaction)
while changing the control gain. Letting KP = 10,  was
changed as 0.133 → 0.067 → 0.033 (corresponding K was
7.5 → 15 → 30). Fig. 8 shows human interaction forces
and corresponding behaviors for each gain.7 As expected
from Theorem 3, the performance (in the sense of |enr |∞ ) is
improved linearly with the control gain; |enr |∞ was decreased
by 0.0207 → 0.0103 → 0.00549 m. Note that the y-axis of
the right column of Fig. 8 is halved together with .
B. Wall sticking effect
To investigate the wall sticking effect, experiments with the
following steps were performed. (i) Human operator applied
sinusoidal force in free space; (ii) human operator pushed the
mass toward the wall, and maintained contact for a while;
(iii) human operator applied force in the opposite direction, to
move the mass back into the free space.
7 Force sensor signals are low pass filtered for better presentation (in every
figure in this paper). However, raw signals were used in real implementations.
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(a) Mn = 0.1 kg

Fig. 11. Experimental setup for validation in Section VII-A.

(b) Mn = 10 kg

Fig. 10. The proposed approach was applied under the unknown environmental interaction. Top row: q, qn . Bottom row: interaction force τh measured
using the load cell. Left column: Mn = 0.1 kg. Right column: Mn = 10
kg. Black dashed box shows that the nominal signal did not keep increasing
although the force was constantly applied.

As shown in Fig. 9, the standard admittance controller
suffers from wall sticking effect even if the real system
parameter (Mn = M = 5kg) is known. At the beginning (0
to 10 sec), the mass moved according to the human operator’s
command. From 10 to 20 sec, human operator pushed the mass
into the wall to generate unknown environmental interaction.
During this period, qn deviated from q, and the admittance
control input is saturated because of large enr . From 20 to 30
sec, the human operator tried to move back the mass from the
wall, but the mass could not move because the operator had to
wait until qn to decrease to a reasonable value. Note that, in
this period, the admittance control input was still saturated. To
summarize, the standard admittance controller showed wallsticking effect under the unexpected interaction.
To show that the proposed approach reduces the wall sticking effect regardless of the parameters, it was implemented
with two different Mn while letting Dn = 0.5 Ns/m: 0.1
and 10 kg (the real mass was 5kg). As shown in Fig. 10,
for both cases, qn converged to a certain equilibrium due to
the spring (recall the motivating example). Namely, the wall
sticking effect was reduced.
VII. P OWERED U PPER -L IMB C ONTROL
A. Task Space Control
Although the generalized coordinates q is used in the
previous, the formulation in Cartesian space is more appealing
in our application. The Cartesian space variable p can be
obtained using the Jacobian matrix J (q):
ṗ = J (q)q̇.

(31)

Here, p is the position vector (in our formulation, p =
[px py pz ]T ∈ <3 represents the position in each direction).
The robot dynamics can be expressed in Cartesian space as
Λ(q)p̈ + Γ(q, q̇)ṗ + ζ(q) = fa + fh + ff + fe ,

(32)

where Λ, Γ, and ζ represent the inertia, the Coriolis/centrifugal force, and the gravity force, respectively. Note
that the control commands in Cartesian space are transformed
into the joint space using the Jacobian transpose. Namely,
τa = J T (q)fa = J T (q)K(ėnr + KP enr ).

(33)

Here, enr = pn − p is redefined for simplicity of writing.
The nominal dynamics is
Λn p̈n + Dn ṗn = fh − K −1 fa .

(34)

In our implementation, the parameters were defined by Λn =
diag{5, 5, 5} kg and Dn = diag{20, 20, 20} kg/s, so the
behaviors in the x-, y-, and z- axes are identical and decoupled.
B. Experimental Setup
An actual powered upper-limb robot shown in Fig. 11
was used to evaluate the proposed approach. Recall Fig.
1b for hardware details. The robot is supposed to lift and
maneuver a payload with unknown mass. The robot carries the
payload using the suction pad attached to the end-effectors.
When attaching/detaching the payload, interactions with the
environment are inevitable because the human operator should
command the robot to move towards the environment. Recall
that the environmental interaction is unknown to the controller.
C. Experimental Results
Three experiments were performed for verification. Although two arms (left and right) are operated concurrently,
the results for only the left arm will be presented because
those for the right arm are similar.
1) Experiment 1 - Performance limit: The control gain was
tuned using Theorem 3 similar to Section VI-A. To this end,
with KP = 20I, the value of  was set to 0.004 → 0.002 →
0.001 (corresponding K was 250I → 500I → 1000I). The
human operator applied a sinusoidal input force in the xdirection. The values of |enr [1]|∞ were 0.046, 0.022, and
0.011 for  = 0.004, 0.002, and 0.001, respectively (the
resulting values are provided without plots due to the space
limit). As a result, KP = 20I and K = 1000I were chosen
in the following experiments.
2) Experiment 2 - Wall sticking effect: Similar to Section
VI-B, this section verifies the interaction capability.
(a) For t = 5 to 25 sec, the human operator operated the robot
sinusoidally in the x-, y-, z-directions simultaneously. The
robot followed the human operator’s command (Fig. 12).
(b) For t = 25 to 40 sec, a force of approximately 20 N
was applied in the negative z-direction. The robot could
not move in response because of the contact with the
environment (see pz in Fig. 12). The nominal position
(or velocity) did not increase even though the force was
constantly applied (see pn,z and fh,z in Fig. 12).
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Fig. 12. The robot interacts with not only the human operator (5-50 sec), but also with the (unknown) environment (25-40 sec). The top row shows p and
pn , and the bottom row shows the applied force fh .
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Fig. 13. Actual test of the robot being used to lift and maneuver a payload (weight is not known to the controller). (d)-(m) Photographs of the robot in use.
Unknown environmental interaction occurred at (e) and (l).
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(c) For t = 40 to 50 sec, subsequent to the interaction with
the environment, sinusoidal input forces in the x-, y-, and
z- directions were again simultaneously applied. Note that
the robot did not suffer from wall sticking effect.
3) Experiment 3 - Payload carrying: The robot was used
to lift a payload with a mass of 35 kg, which was unknown
to the controller. Fig. 13a-c shows the position and forces
measured during the operation. As shown in the figure, the
payload was lifted in the z-direction, moved sinusoidally in the
y-direction, and then placed on the ground. Fig. 13d-m shows
photographs of the experiment. This experiment verified that
the proposed admittance controller can be applied to payload
carrying applications with unknown environmental interaction.
VIII. C ONCLUSION
This study proposed a passivity-based nonlinear admittance
controller that fully captures the nonlinearities of robot dynamics. The proposed control structure can be represented as a
feedback interconnection of passive subsystems, and therefore
dissipativity of the closed-loop dynamics is guaranteed. By
virtue of passivity, the robot can interact with the human
operator and unknown environment stably. The two-time scale
analysis was used to show that the proposed control scheme
is an admittance controller. Moreover, the performance was
analyzed for the finite control gains. The analysis shows that
the performance increases linearly with the control gain.
The proposed approach was verified using a 1 DoF testbed.
Moreover, experiments were performed using an actual powered upper-limb exoskeleton robot. After validating the performance analysis and interaction capabilities, our original
purpose of this study was validated. Namely, the powered
upper-limb robot was used to lift and maneuver a payload of
unknown mass under the unknown environmental interaction.
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