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Abstract—With the rise of collaborative robots, the need for safe,
reliable, and efficient physical human–robot interaction (pHRI)
has grown. High-performance pHRI requires robust and stable
controllers suitable for multiple degrees of freedom (DoF) and
highly nonlinear robots. In this article, we describe a cascade-loop
pHRI controller, which relies on human force and pose measure-
ments and can adapt to varying robot dynamics online. It can
also adapt to different users and simplifies the interaction by
making the robot behave according to a prescribed dynamic model.
In our controller formulation, two neural networks (NNs) in the
“outer-loop” predict human motion intent and estimate a reference
trajectory for the robot that the “inner-loop” controller follows.
The inner-loop imposes a prescribed error dynamics (PED) with
the help of a model-free neuroadaptive controller (NAC), which
uses a NN to feedback linearize the robot dynamics. Lyapunov
stability analysis gives weight tuning laws that guarantee that the
error signals are bounded and the desired reference trajectory
is achieved. Our control scheme was implemented on a Personal
Robot 2 robot and validated through an exploratory experimental
study in point-to-point collaborative motion. Results indicate fast
convergence of our controller, and the resulting tracking error,
motion jerk, and human control effort are comparable with other
methods that require prior training, knowledge, and calibration.

Index Terms—Human intent estimation, physical human–robot
interaction (pHRI), neuroadaptive control.

I. INTRODUCTION

AN INCREASING number of collaborative robots, or
corobots, are being introduced into human environments.

Some have started relying on physical human–robot interac-
tion (pHRI) for assisting humans in cooperative tasks such as
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welding [1], parts assembly [2], and surgical procedures [3].
Physical interaction is also crucial during learning from demon-
stration, in which the user teaches the robot new tasks by
manually moving its limbs through the desired motions [4]. Vice
versa, a human can also be taught by the robot during pHRI,
for example, to improve motor skills in surgical procedures [3],
manufacturing operations [1], and rehabilitation exercises [5].
Thus, there is a growing demand for robot controllers that
facilitate pHRI, however, there are still many challenges related
to safety, intuitiveness, and efficiency of the interaction that have
to be solved. Compared to noncollaborative industrial robots,
corobots are inherently safer by being lightweight and com-
pliant [6], [7]. Recent advancements in hardware-based safety
features encompass flexible and composite materials, gravity
compensation, limiting of joint torques, and bioinspired hybrid
actuation [8]. These methods have reduced contact forces and
the risk of high energy collisions, however, they make the robot
dynamics highly nonlinear and difficult to model.

There are several established strategies for controlling the
interaction behavior between a robot and its environment. Force,
impedance, and admittance control methods are generally suit-
able for stable and compliant interactions [9]. Adaptive methods
have traditionally been proposed to overcome variations in the
robot dynamics [10]. More recently, researchers have proposed
combining the two methods into pHRI schemes, such as those
in [11]–[13], which aim to adjust impedance parameters to
achieve a safe and stable contact with a human. However,
these methods still require a training or tuning phase, introduce
artificial safety limits, or have to make assumptions about the
task or human model to guarantee safe and stable pHRI.

Human intent estimation has recently been proposed by
several others to improve pHRI. In [14], a hidden Markov
model was used to predict impedance parameter values in a
hand-shaking task for realistic haptic human–robot interaction.
Futamure et al. [15] proposed a method to estimate consistent
joint trajectories of humans based on force-data for human–robot
interactions. The method has shown improved accuracy over
classical methods in estimating joint kinematics and inertial
parameter estimation. Medina et al. [16] utilized impedance-
based Gaussian processes (GP) and Franklin et al. [17] used a
neuromechanical model of the human arm to predict behavior
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during pHRI. Results of [16] demonstrate superior performance
compared to a naive GP model; however, they observed that the
performance depends on the selection of appropriate values of
the impedance parameters. In an adaptive assistive control loop
for a haptic interface system, Suzuki and Furuta [12] modeled
the human brain as a simple proportional-derivative (PD) con-
troller [18] and the neuromuscular dynamics were approximated
with a first-order lag [19]. The human model parameters were
identified online and, then, used to tune a virtual internal model
of the interface system, resulting in an improved manipulation
performance. Their work was inspired by the “crossover model,”
which shows that the characteristics of a combined human–
machine system remains unchanged for a skilled operator [12]. If
the dynamics of the controlled element vary, the human operator
continually learns and adjusts his/her own internal controller to
cancel the machine’s changing dynamics. Thus, a robot is easier
to operate and interact with when behaving like a fixed, linear ad-
mittance model instead of a highly nonlinear and unpredictable
system. This assumption may not be valid in a scenario related to
impedance control tasks, such as in rehabilitation when humans
are modulating their arm impedance.

In this article, a novel NAC framework is presented for stable,
intuitive, and efficient pHRI, using a two-loop structure in which
both the robot dynamics and the human intent during interaction
are being estimated online. This article is based on NN control
methods that first appeared in the 1990’s and can offer guaran-
teed tracking performance, stability, and robustness [20]–[23].
These algorithms provided the foundation for our more recent
work [24]–[26], in which a controller learns a combined human–
robot model using a neuroadaptive “inner-loop” and adaptive
inverse filter in an “outer-loop.” Experiments showed that an
NAC combined with a simple human intent estimator (HIE)
reduces motion jerk during interaction. There is evidence to
suggest that human motion involves the minimization of jerk
and is, therefore, an effective measurement of the quality of
pHRI [27]. The objective of the formulation described here
is an entire model-free learning framework for human–robot
interaction whose performance is comparable to its previously
tuned pHRI methods. We use a HIE implemented as a “shal-
low” (e.g., 1 layer) NN to generate a reference trajectory using
pHRI force. This trajectory is, then, tracked by the inner-loop
controller containing an NN that linearizes the robot dynamics,
while forcing it to behave as a linear system with a PED. In
the experiments, human subjects are asked to guide the robot
end-effector in predefined paths, and the effects of the controller
on the tracking error, the human effort, and the motion jerk are
evaluated and compared to other established methods of pHRI.

In our previous work [25], the human intent model was
approximated by a simple double integrator of acceleration push
from the human operator, and could not capture the whole
spectrum of complex physical interaction cues. Therefore, in
this article, we add a more sophisticated HIE model into the
outer-loop to proactively help the user follow a desired trajectory,
thereby minimizing the human effort. The HIE allows online
adjustment of trajectory commands for the robot to follow during
a nominal task based on input forces exerted on the robot by a
human operator. To make the pHRI even more intuitive for the

Fig. 1. Neuroadaptive control system with human intent estimation for pHRI.
The inner-loop simplifies the robot dynamics experience by the human in the
outer-loop.

operator, a PED component was introduced into the inner-loop.
In this article, the term PED is used to imply the dictated behavior
of the error rather than as a formally defined term. The PED turns
the robot into a linear admittance achieving the crossover model
condition. Compared to many other methods, our framework is
easy to generalize and implement on robots with poorly known
dynamics, and offers stability and performance guarantees via
Lyapunov analysis. No offline training is required and only a few
parameters have to be adjusted when optimizing performance,
including the NN size, learning rates, and PED constants. In
our experiments with the 7 degrees of freedom (DoF) personal
robot 2 (PR2) robot arm, NN weights were always randomly
initialized, while the NN sizes were smaller than 100 neurons
such that the NAC was able to run inside the robot real-time loop.
The NAC had fast convergence: the PED was achieved within
1 s and the NN weights were adjusted within a few controller
time steps.

A diagram of the proposed NAC’s two-loop control structure
for pHRI is shown in Fig. 1. In the outer-loop, the desired human
motion trajectory xd is estimated (as x̂d) based on human force
measurements fh and robot end-effector position x.1 The HIE
provides x̂d as an input for an inner-loop designed to make the
robot end-effector follow a desired reference trajectoryxr = x̂d.
In addition, the inner-loop imposes a PED designed to make
the robot behave like a second-order linear system from the
perspective of the human operator.

In the inner control loop, the unknown robot dynamics is
identified online and feedback linearized through dynamic com-
pensation. The outer-loop determines the human intent based on
the control effort by the user measured through a force/torque
sensor or tactile robot skin. The overall controller now contains
two NNs and operates without prior training and calibration
unlike previous methods. There is no need for an individual
customization for the users as the NN linearizes the system
dynamics and updates the network weights at a fixed control-
loop rate. A combined stability proof rigorously verifies the
performance of these two interacting loops. The contributions
of this article are as follows.

1) Inner-Loop: The model-free online NAC from [25] is
enhanced with a new sliding mode method that guarantees
a PED is achieved. The PED allows the robot to behave
according to a fixed, linear admittance model, which

1Note that these trajectories and vectors are time dependent but (t) has been
omitted in this article for brevity.
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makes the pHRI more intuitive as seen in a reduction in
jerk.

2) Outer-Loop: A new NN-based HIE is formulated for
predicting human motion intent during cooperative tasks.
The HIE is a model-free component with an NN that does
not need prior training and makes the pHRI more efficient
by reducing human effort in a trajectory following task.

3) A combined Lyapunov stability analysis is provided for
the two-loop controller framework, leading to NN tuning
laws that ensure stable pHRI.

4) The controller was implemented on a PR2 robot and
validated in two-dimensional point-to-point motion exper-
iments, producing low position errors, jerk, and human
effort. Results indicate that our controller achieves both
efficient and intuitive pHRI.

The article is organized as follows. Section II describes
the outer-loop controller capable of estimating human intent.
The inner-loop controller for PED is presented in Section III.
Stability analysis of the two-loop controller is performed in
Section IV. The approach is validated in Section V by conducting
experiments with a PR2 robot. Section VI concludes this article.
Finally, Table II provides a summary of important nomenclature
and mathematical notations used in this article.

II. OUTER-LOOP HRI CONTROL STRUCTURE

In this section, we describe the human transfer functionH(s).
Based on this impedance model, we develop an HIE and derive
the resulting outer-loop error dynamics.

A. Human Transfer Function

The human transfer function can be described by a simple PD
controller with a first-order lag

H(s) =
Dhs+Kh

Ts+ 1
e−Ls (1)

where Kh, Dh ∈ R6×6 are the gains of the controller in the
cerebral cortex of the human brain, T is the time constant of
the neuromuscular system, and L is a delay factor [12]. These
parameters will be different for different human operators, and
here they are not explicitly needed for the controller formulation,
but will be used in the controller stability proof. Both the
proportional Kh and derivative Dh gain matrices are assumed
to be diagonal, i.e.,

Kh = diag{k1, k2, . . . , k6} ≡ diag{�k}
Dh = diag{d1, d2, . . . , d6} ≡ diag{�d}

where �k, �d are vectors of coefficients with 3 DoF in position
and 3 DoF in rotation. The assumption of diagonal Kh and Dh

result in modeling the human as uncoupled PD controllers in
the 6 DoFs. Assuming the human attempts to reach a desired
pose xd and velocity ẋd, ignoring the time constant and delay
(as in [12]), the human dynamics become

Dhėd +Khed = fh (2)

where

ed = xd − x

ėd = ẋd − ẋ

corresponding to the position, and velocity tracking errors in
R6. Once the desired pose has been reached, the human will
no longer exert a force on the robot. The human acts as an
impedance controller, applying a force fh, which is a Cartesian
force in R6, based on current motion measurements x and ẋ.
As the user reaches the desired pose, errors ed, ėd → 0 and the
human control effort fh → 0.

The following principles are used subsequently in our con-
troller design.

1) Design Principle 1 (Effort Minimization): pHRI can be
improved if the robot assists the user by minimizing the applied
force onto the robot fh. This principle is intuitive for applications
in which maximum human assistance by the robot needs to be
achieved, and also adds a safety factor in that the robot moves
so as to reduce human effort. However, this principle may not
apply to rehabilitation robotics, where the goal might be to let
the user exert more force.

2) Design Principle 2 (Crossover Model): A highly nonlin-
ear machine becomes easier to operate and interact with when
behaving equivalent to a fixed, linear admittance model, as indi-
cated in studies such as [12] and [28]. This makes the interaction
more intuitive when interacting with a familiar system dynamics
and requires less effort by the user.

Principle 1 is used in the outer-loop controller in this section.
Principle 2 is used in the inner-loop controller in Section III. To
summarize, a well-performing controller for pHRI is efficient
and intuitive. Efficiency can be achieved by minimizing the
operator effort with the help of an HIE. Intuitiveness can be
achieved by simplifying the robot dynamics with PED that
are linear and low order. Of course, the controller should also
be inherently safe (for instance, as defined by collaborative
robot standard ANSI/RIA 15.06-2012 [29]). In general, to be
inherently safe, the robot controllers should be such that robot
components cannot move too fast or apply too much force on
external objects, be back-driveable, etc. If the robot in question
is a collaborative robot to begin with, then the safety of the
controller reduces to its stability during pHRI. If, on the other
hand, the robot is not collaborative, the controller requirements
plus guaranteed stability and robustness that will be provided in
Section IV represent a strong indication (though not a guarantee)
for safety.

B. Human Intent Estimator

The human transfer function (with its unknown PD gains)
is part of an outer control loop shown in Fig. 1. During the
human–robot interaction, the user applies a force to move the
robot end-effector according to some desired trajectory. This
trajectory xd is unknown to the robot. The HIE approximates
this reference trajectory, which, then, the inner-loop designed in
Section III follows.

In this pHRI scenario, we assume that the human observes the
current trajectory and tries to help the controller by correcting
gross deviations from the desired trajectory through applying
an external force. Due to this relationship, it is reasonable to
assume that the desired reference trajectory can be estimated
as a function of the current trajectory and the applied human
force. In this article, we assume that the human desired reference
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trajectory is defined by some nonlinear function, which can be
approximated by a single layer NN[

xd

ẋd

]
= h(x, ẋ, fh)

= V ᵀφ(ξ) + ε1 (3)

with an unknown weight matrix V ᵀ ∈ R12×18, activation
functions2 φ(·), input vector ξ = [fᵀh x

ᵀ ẋᵀ]ᵀ ∈ R18, and small
residual error ε1 ∈ R12. The estimated human intent can be
expressed as [

x̂d
˙̂xd

]
= V̂ ᵀφ(ξ) (4)

where V̂ ᵀ is the estimated weight matrix and x̂d, ˙̂xd are the
estimated desired pose and velocity, respectively. This results in
the error estimates [

êd
˙̂ed

]
=

[
x̂d − x
˙̂xd − ẋ

]
. (5)

The difference between the actual and estimated errors is defined
as

¯̃ed =

[
ẽd
˙̃ed

]
=

[
ed

ėd

]
−
[
êd
˙̂ed

]

=

[
xd

ẋd

]
−
[
x̂d
˙̂xd

]
= Ṽ ᵀφ(ξ) + ε1 (6)

where Ṽ = V − V̂ is the weight deviation or weight estimation
error.

Next, auxiliary parameters are introduced to modify the error
dynamics such that the Lyapunov proof in Section IV can be
used to determine the NN weight update equation. Define the
novel sliding mode error

s = êd − ea (7)

where the filtered error ea is determined from the approximated
human dynamics

fh = D̂hėa + K̂hea (8)

= J(P̂ � ēa) (9)

with operator � being the element-wise Hadamard product and
J = [I6 I6], where I6 ∈ R6×6 is the identity matrix. D̂h and K̂h

are the estimated values ofDh andKh, respectively. VectorP ∈
R12 contains the diagonal elements ofKh, Dh and is multiplied
element-wise with ēa ∈ R12, which are defined as

P =

[
�k
�d

]
(10)

ēa =

[
ea

ėa

]
. (11)

2Information about the radial basis NN activation function used in this article
are given in Sections V-A1 and V-A2.

Fig. 2. HIE producing trajectories x̂d, ˙̂xd and human gains Kh,Dh using
two NN. The sliding mode error s and filtered error ea are needed in the NN
update equations.

The structure of the HIE consisting of two NNs is shown in Fig. 2,
predicting the desired path x̂d via an NN. The calculation of the
sliding mode error s, explained in more detail in Section II-C, is
not directly used in the controller, but is a measure of stability.

Theorem 1: If the sliding mode error s→ 0 in (7), then the
human intent estimate approaches the actual value x̂d → xd
provided that the human guides the robot such that ed → 0.

Proof: From (7)

s = (x̂d − x)− ea

= (x̂d − xd + xd − x)− ea

= −ẽd + ed − ea. (12)

As the human reaches the desired trajectory, ed → 0, imply-
ing fh → 0 according to (2). Consequently ea → 0 in accor-
dance with (8). Hence, if s→ 0, then ẽd → 0, which implies
x̂d → xd. �

C. Outer-Loop Error Dynamics

Here, we determine the error dynamics of the outer-loop.
The following development is required in the proof of our main
performance result in Theorem 3 in Section IV.

The human model in (2) can be modified by using (6) and (8)
to write

Dh( ˙̂ed + ˙̃ed) +Kh(êd + ẽd)

= (Dh − D̃h)ėa + (Kh − K̃h)ea

Dh( ˙̂ed − ėa)

= −Kh(êd − ea)−Khẽd −Dh
˙̃ed − D̃hėa − K̃hea

where the estimation error for Dh and Kh are defined as D̃h =
Dh − D̂h and K̃h = Kh − K̂h. Then, using the definitions from
(6), (7), (9)–(11)

Dhṡ = −Khs− J (P � ¯̃ed)− J(P̃ � ēa). (13)

The human gain matrix can be estimated with a second NN

P = Uᵀφ(ξ) + ε2 (14)

P̂ = Ûᵀφ(ξ) (15)

P̃ = Ũᵀφ(ξ) + ε2 (16)
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Fig. 3. Inner-loop control system with PED. The reference trajectory xr is
provided by the outer-loop.

where Uᵀ ∈ R12×18 and ε2 ∈ R12. The weight deviation or
estimation error is Ũ = U − Û . This yields the outer-loop error
dynamics (using (6), (13), (16) and the identity P = P̂ + P̃ )

Dhṡ = −Khs− J
(
(P̂ + Ũᵀφ(ξ) + ε2)� (Ṽ ᵀφ(ξ) + ε1)

)
− J

(
(Ũᵀφ(ξ) + ε2)� ēa

)
. (17)

This is needed in the proof of Theorem 3 in Section IV.

III. INNER-LOOP ROBOT CONTROLLER WITH PED

In this section, we develop an inner-loop neuroadaptive robot
controller for tracking the reference trajectory xr = x̂d. An NN
is used to feedback linearize the controller by estimating the non-
linear robot dynamics. In addition, PED are imposed by utilizing
time-dependent auxiliary parameters such that the human user
would encounter a second-order dynamics when interacting with
the robot. The resulting overall inner-loop controller is shown
in Fig. 3.

The robot dynamics equation in Cartesian or task space is
given by

M(q)ẍ+ V (q, q̇)ẋ+ F (q̇) +G(q) = fc + fh (18)

with robot joint position and velocity q, q̇ ∈ Rn for n DoF,
and Cartesian end-effector pose x ∈ R6. The relationship be-
tween q and x is determined by the forward kinematics func-
tion Ψ as shown in Fig. 3. The inertia matrix M(q) ∈ R6×6,
Coriolis/centrifugal force matrix V (q, q̇) ∈ R6×6, gravity vec-
tor G(q) ∈ R6, and friction term F (q̇) ∈ R6 are expressed in
operational-space. During pHRI, the operator applies a Carte-
sian force fh ∈ R6. The neuroadaptive scheme now designed
estimates the control force fc ∈ R6, which is converted into
joint control torques by multiplying with the robot geometric
Jacobian: τ = Jᵀfc.

Property 1: MatrixM(q) is positive definite and symmetric.
Matrix V (q, q̇) is in the Christoffel form, implying that Ṁ(q)−
2V (q, q̇) is skew symmetric.

Assumption 1: During pHRI, the hand of the human is as-
sumed to be in contact with the robot end-effector, i.e., they
share the same Cartesian position such that the robot position

and human position x in (2) are the same. The force measured
by the end-effector is equal and opposite to the force applied by
the human.

A. Sliding Mode Formulation for Prescribed
Robot Error Dynamics

According to Principle 2, the robot should perform like a
simple admittance model. Therefore, suppose the desired error
dynamics is

ë+Ddė+Kde = fh (19)

whereDd ∈ R6×6,Kd ∈ R6×6 can be fixed or adjusted accord-
ing to some performance metric. Given the tracking error

e = xr − x (20)

define a novel sliding mode error

r = ė+ Λe− fl (21)

ṙ = ë+ Λė+ Λ̇e− ḟl (22)

where matrix Λ(t) ∈ R6×6 is a function of time. The novelty
in this equation is in the inclusion of the force term fl in the
sliding mode error definition, which is used in Section III-B for
arguments leading to the stability of the controller. The filtered
force fl is determined from

fh = ḟl + Γfl (23)

where matrix Γ(t) ∈ R6×6 is also a function of time. The fol-
lowing theorem is a formalization of the method in [30].

Theorem 2: Given the filtered force (23) and the sliding mode
error (21), define

Dd = Λ+ Γ (24)

Kd = Λ̇ + ΓΛ. (25)

If r → 0, then the system behaves according to the error dynam-
ics in (19).

Proof: Define an error signal

w = ë+Ddė+Kde− fh. (26)

Substituting the definitions into the error signal gives

w = ë+ (Λ + Γ)ė+ (Λ̇ + ΓΛ)e− (ḟl + Γfl)

= ë+ Λė+ Λ̇e− ḟl + Γ(ė+ Λe− fl)

= ṙ + Γr. (27)

So if r → 0, then w → 0 and the system behaves according to
(19). �

B. Inner-Loop Error Dynamics

Here, we determine the inner-loop error dynamics by com-
bining the robot dynamics with the sliding mode formulation.
The following development is required in the proof of our main
performance result in Theorem 3 in Section IV. Rewriting (21)
as

ė = r − Λe+ fl (28)
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and differentiating (20) yields

x = xr − e (29)

ẋ = ẋr − r + Λe− fl (30)

ẍ = ẍr − ṙ + Λė+ Λ̇e− ḟl. (31)

Substituting the above into (18) produces the robot error
dynamics

M(q)ṙ = −V (q, q̇)r + g(ψ)− fc − fh (32)

and the nonlinear robot dynamics are

g(ψ) = M(q)(ẍr + Λė+ Λ̇e− ḟl)

+ V (q, q̇)(ẋr + Λe− fl)

+ F (q̇) +G(q) (33)

and ψ = [fl ḟl diag{Λ} diag{Λ̇} qᵀ q̇ᵀ eᵀ ėᵀ ẋᵀr ẍᵀr ]ᵀ.
In (32), define the control input as

fc = ĝ(ψ) +Kvr − fh (34)

where Kv = Kᵀ
v > 0 ∈ R6×6. The nonlinear terms are esti-

mated with a single layer NN function approximation

ĝ(ψ) = Ŵ ᵀσ(ψ) + ε (35)

as in [21] with σ andW representing the activation function and
the weight matrix of the NN, respectively.

Substituting (34) into (32) produces

M(q)ṙ = −V (q, q̇)r + g(ψ)− fh − ĝ(ψ)−Kvr + fh

= −(V (q, q̇) +Kv)r + g̃(ψ) (36)

where g̃(ψ) = g(ψ)− ĝ(ψ) is the function approximation error.
The inner-loop error dynamics are, therefore

M(q)ṙ = − (V (q, q̇) +Kv)r + W̃ ᵀσ(ψ) + ε. (37)

This equation is needed in the proof of Theorem 3 in following
section.

IV. STABILITY ANALYSIS OF HUMAN–ROBOT SYSTEM

In the first section, the combined stability of the two-loop
system is investigated and the NN weight tuning laws are de-
rived. The second part discusses algorithm enhancements, which
include the use of a multilayer NN and a robustifying term in
the inner-loop.

A. Basic Algorithm

Weight tuning laws for the NNs (4), (15), and (35) are derived
from Lyapunov stability analysis that guarantee overall stability
and proper performance of the inner- and outer-loops. The
following standard assumptions are made.

Assumption 2: The reference trajectory is bounded by a
scalar, e.g., ‖x̄r‖ ≤ xB ∈ R.

Assumption 3: The ideal NN weights are bounded by a
scalar, e.g., ‖U‖F ≤ UB where || · ||F is the Frobenius norm.

For this article, we use the following standard definition for
the term “uniformly ultimately bounded” (UUB).

Definition 1: A solution y is said to be UUB with ulti-
mate bound b if ∃ b > 0, and ∃T (a, b) ≤ 0 � ||y(t0)|| < a⇒
||y(t)|| < b ∀ t ≤ t0 + T (a, b).

Next, it is shown that, using these tuning algorithms, the
sliding mode errors (7) and (21) are UUB. A signal x(t) is
UUB, if there exists a compact set S ∈ Rn such that for all
x(t0) = x0 ∈ S, there exists an ε > 0 and a number T (ε, x0)
such that ‖x(t)‖ < ε for all t ≥ t0 + T [21], [23].

Theorem 3: Given the human dynamics (2) and robot dynam-
ics (18), define a control law (34) with a feedback linearization
term estimated by the NN in (35). Furthermore, let the desired
trajectory xr = x̂d be generated by NN (4) and let the gains
of the human controller be estimated by NN (15). Let the NN
weight tuning laws be defined as

˙̂
W = Fσ(ψ)rᵀ (38)

˙̂
V = −Gφ(ξ)sᵀJdiag{P̂}+ κ ‖s‖GV̂ (39)

˙̂
U = −Hφ(ξ)sᵀJdiag{ēa}+ κ ‖s‖HÛ (40)

with the filtered errors (8) and (23), constant matricesF = F ᵀ >
0,G = Gᵀ > 0,H = Hᵀ > 0, and scalar design parameter κ >
0. W ∈ Rk×n and F ∈ Rk×k, where n is the number of inputs
and k is number of neurons in the hidden layer. W , V , and U
are NN weight matrices whereas F ,G, andH are gain matrices.
Then, the sliding mode errors in (7), (21) are UUB and the overall
human–robot system is stable.

Proof: Define the Lyapunov function

L = 1
2r

ᵀMr + 1
2 tr{W̃ ᵀF−1W̃}

+ 1
2s

ᵀDhs+
1
2 tr{Ṽ ᵀG−1Ṽ }+ 1

2 tr{ŨᵀH−1Ũ} (41)

with the derivative

L̇ = rᵀMṙ + 1
2r

ᵀṀr + tr{W̃ ᵀF−1 ˙̃W} (42a)

+ sᵀDhṡ+ tr{Ṽ ᵀG−1 ˙̃V }+ tr{ŨᵀH−1 ˙̃U} (42b)

which is an equation of the form L̇ = L̇1 + L̇2. Substituting (37)
with ε = 0 in (42a) produces

L̇1 = − rᵀKvr +
1
2r

ᵀ(Ṁ − 2V )r

+ tr{W̃ ᵀ(F−1 ˙̃W + σ(ψ)rᵀ)}
as detailed in [21]. Since

˙̃W = Ẇ − ˙̂
W = − ˙̂

W

we can substitute the NN update law from (38) and together with
Property 1

L̇1 = − rᵀKvr

≤ −Kvmin ‖r‖2 (43)

andKvmin is the minimum singular value ofKv . The second part
of the Lyapunov derivative (42b) can be expanded with (17),
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assuming ε1, ε2 = 0, according to

L̇2 = − sᵀKhs− sᵀJ(P̂ � (Ṽ ᵀφ(ξ)))

− sᵀJ((Ũᵀφ(ξ))� ēa)− sᵀJ((Ũᵀφ(ξ))� (Ṽ ᵀφ(ξ)))

+ tr{Ṽ ᵀG−1 ˙̃V }+ tr{ŨᵀH−1 ˙̃U}

= − sᵀKhs− tr{sᵀJ((Ũᵀφ(ξ))� (Ṽ ᵀφ(ξ)))}
− tr{Ṽ ᵀφ(ξ)sᵀJdiag{P̂}} − tr{Ũᵀφ(ξ)sᵀJdiag{ēa}}

+ tr{Ṽ ᵀG−1 ˙̃V }+ tr{ŨᵀH−1 ˙̃U}

= − sᵀKhs− tr{sᵀJ((Ũᵀφ(ξ))� (Ṽ ᵀφ(ξ)))}

+ tr{Ṽ ᵀ(G−1 ˙̃V − φ(ξ)sᵀJdiag{P̂})}

+ tr{Ũᵀ(H−1 ˙̃U − φ(ξ)sᵀJdiag{ēa})}. (44)

Using the fact that ˙̃V = − ˙̂
V and ˙̃U = − ˙̂

U and the NN update
equations in (39) and (40)

L̇2 = − sᵀKhs− tr{sᵀJ((Ũᵀφ(ξ))� (Ṽ ᵀφ(ξ)))}
− κ ‖s‖ tr{Ṽ ᵀV̂ } − κ ‖s‖ tr{ŨᵀÛ}. (45)

Since

tr{Ṽ ᵀV̂ } = tr{Ṽ ᵀ(V − Ṽ )} =< Ṽ , V > −||Ṽ ||2F
≤ ||Ṽ ||F ‖V ‖F − ||Ṽ ||2F (46)

where || · ||F is the Frobenius norm, we can write

L̇2 ≤ −Khmin ‖s‖2 − ‖s‖φ2B ||Ṽ ᵀ||F ||Ũᵀ||F
− κ ‖s‖ · ||Ṽ ||F (VB − ||Ṽ ||F )
− κ ‖s‖ · ||Ũ ||F (UB − ||Ũ ||F )

= − ‖s‖Khmin ‖s‖ − ‖s‖ZᵀAZ − ‖s‖ZᵀB

= − ‖s‖ {Khmin ‖s‖+ ZᵀAZ + ZᵀB} (47)

where

Z =

[
||Ṽ ᵀ||F
||Ũᵀ||F

]
, A =

[
−κ 1

2φ
2
B

1
2φ

2
B −κ

]
, B = κ

[
VB

UB

]

and Khmin is the minimum singular value of Kh and the bounds
φB , VB , UB . Completing the square

ZᵀAZ + ZᵀB

= (Z + 1
2A

−1B)ᵀA(Z + 1
2A

−1B)− 1
4B

ᵀA−1B. (48)

Thus, the term in the braces in (47) is guaranteed positive if and
only if either

‖s‖ >
1
4B

ᵀA−1B

Khmin

≡ bs (49)

or

Z > − 1
2A

−1B +
√

1
4B

ᵀA−1B ≡ bZ . (50)

Combining the results from (43) and (47), L̇ is negative
outside a compact set for the NN weight update laws (38)–(40).
Since L > 0 and L̇ < 0, the sliding mode errors s, r and the NN
weight errors Ṽ , Ũ , W̃ are bounded. �

Note the UUB bound can be decreased by decreasing the
learning rate κ in (49), (51), and (52) which can be shown by
expanding the terms

1
4B

ᵀA−1B =
κ2(κU2

B + UBVBφ
2
B + κV 2

B)

φ4B − 4κ2
(51)

1
2A

−1B =
κ

φ2B − 4κ2

[
UBφ

2
B + 2VBκ

VBφ
2
B + 2UBκ

]
. (52)

Since r, s are UUB, Theorem 1 show that the human intent is
closely estimated, while Theorem 2 shows that the desired error
dynamics (19) are closely followed.

B. Algorithm Enhancements

The inner-loop NN in (35) can be implemented with addi-
tional hidden layers to increase the accuracy of the nonlinear
approximation function. However, this increases the overall
computational complexity and could reduce the controller up-
date rate. In principle, the proof in Section IV can be expanded
to include multilayer NNs by modifying the L1 term, which
results in additional weight update equations as detailed in [23].
For example, the two-layer NN

ĝ1(ψ) = Ŵ ᵀ
0 σ(Ŵ

ᵀ
1 ψ) + ε (53)

could reduce residual error ε but requires one additional update
law

˙̂
W0 = F0σ̂r

ᵀ − F0
˙̂σW ᵀ

1 ψr
ᵀ − κF0 ‖r‖ Ŵ0 (54)

˙̂
W1 = F1ψ

(
˙̂σᵀŴ0r

)ᵀ
− κF1 ‖r‖ Ŵ1 (55)

where F0, F1 are positive definite gain matrices and κ is a scalar
design parameter. Furthermore, accuracy and stability can be
improved with a feedforward or robustifying term

v = −KZ

(
||Ẑ||F + ZB

)
r (56)

in the control force

fc = ĝ1(ψ) +Kvr − fh − v (57)

as depicted in Fig. 3. This robustifying signal, v, must be added
to guarantee tracking as well as bounded NN weights. It is
introduced in the controller to guarantee Lyapunov stability.
More details of the need for a robustifying term in the NAC
can be found in [21].

If the NN is too small, the gain KZ could be increased to
reduce the error bounds. Matrix

Z =

[
W0 0

0 W1

]
(58)

contains all the NN weights and is assumed to be bounded by
a positive value such that ‖Z‖F ≤ ZB . For detailed derivations
and Lyapunov stability proof of the two-layer case, please refer
to Lewis et al. [23].
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Fig. 4. Setup for experimental validation testing.

Fig. 5. Grid layout for visual guidance during trajectory following.

V. EXPERIMENTAL VALIDATION

The NAC was experimentally validated on the PR2 mobile
manipulator shown in Fig. 4. The PR2 has two 7 DoF arms
with two parallel grippers and force/torque (F/T) sensors in
its wrists, and runs a hard real-time control loop updated at
1 kHz. The robot runs the robot operating system (ROS) [31]
together with a real-time controller manager framework, which
can load and unload controllers as plug-ins. The NN controller
and estimator were implemented with Eigen, a C++ library for
linear algebra [32], and subsequently incorporated in a new
publicly available ROS repository SkinLearn [33]. Due to its
computational complexity, the NAC is updated every third loop
in a parallel thread, resulting in a torque update rate of 333 Hz.
This sampling rate is sufficient for pHRI [34].

A. Setup

The PR2 robot was positioned in front of a table with the left
arm holding a white cylinder, which was able to rotate freely
around its vertical axis (see Fig. 4). Below the gripper, a narrow
extension indicated the gripper location on a piece of paper
shown in Fig. 5. The paper depicted a 3× 3 grid with points
labeled from A through I , separated at a distance of 12.5 cm.

A human operator was asked to sit at the table and grab the
cylinder above the gripper. During the experiment, the robot
verbally instructed the user to move to certain points. One trial
involved moving the gripper in a square, diamond, and circular
patterns, both counter-clockwise and clockwise. The following
27 points were traversed:

A,C, I,G,A,G, I, C,A,D,B, F,H,D,H, F,B,D,

B′, F ′, H ′, D′, H ′, F ′, B′, D′, A

where ′ indicates a circular path. Each point took approximately
5.0 s to reach, for a total of 180 s per trial including idle time.
Data were automatically recorded at 50 Hz, including encoder,
sensor, controller, and timing data. The following controller
configurations were utilized to evaluate different components
of the proposed control scheme:

1) Prescribed Error Dynamics
a) Disabled
b) Enabled

2) Reference trajectory xr set to
a) xd (pose desired by human)
b) x̂d (estimated human intent from outer-loop)
c) xm (fixed admittance model from [25])

giving a total of six permutations. To disable the PED, the
inner-loop gain matrix Λ is fixed and the filtered force fl is set to
zero in (21). As a result, there is no need to update (23)–(25) and
the parameters Γ,Kd, Dd are irrelevant. This allowed investi-
gating the effect of having PED in the neuroadaptive inner-loop.
Each experimental set was executed five times by four subjects
(two male and two female) in the 18–30 age range who were
recruited for this experiment. The total experimentation time was
approximately 6 h per subject, including rest periods in between
data collection to minimize arm fatigue. Counting the square,
diamond, and circle separately, there were 90 experimental trials
per subject.

For (a), it is assumed that the robot knows the ideal refer-
ence trajectory, which is communicated to the human subject
via audiovisual cues. Both the robot and human agree on the
reference trajectory, which, for example, generally is the case
during rehabilitation exercises and assisted manufacturing tasks.
In the second setup (b), only the human knows the reference
trajectory while the robots tries to assist by estimating the human
intent using (4) from interaction force, position, and velocity
measurements.

For case (c), the reference trajectory is provided by a fixed au-
toregressive moving-average (ARMA) model described in [25].
The HIE is replaced by the admittance M(z) of ordermθ in the
numerator and nθ in the denominator. It is implemented as

xm[k] = hᵀ[k]θ (59)

with the measured regression vector

hᵀ[k] = [− xm[k − 1], . . . − xm[k − nθ]

fh[k], fh[k − 1], . . . fh[k −mθ]] (60)

sampled at timestep t = kTs. The ideal ARMA parameter matrix

θ = [a1, . . . anθ
, b0, b1, . . . bmθ

] (61)
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was estimated using recursive least squares (RLS). Compared
with the proposed outer-loop HIE, the ARMA model requires a
training phase during which the desired human trajectory xd is
being provided.

The experimental conditions were designed to demonstrate
the capabilities of HIE. Ideally, with proper human intent esti-
mation, a major burden of the task execution should be taken
care of by the robot controller reducing the required human
force (in turn increasing controller force), while keeping the path
error to a minimum. Therefore, to demonstrate this, we compare
the performance of our HIE (xr = x̂d) and PED schemes in
terms of human force, controller force, and path error against
ARMA (xr = xm), which is another intent predictor, and also
against the ideal intent estimation (xr = xd), which is the case
when the robot knows exactly the path the human intends to
move. PEDs makes the interface more intuitive for the human
user by behaving as a second-order system. By comparing the
cases, PED enabled and PED disabled, we compare how the
intuitiveness of the interface affect the performance metrics. In
total, there are six controller settings that were tested.

To compute a suitable Cartesian pose error [10], the ac-
tual and desired trajectories were expressed in terms of three-
dimensional transformation matrices of the form

T =

[
n o a p

0 0 0 0

]
(62)

with the end-effector position p in the robot base frame. The
end-effector approach direction is determined by a, its orien-
tation o specifies the direction along the hand from fingertip to
fingertip, and vectorn completes the definition of a right-handed
coordinate such that n = o× a. The overall Cartesian error

e =

[
epos

erot

]
(63)

is given by the linear position error

epos = pd − p (64)

and the rotation error can be expressed as

erot =
1
2 (n× nd + o× od + a× ad) (65)

where subscript d denotes the desired pose.
In the following two sections, our controller settings and

implementation details are described.
1) Inner-Loop: The performance tuned inner-loop NAC

parameters are Λ = diag{2, 2, 2, 1.2, 1.2, 1.2} and Kv =
diag{5, 5, 5, 3, 3, 3}, for KZ = 0.01, ZB = 100, F0 = 10I63,
F1 = 10I19, and κ = 0.1, where In is the n× n identity matrix.
Large control gains for Kv and Λ reduces the tracking error,
but can result in overshoot and oscillations. The robustifying
termsKZ andZB were tuned by increasing their values until no
controller instabilities were observed. After fixing F0, F1, the
learning rate of the NNs was tuned with κ. Further details on
parameter tuning can be found in [21] and [23].

A two-layer NN was implemented for the inner-loop, with
63 input (including a bias), k hidden layer, and six output
neurons. The radial basis function (RBF) activation function

Fig. 6. Cartesian trajectory tracking using two different controller setups.
One trial consisted of moving the gripper around the square, diamond and
circular shapes, both clockwise and counter-clockwise. (a) PED disabled, (i) xd.
(b) PED enabled, (ii) x̂d.

for the hidden layer neuron i was defined as

σi(ψ) = e−β(ψ−μi)
ᵀ(ψ−μi) (66)

with βi = 1 and vector μi initialized randomly from the discrete
set {−1, 1}. The weights Ŵ of the NN were initialized from the
uniform random distribution [−0.1, 0.1]. The prescribed task
model gain matrices were set to Kd = 20I6, Dd = 10I6 and Γ
was initialized to 10I6.

2) Outer-Loop: Since the desired motion was constrained to
a planar surface, only the x and y positions were estimated.
The outer-loop HIE was initialized withG = 1.0I2,H = 0.1I2,
and κ = 0.01. Similar to the inner-loop controller, it used RBF
activation functions and the NN weights V̂ , Û were initialized
with a uniform random distribution between [−0.1, 0.1]. Both
NNs consisted of 18 input and 12 output neurons. Since random
weights could produce negative definite matrices for Kh and
Dh, a lower limit of 0.01 was imposed on the elements of output
vector P̂ . The tuned ARMA parameter weight matrix θ in (61)
for the x- and y-dimensions was[−0.7639 −0.0554 0.0017 −0.1824 −0.0698

−0.8250 −0.0920 −0.0065 −0.0776 −0.0001

0.2235 −0.2590 0.1051
0.0091 −0.0233 0.0141

]
after conducting two training trials, during which the human
intent xd was provided to the controller. The θ values were
randomly initialized and, then, continuously updated at 20 Hz
using RLSs [25] with human force measurements and tracking
errors as input.

B. Results

The NAC was designed to facilitate efficient and effective
pHRI and simplify the robot’s dynamic behavior as discussed
in Section II-A. Sample trajectory paths from two trials are de-
picted in Fig. 6. During the interaction, the inner- and outer-loop
NN weights are continuously being updated to more accurately
follow the robot reference trajectory and to better predict the
human intent trajectory, respectively. This is confirmed in Fig. 7,
depicting the NN weight norm versus time for the entire duration
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Fig. 7. NN weight norms during one trial with reference trajectory xr = x̂d being provided by the outer-loop HIE (PED is enabled).

Fig. 8. Trajectories in x- and y-directions during one trial using the desired reference trajectory (xd) and HIE (x̂d).

Fig. 9. Human force measurements and NA control force in x- and y-directions during one trial using the desired reference trajectory (xd) and HIE (x̂d).

of one trial. At the beginning, the weights were initialized
randomly and the first movement occurred close to the 10 s mark.
This resulted in a rapid change of the NN weights, especially in
the outer-loop HIE. During the first half of the trial, several
“spikes” appeared at the start of the point-to-point motions,
indicating this was where the majority of the NN tuning took
place. As the trial continued, the rate of change of the outer-loop
weights decreased implying that the NN approximation was
relatively accurate and needed less tuning. The inner-loop weight
norm shows no discernible pattern, hence, the NN weights
are constantly adjusted for new joint angles and Cartesian
trajectories in order to learn the nonlinear dynamics utilized
for feedback linearization. This also implies that the learned

parameters are different for each user and every trajectory. Also
note that the cylindrical object held by both user and robot was
not modeled in shape nor mass, and that the wrenches sensed at
the wrist differ from the actual forces and torques applied by the
operator. However, the learning and stability properties of our
controller were maintained throughout the experiment. Since
several systems learned at the same time, i.e., the inner-loop
NAC, the outer-loop HIE, and the operator, it is important to
consider several aspects of the interaction, such as the resulting
position error, smoothness of motion, and interaction forces.

Figs. 8 and 9 show the position and force value along the
x- and y-axes during one trial, during which the operator first fol-
lowed two square, two diamond, and then two circular patterns
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Fig. 10. Performance measures for different reference trajectories with the inner-loop PED disabled (i.e., Λ̇ = 0) and enabled. (a) Mean position error.
(b) Squared jerk. (c) Mean force magnitude.

defined by the 27 points listed in Section V-A. For this trial, the
inner-loop PED were enabled and the matricesΛ,Γ converged to
2.8I6 and 7.2I6, respectively, within 1 s. For all three trajectory
cases discussed in Section V-A, the end-effector and human hand
position x was able to reach the desired points within the 1 cm
range. The estimated x̂d approximately followed xd, indicating
that the NN was able to approximate the intent trajectory within
some error bound ε1 as defined in (4). Note that during the
diamond pattern, there is a difference in slope between the
actual trajectory x(xd) and the provided referenced trajectory
xr = xd. In the experiment, each user had been instructed to
transition between the points in approximately 5 s. Since the
distance between points inside the diamond pattern is shorter
when compared to the square pattern, the users had to reduce the
velocity at which they were moving the end-effector. However,
in Fig. 8, the operator maintained the same velocity for both
patterns and as a result arrived faster at the diamond waypoints.
In the case of xr = x̂d, the intent estimator predicted a trajectory
that matched closer to the motion executed by the operator.

The tracking performance was quantified by computing the
position error at each time step kT and, then, the mean over the
entire trial

‖e‖2 =
1

N

N∑
k=1

‖xdes(kT )− x(kT )‖2 (67)

where N is the number of data points and T = 0.02 s (the
data were recorded at 50 Hz). The error bar plot in Fig. 10(a)
shows that the mean position error was less than 9 mm. The
high accuracy was expected, since the pattern below the gripper
provided the operator with instant visual feedback. The largest
mean position error occurred when xr = x̂d and the PED were
disabled. When the PED are turned OFF and the robot no longer
behaves like a simple admittance model, the operator has to
learn the machine dynamics and tune their own neuromuscular
controller. The HIE introduces further uncertainty in form of an
NN estimation error, which made the robot harder to control.
However, with the PED enabled, the NN estimator performed
similar to when the actual desired reference trajectory was
provided to the robot, indicating good performance. Further user
studies with more subjects are needed to determine the precise
accuracy range of the different control setups.

The smoothness of the physical interaction was measured in
form of the dimensionless squared jerk

Jα =

∫ tf

ts

...
p (t)2dt

(tf − ts)
5

A2
(68)

where parameter A is the total length of path p(t) taken by
the robot gripper and human hand from start time ts to final
time tf . Fig. 10(b) shows that the dimensionless squared jerk
was decreased with the PED enabled, indicating better HRI
performance. Compared with the ARMA reference trajectory
xm, the NA controller benefited more from enabling PED. This
can be explained by the nature of the ARMA model—the moving
average acts as a low-pass filter on the robot motion. The smallest
jerk was produced when xr = xd, since the robot for the most
part is guiding the user who only performs minor corrections.
Also, the PED imposes a simple admittance model on the robot
dynamics making it easy for the human to learn and follow
along. If the robot receives the wrong desired human intent,
the controller will fight against the operator’s movements.

Fig. 10(c) shows the mean 2-norm of the robot control force
fc and human force fh, i.e.,

‖f‖2 =
1

N

N∑
k=1

‖f(kT )‖2. (69)

With PED disabled, the user had to exert a larger force to follow
the desired trajectory. With PED enabled, less effort was required
by the user implying that the robot was assisting with the motion.
As expected, the robot controller force had to compensate and
increased in magnitude, however, the amount of increase was
nonlinear. The ARMA trajectory performed better than the
NN estimation, since it is taking previous measurements into
account, which are stored in the parameter vector (60). An esti-
mator with a larger NN (i.e., more hidden layers) could possibly
increase the accuracy of the HIE, however, the NN update would
require more computations and take longer to complete. One of
the challenges was to run the framework at a high update rate
(e.g., faster than 100 Hz), which is essential during pHRI. The
PR2 real-time loop was pushed to its limits with the implemented
two-loop structure and three NNs, however, it is still very capable
considering it was introduced in 2009.
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Fig. 11. Controller performance for different number of hidden layer neurons (PED enabled with reference trajectory x̂d). (a) Mean position error. (b) Squared
jerk. (c) Mean force magnitude.

TABLE I
PERFORMANCE MEASUREMENTS FOR DIFFERENT REFERENCE TRAJECTORIES

WITH PED DISABLED AND ENABLED

We conducted preliminary experiments with a single user to
investigate the effect of the hidden neuron layer size on the
controller performance. The size of the NAC hidden layer was
increased from 18 to 22, 25, and then 30. Results are summarized
in Fig. 11, depicting the mean squared jerk, position error, and
force magnitude across all three patterns (circle, diamond, and
square) repeated twice. Based on these experiments, we selected
k = 25 as the size of the hidden layer for all subsequent user
experiments.

Overall, the experiments show that the NAC with human
intent estimation has comparable tracking performance when
compared to the ARMA admittance predictor. Our approach has
the advantage of being online and does not require any training.
Imposing a simple admittance model by utilizing PED in the
inner-loop simplifies the interaction according to the crossover
model and results in smooth pHRI. In addition, the PED al-
lows tailoring the interaction to individual pHRI preferences by
adjusting the two gains Kd and Dd. The performance results
plotted in Fig. 10 are summarized in Table I.

The method of [12] adopts the impedance of a virtual dy-
namics model that is experienced by the user such that the
task performance errors are minimized. A virtual internal model
that implements virtual dynamics outputs a trajectory that the
local servo controller tracks. Therefore, it can be thought of as
the human intent as being estimated by an adaptive impedance
model. In this article, the human intent is predicted differently

TABLE II
SUMMARY OF IMPORTANT NOMENCLATURE
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via an NN in the case of HIE, and using a pretrained ARMA
model in case of ARMA. Furthermore, the addition of the NAC
feedback linearizes the robot dynamics making our controller
applicable to complex robots such as PR2 as demonstrated in
the experiments.

VI. CONCLUSION

In this article, we described a neuroadaptive pHRI controller
which relies on human force and pose measurements and can
adapt to varying robot dynamics. It can also adapt to different
users (evident by the similar behavior across multiple users that
can be noted in the margin of error of the results) and simplifies
the interaction by making the robot behave according to a PED.
In our controller formulation, two NNs in the “outer-loop”
predict human motion intent and estimate a reference trajectory
for the robot that the “inner-loop” controller follows. The inner-
loop imposes PED and feedback linearizes the robot dynamics
with a third NN. Lyapunov stability analysis provides weight
tuning laws that guarantee that if the human pushing force is
bounded, the error signals and NN weight errors converge to
zero, and the desired reference trajectory is achieved. The NAC
was implemented on a PR2 robot and validated in point-to-point
motion experiments. Results confirmed fast convergence and
that the position error and motion jerk was reduced compared
to a standard admittance controller, indicating that the two-loop
controller achieves efficient and intuitive human–robot collab-
oration. The ROS code for the inner and outer control loops
for the PR2 robot are now available in the SkinLearn public
repository [33].

When compared to gravity compensation pHRI controllers,
the method described in this article for pHRI has major differ-
ences. For the PR2 robot, such interaction mode aims to actively
negate the effects of gravity on the robot, however, the feedback
loop needs an explicit value for the gravity term of the controller.
Based on empirical evidence from our implementation on the
PR2, the controller did not perform well when the control-loop
frequency is reduced below 200 HZ, or if the computing load was
significant making the system nonreal time. In the implementa-
tion of our controller’s NNs, too many neurons will slow down
the control-loop frequency. To run this controller on a robot,
fast computing resources and real-time control are required. In
addition, Coriolis effects that become significant at high speeds
are neglected. In contrast, in the method described in this article,
the objective is to 1) estimate the nonlinear terms of the controller
online while also 2) minimizing the forces applied by the human
to force the robot along certain trajectories.

This article was validated through pilot experiments with
four subjects and in the future, experiments will involve testing
the proposed control scheme with more human subjects and
different types of tasks and range of motion. Instead of simple
point-to-point task motions, we envision complex rehabilitation
exercises and comanipulation of objects using tactile robot skins.
In addition, comanipulating different objects of various shapes
and sizes will help exploring the robustness of the proposed
system. More powerful robot real-time hardware would allow
for larger NNs and possible even better performance. In future,

we also plan to investigate the impact of other human-transfer
function models on the performance of our controller.
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