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ABSTRACT Assistive and rehabilitation robotics have gained momentum over the past decade and are
expected to progress significantly in the next years. Although relevant and promising research advances have
contributed to these fields, existing challenges regarding intentional physical contact with humans are to be
faced. Despite being a fundamental operation in assistive and rehabilitation tasks, there is an evident lack
of works related to robotic manipulators that intentionally manipulate human body parts. Besides, existing
solutions involving end-effector robots are not based on accurate knowledge of human limbs’ dimensions
and current configuration. This knowledge, which is essential for safe human–limb manipulation, depends
on the grasping location and human kinematic parameters. This paper addresses the upper limb manipulation
challenge and proposes a pose estimation method using a compliant robotic manipulator. To the best of
our knowledge, this is the first procedure in tackling this challenge. A kinesthetic-based approach enables
estimating the human arm’s kinematic parameters without integrating external sensors. The estimation
method relies only on proprioceptive data obtained from a collaborative robot with a Cartesian impedance-
based controller to follow a compliant trajectory that depends on human arm kinodynamics. The human arm
model is considered as a 2-degree of freedom (DoFs) kinematic chain. Thus, prior knowledge of the arm’s
behavior and an estimation method enables estimation of the kinematic parameters. Two estimation methods
are implemented and compared: i) Hough Transform (HT); ii) Least Squares (LS). Besides, a resizable,
sensorized dummy arm is designed for experimental validation of the proposed approach. Outcomes from
six experiments with different arm lengths demonstrates the repeatability and effectiveness of the proposed
methodology, which can be used in several rehabilitation robotic applications.

INDEX TERMS Human–Robot Interaction, Motion Analysis, Robot Motion, Assistive Robotics

I. INTRODUCTION

ASSISTIVE robots can be defined as devices equipped
with sensory, perceptive, and cognitive capabilities to

physically help disabled or elderly people in daily-life activi-
ties, thus circumventing the need for an attendant [1]. Typical
existing applications involving this technology include activ-
ities that do not require high levels of physical interactions,
such as feeding [2] or dressing [3]. However, the ability to
facilitate tasks that involve high levels of physical interaction,
such as climbing stairs or standing up from a bed or chair [4],
relocating limbs [5], object handovers [6], and stabilizing
limb motions [7], is also desired in assistive robots.

These physical assistance devices can also be employed in
other fields, such as rehabilitation robotics, which has gained
importance in recent years [8]. This field of robotics offers
multiple benefits by improving treatment quality in terms
of repeatability and efficiency and providing an objective
approach to evaluate patients’ progress [9]–[12].

One of the main challenges in physical robotic attendance
and rehabilitation is the manipulation of human limbs [13]–
[15]. In previous studies, this challenge has been tackled
using two main approaches: exoskeletons and end-effector
devices. Exoskeletons have been extensively studied and
used for both assistance and rehabilitation purposes. These
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FIGURE 1. Illustration of the problem tackled in this work: A compliant robot
manipulating a 3D-printed dummy arm that simulates the behavior of a human
arm. Due to the compliance of the Cartesian impedance controller, the robot
motion adapts to the kinodynamics of the dummy arm, modifying the
end-effector trajectory, and allowing the estimation of the kinematic
parameters. The XYZ-RGB convention has been applied in all reference
frames. A full description of the parameters can be found in Section II.

systems are wearable devices designed for multiple purposes.
Some of these applications include, but are not limited to
help patients in their daily tasks (e.g., suppressing upper
limb tremors in people with neurological damage [16]), assist
people to handle heavy loads [17], or rehabilitation (e.g.,
as hand and wrist rehabilitation robots described in [18]
and [19]). However, they are usually heavy, obtrusive, and
hard to wear. In contrast, end-effector systems, although
bulky, tend to be multipurpose. This solution can be im-
plemented using collaborative robot arms (Cobots), sensi-
tive manipulators, or industrial manipulators with external
force/torque sensors [20], [21]. One of the main advantages
is that they are not attached to the human body. Hence,
the same system can be used for multiple tasks, especially
if they are mounted on a mobile platform [22]. Regarding
rehabilitation applications, end-effector robots are thought to
be used under a therapist’s supervision, and they have also
been successfully used for upper limb tremor suppression [7].
Apart from these two approaches, a few ad-hoc solutions
based on custom-designed devices with unique mechanical
configurations have also been considered [23], [24]. One of
the main advantages of these solutions is that they provide
more efficient or safer functionality in specific tasks [25].

This work focuses on the application of compliant, end-
effector manipulator systems for rehabilitation tasks. Sen-
sitive manipulators include joint torque sensors that can be

used to provide compliant control schemes in the task space.
Cartesian impedance control in robots used for human inter-
actions enables the robot to adapt to physical contact with the
user. In this respect, low impedance ensures more compliant
robot behavior but can cause poor task performance in terms
of movement accuracy and precision. In contrast, a high
impedance improves the programmed task’s performance
but can compromise user safety. Nevertheless, in the works
cited before, the robotic systems never adopt an active ma-
nipulative role. I.e., the robots do not directly manipulate
the human limb, but adapt to the motion intended by the
human. During direct manipulation of human body parts,
using a stand-alone compliant controller does not ensure
safety, and more information is needed. In this respect, an
accurate kinodynamic model of the human subject and real-
time monitoring of the joint pose of the subject lead to several
improvements in performance, safety and precision.

Existing approaches include visual methods for estimating
human posture [26], [27]. However, due to several limitations
(e.g., camera placement, illumination settings, or occlusions),
such methods are not accurate and robust enough for daily
life activities with critical safety restrictions. To overcome
this problem, a combination of optical [28], [29] and iner-
tial [30], [31] sensors is usually employed. These solutions
involve computationally expensive algorithms that must be
executed concurrently with the application. Consequently,
synchronization between the two systems is essential for
accomplishing the task.

A different approach consists of the use of proprioceptive
information. A robot can obtain the human subject kinody-
namic model from the resultant trajectories of the physical
Human–Robot Interaction (pHRI) task. Based on this con-
cept, a method that estimates the link weights in human upper
limbs to compensate for the gravitational forces of exoskele-
tons has recently been presented [32]. Laitenberger et al.
proposed a method to estimate the parameter values using
offline external tools [33]. Moreover, recent developments
in robot sensing for pHRI include the use of underactuated
grippers equipped with tactile sensing and kinesthetic (posi-
tion) perception to improve their knowledge of the grasped
objects [34], and estimation of the roll angle of the grasped
human forearm with an underactuated gripper [5]. Based on
the same principle, the compliant robot’s resulting trajecto-
ries during the manipulation of a human limb can be used
as individual-specific data to estimate the limb’s kinematic
parameters and poses.

This study contributes to the human-limb robotic manipu-
lation problem tackling the challenge of upper limb parame-
ter estimation with a commercial robot arm, using kinesthetic
information only. In this paper, we propose a novel approach
that only requires a simple ascendant motion to estimate a
passive person’s arm’s kinematic parameters. To the best of
the authors’ knowledge, this study represents the first and
only work in this domain. The proposed method allows for
estimating the human arm’s kinematic model without the
need for external sensors (e.g., cameras, mocaps). Motion
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planning algorithms can then be used with the estimated
model in multiple assistive and rehabilitation applications
that require upper limb manipulation. The estimated param-
eters include the distance from the grasping location to the
elbow, the distance between the elbow and shoulder axes
(humerus length), and the elbow and shoulder poses. This
task requires a manipulator robot with Cartesian compliance
control, a suitable gripper, and real-time position feedback.
When no visual methods are used, the initial grasping of
the human forearm is performed with the help of a human
supervisor. Once the attachment is done, the method is fully
autonomous and does not require any supervision. To val-
idate our approach, a 3D-printed, customizable, sensorized
anthropomorphic arm is used. The dummy arm has 6-DoF
and similar lengths and masses to the human arm. Besides, it
integrates joint sensors that provide ground-truth data.

The remainder of this paper is organized as follows: In
Section II, we present the problem, its formulation, and
constraints. Section III describes the proposed method. In
Section IV, the experiments carried out to evaluate the sys-
tem’s performance under different kinodynamic conditions
are presented. In Section V, we discuss the experimental
results and the limitations of the proposed methodology.
Finally, Section VI presents the conclusions and possible
lines of future research.

II. PROBLEM STATEMENT
The challenge described above is simplified by assuming
that the human arm is extended with the forearm section
lying on a surface, as typically observed in various rehabil-
itation tasks [35]–[37]. Considering this scenario illustrated
in Fig. 1, a compliant robot grasps the arm to manipulate
it in a specific way based on the desired task. During the
manipulation, the robot may perform motions in the human-
arm task space causing the arm to reach dangerous configura-
tions in the joint space and, therefore, injuries to the subject.
Examples of unsafe movements include those that exceed the
joint range or cause the elbow to hit nearby surfaces (e.g.,
floor, bed, stretcher), leading to possible physical injury for a
vulnerable person (elderly, patient, or victim).

A. APPROACH
The proposed approach involves developing a method to
identify the kinematic parameters of a human upper limb
for pose estimation and safe manipulation with a compliant
robot, considering the robot does not have any previous
information about these parameters. This method is based
on implementing an estimation trajectory before the desired
assistive or rehabilitation task. Once the motion is initiated,
the robot can use an estimated kinematic model to limit
the workspace and plan the motions according to the task
requirements and safety restrictions.

A schematic of the problem is shown in Fig. 1, where all
the geometric elements are represented in the human sagittal
plane (S). The subscript h refers to the human arm, with xhG

,
xhE

, xhS
∈ R3 representing the pose (position ∈ R2 and

orientation ∈ R) of the grasping point, elbow, and shoulder,
respectively. For clarity, the XYZ-RGB convention is used
in all the figures in this paper. Hence, the axis labels of the
reference frames are omitted.

Another assumption involved in our proposal is that the
human subject is considered as entirely passive (i.e., an
unconscious person or a relaxed, collaborative patient) during
the estimation motion. In a real-world scenario, a supervisor
or therapist should ask the patient to remain still while the
robot is performing the estimation trajectory. Hence, the
torques at the human arm joints are null (τh = 0). Therefore,
all wrenches applied to the human arm originate from the
gravitational forces of the arm and the motion of the robot
manipulator. The robot has an impedance-based controller
(explained in Section III-B), which ensures compliant motion
when the robot moves the human arm in S while restricting
the motion out of this plane. This compliance causes the
trajectory of the end-effector to change due to the dynamic
effects and kinematic constraints of the human arm. Then,
when the desired path Pxd

is to be followed, the kinodynam-
ics of the human arm modify this path, and the end-effector
follows the actual path PxhG

.
Thus, the main idea of this approach is that the actual,

modified pathPxhG
can be used to estimate the parameters of

an identification model (Υ). These parameters are the lengths
of the human forearm and upper arm (lh ∈ R2) and the
reference frame of the shoulder (ΣhS

) with respect to the
grasping point in the sagittal plane reference frame (ΣS ),
given by [̃

lh, Σ̃hS

]
= Υ

(
PxhG

)
. (1)

Here, the symbol (˜) refers to the estimated parameters. This
model is explained in detail in Section III-C.

B. HUMAN ARM DYNAMICS
In pHRI applications, the analysis of interaction wrenches is
crucial for developing a safety system [38]. Such an analysis
is even more critical in complex human-limb manipulation
applications. In this section, the human arm’s dynamic model
is described, and the wrenches involved in the interaction be-
tween the arm and the robot during the estimation movement
are analyzed. According to [39], the human arm can be mod-
eled as a 7-degrees of freedom (DoFs) manipulator. When
manipulating the arm, the robotic manipulator’s acceleration
and velocity are low due to safety requirements. Hence, under
this assumption, the inertial and Coriolis effects that the robot
motion produces on the human arm joint space are reduced.
Therefore, the dominant dynamic effects are gravitational.
No additional kinematic information about the human arm
is acquired when performing motions outside of plane S.
Hence, in this study, the task space is limited to the plane S.
This constraint is one of the main limitations of the proposed
method and is discussed in more detail in Section V.

An impedance Cartesian controller can restrict the task
space of the human arm to the plane S if the axis’s impedance
perpendicular to the plane and the respective rotational
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FIGURE 2. Schematic of the proposed approach, divided into four stages: i) planning; ii) control; iii) parameter estimation; iv) pose estimation.

impedance indexes are sufficiently high (see Section III-B).
Hence, the following simplification can be considered: The
human arm’s dynamic behavior, which establishes the dy-
namic relationships between the human-arm task and joint
spaces, can be modeled as a simplified 2-DoF manipulator
contained in the sagittal plane, as shown below.

Mh (qh) q̈h︸ ︷︷ ︸
�gh(qh)

+ Ch (qh, q̇h) qh︸ ︷︷ ︸
�gh(qh)

+gh (qh)

= τh︸︷︷︸
0

+JTh (qh) fh, (2)

where qh ∈ R2 defines the joint space configuration, Mh ∈
R2×2 is the symmetric and positive mass matrix, Ch ∈ R2×2

is the Coriolis matrix, gh ∈ R2 and τh ∈ R2 are the gravity
and torque vectors, respectively, JTh ∈ R2×2 is the Jacobian
matrix, and fh ∈ R3 is the interaction force vector of the
human arm.

As defined by (2), the most significant dynamic effects
on the human arm during the estimation motion are gravita-
tional; thus, no damage is caused to the human arm joints due
to the applied wrenches. Similarly, the impedance-based con-
troller, which defines the dynamic robotic behavior, ensures
that the human-arm joint space limits are not violated. Details
regarding the motion planning and Cartesian impedance con-
troller are provided in Sections III-A and III-B, respectively.

III. LIMB ESTIMATION METHOD
This section describes the four structural elements of the
architecture shown in Fig. 2: i) planning, ii) control, iii) pa-
rameter estimation, and iv) pose estimation.

A. MOTION PLANNING

At the beginning of the operation, the robot’s end-effector
is located at xhG

. This point can be previously set by an
operator or can be autonomously calculated by the robot
using computer vision techniques, such as the one presented
in [40]. However, the performance of these methods is sen-
sitive to lighting conditions. Besides, possible occlusions
caused by clothes or bed sheets may render these methods
ineffective. Nevertheless, the method to obtain xhG

is beyond
the scope of this work. The proposed approach is based on
common robotic rehabilitation procedures [41], in which the
gripper is manually placed by a human supervisor (therapist).
Once the gripper grasps the arm, the center of the grasp and
its orientation are recorded, and thus, ΣS is set. Similarly,
the sagittal plane, which is the vertical plane that contains
the gripper XZ-axis, is also obtained. For convenience, the
XZ-coordinates are taken as the coordinates of S (see Sec-
tion IV-B).

To identify the kinematic parameters, the manipulator
must perform the following operation (see Fig. 1): at the
beginning of the operation, the human arm is placed on a
flat surface (e.g., a bed or a table), and the gripper grasps the
wrist at xhG

. Then, a trajectory command to move the arm
from xhG

to a point (xhR
∈ R3) is transmitted to the robot.

This point is pre-computed from xhG
, considering an initial

joint positions of the human arm with qh0
= 0, final joint

positions qhf
= π/4, and lengths lh0

= 300mm. Then, xhR

is computed as follows:

xhR
=

xhG
+ lh0

(
cos
(
qhf

)
+ 1
)

zhG
+ lh0

(
sin
(
qhf

)
+ 1
)

ψhG
+ π

2

 . (3)
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The robot tries to follow a linear interpolation path (Pxd
)

between xhG
and xhR

(see Fig. 1). The actual path (PxhG
)

depends on the human arm parameters, such as the link
weights and lengths. xhG

is used to identify the kinematic
parameters using two estimation methods: the generalized
Hough transform (HT) [42] and the least squares method
(LS) (see Section III-C).

B. ROBOT CONTROL
The estimation must be conducted under an impedance con-
trol scheme to ensure that the robot follows a path within the
natural human arm range of motion. This section describes
the employed impedance controller. We consider the dynamic
model of a generic n-DoF manipulator, which is defined as
follows:

Mr (qr) q̈r + Cr (qr, q̇r) q̇r + gr (qr) = τ r + τ rext
, (4)

where the subindex r refers to the robotic manipulator, qr ∈
Rn defines the joint space configuration, Mr (qr) ∈ Rn×n
is the symmetric and positive mass matrix, Cr (qr, q̇r) ∈
Rn×n is the Coriolis matrix, gr (qr) ∈ Rn and τ r ∈ Rn are
the gravity and input torque vectors, respectively, and τ rext

∈
Rn is the external torque vector.

Although the proposed estimation methodology is valid for
both redundant and non-redundant manipulators, the former
type with seven DoFs (n = 7) was used in this study, and the
impedance controller described below is of this type as well.
Impedance controllers for non-redundant manipulators are
described in [43]. To design a Cartesian impedance controller
for a redundant manipulator, an end-effector dynamic model
in the operational space [44] is required:

Λr (qr) ẍr + µr (qr, q̇r) ẋr + frg (qr) = fr + frext
, (5)

where xr ∈ R6 is the task coordinate vector in Cartesian
space, Λr(qr) ∈ R6×6 is the end-effector inertia matrix,
µr(qr, q̇r) ∈ R6×6 is the Cartesian Coriolis matrix, and
frg (qr) = J†Tr (qr) gr (qr) ∈ R6, fr = J†Tr (qr) τ r ∈ R6,
and frext ∈ R6 are the gravitational, control, and external
forces vectors, respectively. Notably, only the end-effector
dynamics are considered in (5); the null-space dynamics
are not included. The matrix J† (qr) is the dynamically
consistent generalized inverse of the Jacobian matrix, which
is defined as

J†r (qr) = M−1
r (qr) JTr (qr) (Jr (qr)

M−1
r (qr) JTr (qr)

)−1
. (6)

The end-effector inertia matrix Λr(qr) and the Cartesian
Coriolis matrix µr(qr, q̇r) can be computed as in [45]:

Λr(qr) =
(
Jr (qr) M−1

r (qr) JTr (qr)
)−1

, (7)

µr(qr, q̇r)ẋr = Λr(qr)
(
Jr (qr) M−1

r (qr)

Cr (qr, q̇r)− J̇r (qr)
)

q̇r. (8)

During the estimation movement, the desired robot behav-
ior is similar to that of a mass–spring–damper system:

Λdẍe + Drẋe + Krxe = frext
, (9)

where xe = xr − xd is the position error between the
robot position xr and the desired virtual equilibrium position
xd; and Λd ∈ R6×6, Dr ∈ R6×6, and Kr ∈ R6×6

are the desired inertia, damping, and stiffness matrices of
the end-effector, respectively. Λd, Kr, and Dr are constant,
symmetric positive-definite matrices.

For simplicity, the desired end-effector inertia matrix is set
as identical to the robot end-effector inertia matrix, Λd =
Λr (qr). In addition, to ensure the passivity and stability of
the system with a time-varying inertia matrix, the Coriolis
matrix must be included. The stability proof of that argument
is developed in detail in [46]. Thus, equation (9) can be
rewritten as

Λr (qr) ẍe+ (µr (qr, q̇r) + Dr) ẋe+ Krxe = frext
. (10)

Moreover, as the end-effector inertia matrix depends on the
end-effector pose, the damping matrix should not be constant
for the same reason as the one mentioned earlier. A robot
pose-dependent damping matrix is defined in [47].

Therefore, the desired robot behavior can be achieved by
the following control law:

frext = frg (qr) + Λr (qr) ẍd + µr (qr, q̇r) ẋd−
Dr (qr) ẋe −Krxe. (11)

The input torque of the Cartesian impedance controller is
then defined as

τ r = g (qr) + JTr (qr) (Λr (qr) ẍd+
µr (qr, q̇r) ẋd −Dr (qr) ẋe −Krxe) .

(12)

Thus, by assuming that the interaction wrenches with the hu-
man arm are the only ones applied to the manipulator during
the estimation, we can state that frext

= fh. In addition,
once the robot grasps the arm on xhG

we can assume that
x̂r = xhG

during the entire manipulation process, and this
is true only when the grasping is stable. In this study, zero
slippage and a stable grasp during the entire manipulation
process were considered because this problem is not a part of
this work and should be considered separately.

C. PARAMETER ESTIMATION
Once the task, the controller, and motion planning are set,
multiple methodologies can be used as an estimation model
Υ [48]. This works uses and compares the performance of
HT and LS approaches.

a: Hough Transform:
HT is a feature extraction technique used in computer vision.
It was primarily designed for line detection [49], although it
is also capable of identifying any arbitrary curve. It is based
on a voting procedure performed in the parametric space (P),
through which candidates are obtained as local maxima in the
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accumulator space (A). We know that xhG
and xhE

describe
a circumference with centers in xhE

and xhS
, respectively.

These circumferences (C) are defined by

C {r, s, t} ≡ (xhG
− s)2 + (zhG

− t)2 = r2, (13)

where r denotes the radius, and s and t are the coordinates of
the center in S, respectively. Then, we define the accumulator
matrix (A ∈ Nρ×σ×ς ) as

ρa11
ρa12

ρa13 . . . ρa1ς

ρa21
ρa22

ρa23
ρa2ς

ρa31
ρa32

ρa33
ρa3ς

...
. . .

ρaσ1
ρaσ2

ρaσ3
ρaσς

. . . . . . . . . . . . . . .

. . . . . . . . . . . . . . .

. . . . . . . . . . . . . . .

. . . . . . . . . . . . . . .

2a11
2a12

2a13 . . . 2a1ς

2a21
2a22

2a23
2a2ς

2a31
2a32

2a33
2a3ς

...
. . .

2aσ1
2aσ2

2aσ3
2aσς

1a11
1a12

1a13 . . . 1a1ς

1a21
1a22

1a23
1a2ς

1a31
1a32

1a33
1a3ς

...
. . .

1aσ1
1aσ2

1aσ3
1aσς

r

t

A =

s

, (14)

where ρ, σ, and ς ∈ N are the maximum numbers of
possible values of r, s, and t, respectively. Each element rats
of A accumulates votes for a certain circumference of the
i-th observation.

rats =

N∑
i=1

C {r, s, t} , (15)

where N is the total number of observations, defin-
ing all possible circumferences in the parameter space
(P = {(r, s, t) ,with s, t ∈ Z, r ∈ N}).

Because each point of the path can fit in infinite circum-
ferences, the following assumptions are made to reduce the
search volume and computational load:

1) S has been discretized with a 1 mm grid:

s, t ∈ Z, r ∈ N. (16)

2) Considering the common lengths of the parts of the
human arm, circumferences with radii greater than
ρ = 500 mm are disregarded:

s ∈ [xhG
− ρ, xhG

+ ρ ] , σ, ς = 2 ρ. (17)

3) The centers of the circumferences are normal to the
path of the end-effector:

t = zhG
+ (s− xhG

) tan(ψhG
). (18)

Based on these considerations, we can define HT algorithm
(H (Px)) described in Algorithm 1 for a certain path with N
observations Px = {x1 , . . . ,xi , . . . ,xN}. This algorithm
calculates the most voted curve C∗ {r∗, s∗, t∗} and returns
the radius of this curve (r∗), which is used to estimate the
distances of the parts of the human arm.

Algorithm 1H (Px)

Initialize A: A = 0
for i = 1 : N do

for s = xi − ρ : xi + ρ do
Compute t: t (xi, s)← (18)
Compute r: r (xi, s, t)← (13)
if r ≤ ρ then

Update A (r, s, t): rats = rats + 1
end if

end for
end for
Get C∗: C∗ {r∗, s∗, t∗} ← argmax

r,s,t
A (r, s, t)

return r∗

Once the radius of the circumference is identified, the pose
of its center (xc) can be computed with respect to a certain
point xi on the path, according to the function F (xi, r

∗)

F (xi, r
∗) ≡


xc = xi − r∗ · cos(ψi)
zc = zi − r∗ · sin(ψi)

ψc = arctan
(
‖zc−zi‖
‖xc−xi‖

) (19)

Therefore, the HT identification model can be defined as

ΥHT

(
PxhG

)
≡


l̃h2

= H (Px̂r)

l̃h1 = H
(
Px̃hE

)
Σ̃hS

= F
(
x̃hE

, l̃h1

) , (20)

where the estimation of the elbow pose with respect to the
grasping point is given by

x̃he = F
(
x̃hG

, l̃h2

)
. (21)

b: Least Squares
On the other hand, LS is a standard approach widely used
in regression analysis and parameter estimation [50]–[52].
It is based on the adjustment of the parameters of a model
function to best fit a data set by minimizing the sum of the
squares of the residuals [53]. Let {(vk, wk)}nk=1 be a data
set of n observations composed of a scalar output wk and a
vector input vk ∈ Rm with n > m. Hence, the goal is to find
a function f (v) such that f (vk) ≈ wk:

wk = f (vk) = u1v1 + · · ·+ umvm. (22)

Expanding (22) for the n observations of the data set one
obtain an overdetermined linear system which can be written
in matrix form as

Vu = W, (23)

where V is the coefficient matrix, u is the vector of un-
knowns, and W is the constant terms matrix. According to
[54], the vector of unknowns u that minimizes the quadratic
error is given by

û =
(
VTV

)−1
VTW (24)
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As mentioned above, xhG
and xhE

describe a circum-
ference. To estimate the parameter of such a circumference
with least squares method, one should express (13) in a more
appropriate form:

u1xhG
+ u2zhG

− u3 = x2hG
+ z2hG

, (25)

where u1 = 2s, u2 = 2t and u3 =
(
s2 + t2 − r2

)
.

Evaluating (25) for the whole set of points of the path
yields an overdetermined system of N linear equations and
3 unknowns as the one shown in (23). Then, one can define
the vector of unknowns u = [u1, u2, u3]

T , the coefficient
matrix V and the constant terms matrix W as:

V =

xhG1
zhG1

−1
...

...
...

xhGN
zhGN

−1

 ,
W =

 x
2
hG1

+ z2hG1

...
x2hGN

+ z2hGN

 .
(26)

Thus, obtaining u as in (24), the radius of the circumfer-
ence that offers the best fit to the path is given by

r = LS (Px) =

√(u1
2

)2
+
(u2

2

)2
− u3. (27)

Once the radius is estimated, the pose of its center can be
obtained by (19). Hence, the LS identification model if finally
defined as

ΥLS

(
PxhG

)
≡


l̃h2

= LS (Px̂r)

l̃h1
= LS

(
Px̃hE

)
Σ̃hS

= F
(
x̃hE

, l̃h1

) , (28)

where the estimation of the elbow pose is obtained by (21).

D. LIMB POSE ESTIMATION FOR SAFE MANIPULATION
Once the kinematic model parameters have been estimated,
one can obtain the Cartesian and joint coordinates of the
human arm. These are crucial in order to ensure safe planning
of human limb movement in two ways:

1) Restrict the human joints inside the safe range, which
may differ depending on the subject. This requirement
is fulfilled by the inverse kinematic model of the human
upper limb.

2) Prevent collisions of the human arm with the environ-
ment, which is also important for a safe planning of the
placement motion.

Inverse and forward kinematic models of the human arm
in S can be easily obtained using a geometric approach and
are defined by (29) and (30), respectively.

qh =


arctan

(
xhG
−lh2

cos (ψhG)
yhG
−lh2

sin (ψhG)

)

ψhG
− arctan

(
xhG
−lh2

cos (ψhG)
yhG
−lh2

sin (ψhG)

)
 , (29)

FIGURE 3. A 6-DoF 3D-printed, customizable, and sensorized
anthropomorphic arm that simulates the human arm’s kinodynamic behavior is
used as a dummy for experimental validation of the proposed methodology.

where xhG
, yhG

, ψhG
are the elements of xhG

.

xhE
=

lh1
cos (qh1

)
lh1

sin (qh1
)

qh1

+ ΣhS
,

xhG
=

lh2 cos (qh1 + qh2)
lh2

sin (qh1
+ qh2

)
qh1

+ qh2

+ xhE
,

(30)

where lh1 and lh2 are the elements of lh; qh1 and qh2 are the
elements of qh; and xhG

and xhE
are calculated with respect

to the reference frame at the shoulder of the human arm ΣhS
.

IV. EXPERIMENTS
To evaluate the performance of the proposed approach, the
ground-truth data, including the actual kinematic parameters
of the limbs and the joint value trajectories, must be obtained.
For this purpose, a sensorized dummy with configurable
lengths and weights is used (see Fig. 3).

A. DUMMY ARM

The core design of the dummy is similar to that of the bones
of a human arm. Conceptually, the dummy can be 3D-printed
using common FDM 3D-printers. It has six DoFs: a three-
joint spherical shoulder, a two-joint elbow, and a simplified
single-joint wrist. Note that the dummy has 6-DoFs whereas
a human upper-limb has 7-DoFs. The missing dummy DoF
corresponds to the wrist abduction/adduction. Since the robot
graps the forearm, wrist DoFs do not affect the estimation
movement. The dummy’s kinematic behavior mimics that
of a real human arm, including the joint range of motion.
This device is modular as it allows for modifications in the
link lengths. Therefore, to alter the length of the humerus
(lh1), links of different lengths can be used. A cylindrical
ring of diameter 60mm serves as the forearm grasping point,
imitating the shape of a human wrist. This ring can be
placed at different locations along the “ulna-radius” segment,
allowing for modifications in the length lh2. To imitate the
dynamic behavior of a human arm, additional weights are
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FIGURE 4. Time-lapse of one of the experiments (top), positions (top graph) and orientations (bottom graph) of xhG
during the execution of one experiment.

Although the position deviates a little from S, the predominant motion occurs in S. The same effect can be observed in the orientation, where the most significant
change occurs in the axis perpendicular to S (Y-axis).

attached around the artificial bones. The complete system
design is available for download from a public repository 1.

Analog linear potentiometers built into the six DoFs
measure the joint coordinates of the arm, θh. An Arduino
Mega2560 microcontroller maps the electrical signals to
angular values, with a 100 Hz sampling rate. The micro-
controller integrates a 10-bit ADC. Hence, the joint angles
are measured with a resolution of 0.0047 rad. Because the
movements in S are the only ones considered in this study,
only two joints of the arm are observed (see Fig. 3).

B. EXPERIMENT DESIGN
A KUKA iiwa lbr 7R robot is used for the experiments.
The impedance controller can be programmed with specific
Cartesian stiffness Kr and damping Dr (q) matrices. Kr

was implemented as a diagonal matrix whose values were
chosen to enable a lifting motion of the human arm in S and
simultaneously restrict motion in other directions.

For safety reasons, Dr (q, ) is tuned in order to provide
an overdamped behavior. Under such compliant control, the
resulting trajectory and forces exerted by the end-effector
depend on the interaction wrenches applied by the subject,
which, during lifting, is assumed to be passive (i.e., τh = 0).
Nevertheless, the next additional safety measures are in-
cluded in the robot controller to ensure safe manipulation
even when the subject plays an active role in the task: the

1www.github.com/Taislab/dummyarm

velocity of the robot is limited to 2.5% of the maximum
reachable speed to minimize the risk of injury; moreover, the
maximum force that the robot could exert and the Cartesian
workspace are constrained. Thus, the robot cannot exceed the
natural range of motion of the human joints.

Six experiments are performed using the same link weights
(m1 = 1.55 kg, m2 = 1.317 kg) but with variable lengths.
With the dummy shoulder fixed to the table, the robot is
guided manually to xhG

. Once the wrist is grasped, the ma-
nipulator follows the trajectory specified in Section III-A. As
the grasping point is the only known point, all computations
and measurements are performed with reference to this point.
During the experiments, end-effector Cartesian poses and
dummy joints positions data are collected. All measurements
are recorded at a sampling rate of 100 Hz. For simplicity, the
plane S and the XZ plane of the robot reference framework
are defined as parallel.

V. RESULTS AND DISCUSSION
In Fig. 4 the estimation trajectory performed by the robot
is shown. The sequence of images at the top illustrate the
experiment process, which have been recorded in video 2.
The Cartesian trajectory in position (graph at the top) and
orientation (graph at the bottom) of xhG

is shown. As can be
seen, the motion does not constraint perfectly to the S-plane;
there exist a little divergence from that plane. Nevertheless,

2https://youtu.be/cNCqYyKOUVM
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FIGURE 5. Ground-truth and estimated Cartesian trajectories (top) and joint
trajectories (bottom) for the elbow in one experiment. The green region
indicates the time at which the elbow starts to lift.

the main component of the motion is contained in S, so
the simplifications of the model of the human arm made in
Section II-B are valid.

The performance of the proposed methodology is evalu-
ated by comparing the ground truth and estimated trajec-
tories. The outcomes are shown in Fig. 5, where the top
plot represents the Cartesian trajectories of the elbow. The
estimated X and Z coordinates are represented by dashed
and dotted lines for estimations performed by HT and LS,
respectively, whereas the ground truth data are denoted by
continuous lines. The plot at the bottom presents the trajec-
tories of the two joints of the dummy arm.

Fig. 6 presents plots of the Cartesian paths in S for the six
experiments. These graphs show that the HT-estimated, the
LS-estimated and the ground-truth elbow positions, marked
with circles, asterisks and crosses, respectively, follow sim-
ilar trajectories. The predicted shoulder position, marked
with a triangle and a diamond for HT and LS, respectively,
presents a more significant estimation error. This is due to
the estimation process: as described in Section III-C, the
proposed method first estimates the pose of the elbow, x̃hE

;
then, x̃hE

is used to estimate the pose of the shoulder, x̃hS
.

Thus, x̃hS
includes the accumulated errors of both the elbow

and shoulder estimations.
Table 1 presents a summary of the results, including the

actual and estimated link lengths for each experiment, and
the estimation errors. Between the length estimations (l̃h1

and
l̃h2 ), the former exhibits a lower error than the latter owing to
the aforementioned accumulation error. The same effect is
observed for shoulder estimation, which is performed from
l̃h1. The joint and Cartesian estimation errors are represented
by the mean value and the standard deviation of the root-
mean-square-error (RMSE) function. The error accumulation

effects are more prominent in the elbow and shoulder pose
estimations. As expected, the elbow positions exhibit lower
errors than the shoulder positions. Compared with LS, HT
can handle non-locality better and is more robust to noise,
as noisy points are unlikely to contribute to a single cell.
In terms of computational complexity, the time needed for
the estimation varies with the number of points recorded
during the motion. For a path of 300 points, HT takes 1, 7334
seconds whereas LS takes 0, 0051 seconds, using in an Intel
Core i7-3630 computer with 8GB of RAM. Considering the
functioning of each method (Section III-C), it is obvious that
HT is more complex than LS, but the difference in time is
also explained in terms of implementation. For the imple-
mentation of LS, we used the MatLab Curve Fitting Toolbox,
which provides highly optimized algorithms for regression
and parameter estimation. On the other hand, HT has been
implemented from scratch. The implementation of HT is not
complicated as only three parameters are considered, but
the code generated has not been optimized. Even though
HT takes almost 2 seconds to complete the estimation, it
is fast enough to not interfere with a possible rehabilitation
task. The results confirm the initial hypothesis: HT is a
highly suitable method to identify any circumference present
in the path, such as that followed by the wrist during the
identification of the trajectory. Despite the accumulated error,
the estimated pose of the upper arm is highly accurate, with
errors lower than 1 cm.

Based on the results, it can be concluded that the proposed
method functioned appropriately. The method is capable
of estimating the kinematic model of human upper limbs
without the use of external sensors. Therefore, the results
demonstrate that the proposed methodology can be used as a
preparatory step in rehabilitation and assistive applications in
which the human arm kinematic model needs to be accurately
defined. Nevertheless, a few assumptions were incorporated
in this study, which limits the applicability of the proposed
method to specific real-world tasks.

As previously discussed, robotic manipulation of human
limbs is exceptionally complicated and represents a signifi-
cant challenge in robotics. Multiple aspects related to robotic
control, manipulation, artificial intelligence, and physical
interaction are yet to be considered; hence, although the pro-
posed methodology offers high accuracy, it involves certain
limitations in real-world applications. The first assumption
is that the subject’s arm is lying down and that the available
motions are limited to the sagittal plane. However, although
our experiments were conducted under this assumption, the
proposed method can be extended to different human pos-
tures in the sagittal plane. The subject can also stand or sit
as long as the arm and the estimation motion remain in the
sagittal plane, with the elbow initially lying on a surface.
Nevertheless, for incorporating these postures, the motion
planner should be modified, and a new identification path
must be defined to fit new human postures.

Second, the subject is considered passive during the pa-
rameter estimation. This condition must be fulfilled for cor-
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FIGURE 6. Graphical representation of the results obtained for the six experiments in the plane S. For each point of the Cartesian path (purple dotted line) the
proposed method estimates the position of the elbow and shoulder of the dummy arm. The circles and the squares represent the actual position of the dummy’s
elbow and shoulder, respectively. The crosses and the triangles represent the estimated elbow and shoulder poses by HT, while the asterisks and the diamonds
represent the estimated elbow and shoulder by LS, respectively. The squared area represent a zoom on the elbow paths to illustrate the differences between the
real one, and the ones estimated by HT and LS.

rect functioning of the method. If the subject resists the
robot, the considerations discussed in Section II will not be
fulfilled. Consequently, the trajectory during the estimation
phase may present an erratic shape, and the method may
fail. Because of the passive-subject assumption, the human
shoulder is considered stationary, that is, it occupies a fixed
position in space. This is true when the robot manipulates the
human limb under the action of a proper planner. Finally, the
method is restricted to the sagittal plane, S. This is the most
significant limitation of the method and must be overcome.

The main safety risks involved in robotic manipulation of
human limbs include exceeding the joint limits, causing pain
or injuries, and collisions with the environment or other body
parts. The use of low velocity profiles and impedance control
can help minimize range violations or incidences of hitting
a surface with the elbow. However, safety cannot be ensured
without proper planning. Motion planning can be performed
whenever a model of the human arm is available. Methods
for collision-free planning and task-space boundaries used in
robotics can be applied.

VI. CONCLUSIONS
This paper presented a method for estimating human arm
parameters via robotic manipulation. The estimation method
utilizes the kinesthetic information of the robot, which moves
along a compliant trajectory that can be easily modified
based on human arm kinodynamics. The lengths of the links,
the joints, and the Cartesian positions of the human arm

model were obtained by applying the Hough transform to
measurements from the robot position sensors. To evaluate
the accuracy of the method, six experiments with different
arm lengths were conducted by utilizing a sensorized dummy
that provided ground truth measurements. The experimental
results demonstrate the effectiveness of the proposed method-
ology in terms of human arm pose estimation and thus, in
terms of safe manipulation.

However, safe manipulation requires specific considera-
tions and depends on the desired task. Hence, the imple-
mentation of safe manipulation levels will be further studied
for different potential applications, such as elderly care and
rehabilitation. In addition, additional safety parameters, such
as joint ranges and maximum joint velocities and torques,
must be considered in motion planning after the estimation.

Moreover, the absence of calibration processes makes
the proposed method a ready-to-use solution, even for non-
specialized personnel. The method only requires manually
placing the robot at the grasping point and executing the es-
timation program. In addition, the method offers a generality
unseen in the majority of rehabilitation systems. In contrast
with existing exoskeletons, our system can be used for any
patient without any customization.

In conclusion, the use of a commercial robot manipulator
and the presence of only minor errors in the estimation
process make the proposed method an excellent alternative
to vision-based estimation systems. Although the proposed
method involves certain limitations (constraints of the sagittal
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TABLE 1. Summary of the results: Ground truth and estimated lengths and mean (µ) and standard deviation (σ) of the RMSE of joints and Cartesian positions. For
each experiment, the results obtained with HT and LS are presented at the top and bottom of each cell, respectively, for easy comparison. *Note: The Cartesian
position of the shoulder was estimated only once; hence, the standard deviation is 0.

lHT
h1 lHT

h2 µHT
qh1

σHT
qh1

µHT
qh2

σHT
qh2

µHT
ΣhE

σHT
ΣhE

µHT
ΣhS

σHT∗
ΣhSExp. lh1 lh2 lLS

h1 lLS
h2 µLS

qh1
σLS
qh1

µLS
qh2

σLS
qh2

µLS
ΣhE

σLS
ΣhE

µLS
ΣhS

σLS∗
ΣhS

339 199 1.3402e−2 6.0851e−3 1.9497e−2 9.3472e−3 4.0753 2.3270 11.264 0
1 330 200

333.25 216.12 1.6798e−02 5.8873e−3 4.4404e−2 2.1118e−2 16.387 4.0623 13.021 0
335 179 5.9380e−3 4.0687e−3 1.9825e−2 1.6693e−2 3.3758 1.7417 7.1496 0

2 330 180
302.45 212.99 6.5370e−2 2.9497e−2 5.8048e−2 2.9705e−2 25.450 8.9402 23.070 0
312 199 1.8420e−2 7.0118e−3 3.4763e−2 1.6734e−2 2.5047 1.6050 12.994 0

3 300 200
295.57 219.78 5.1236e−2 1.8237e−2 6.7021e−2 2.9390e−2 15.207 5.5080 3.2653 0
309 178 2.2668e−2 6.7438e−3 2.3956e−2 1.5699e−2 6.3777 3.3123 15.494 0

4 300 180
277.93 199.79 6.7885e−2 2.9639e−2 5.8383e−2 3.0305e−2 12.849 4.8660 21.452 0
282 200 8.4200e−3 5.6806e−3 2.7097e−2 1.9907e−2 4.3389 1.3903 10.553 0

5 270 200
260.77 215.91 4.3893e−2 1.8253e−2 6.8209e−2 2.3381e−2 15.292 4.9043 9.7634 0
297 174 1.7938e−2 7.2856e−3 3.0464e−2 2.3413e−2 10.531 5.2771 24.511 0

6 270 180
268.91 198.33 3.2628e−2 1.7046e−2 7.0260e−2 2.6840e−2 10.091 4.2329 2.1565 0

plane and offline parameter estimation), it highlights the
importance of kinesthetic information. In addition, once the
kinematic parameters are estimated, they can be used not
only for online tasks but also to detect undesirable behav-
iors during human arm manipulation. The main advantages
of this method are its plug-and-play orientation, improved
accuracy compared with that of vision-based methods, and
reduced cost and complexity compared with those of non-
commercial, bulky exoskeleton-based systems.

Furthermore, this work opens the door to future research
in the unexplored field of robotic manipulation of human
limbs. Future studies could consider implementing an ex-
tended version of the proposed methodology to work beyond
the sagittal plane. This approach could also be applied to
estimate the dynamics of the human arm during pHRI tasks.
In addition, the proposed method will be considered for
practical applications with real humans. In this regard, a
generalization of the proposed method is desired to be used
with humans of different complexion.
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