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Abstract—In this paper we provide directions, methods and
metrics that can be used to synthesize a complete framework for
mapping human to robot motion with Functional Anthropomorphism. Such a mapping can be used in order to perform skill
transfer from humans to robot arm hand systems with arbitrary
kinematics. The mapping schemes proposed, first guarantees the
execution of specific functionalities by the robotic artifact in
3D space (task space functional constraints), and then optimizes
anthropomorphism of robot motion. Human-likeness of robot motion is achieved through minimization of structural dissimilarity
between human and robot arm hand system configurations. The
proposed methodology is suitable for a wide range of applications
ranging from learn by demonstration for autonomous grasp
planning, to real time teleoperation and telemanipulation with
robot arm hand systems in remote or dangerous environments.
Index Terms—Mapping Human to Robot Motion, Anthropomorphism, Teleoperation, Telemanipulation, Analytic IK, Optimization, Robot Arm Hand Systems.

I. I NTRODUCTION
Mapping human to robot motion is an active topic of
research for almost 50 years. During the last decade, many
robots have been designed and manufactured in order to
become a vital part of our life; humanoids and toy robots
created to interact with children, industrial robots to cooperate
advantageously with humans, robot companions for elderly
people and prosthetic or assistive robotic devices to help
patients or amputees, regain lost dexterity.
A common characteristic of these robots is the fact that they
have been designed to serve, interact or mimic the human, thus
their design is intrinsically human-centric. Anthropomorphism
in terms of morphological and/or kinematical similarity, has
become a major trend of robotics, for two reasons; safety
in human robot interaction (HRI) applications (humanlike
motion can be predicted more easily by humans, in order to
avoid injuries during interaction) and social connection through
robot likeability (humanlikeness of robots increases their social
acceptability). Anthropomorphism affects also the complexity
of human to robot motion mapping, as for “humanlike” robots
mapping is easy, while for “non-humanlike” robots, mapping
becomes complex [1].

Recently, we proposed Functional Anthropomorphism as a
mapping approach that has as first priority to guarantee the
execution of a specific functionality in task-space and then,
having accomplished that, to optimize anthropomorphism of
structure or form, minimizing a “distance” between the human
and robot motion [2]. Such a functional constraint is more
evident for robot arm hand systems, where the human and the
robot end-effectors must achieve same position and orientation
in 3D space. Another useful application of anthropomorphism
is to handle redundancy presented at the solution space of
complex robotic artifacts, such as redundant or even hyperredundant robot arms.
Regarding human to robot hand motion mapping, various
methodologies have been proposed over the last years; fingertips mapping, joint-to-joint mapping, functional pose mapping
and object specific mapping. Fingertips mapping, computes
first the forward kinematics (FK) for each human finger and
then the inverse kinematics (IK) for each robot finger in order
for each pair of human and robot fingertips to achieve same
position in 3D space [3]–[7]. The joint-to-joint mapping is
a one-to-one mapping, where the joint angles of the human
hand are mapped to the corresponding joints of the robot
hand, with the replicated by the robot hand postures to be
identical to the human hand postures [8], [9]. In Functional
Pose Mapping, the human and the robot hand are driven in
a number of similar poses and then a relationship for each
pair of human and robot joints is found, using a method like
the least squares fit [10]. Finally, the object-specific mapping,
originally proposed by Griffin et al. [11], provides a mapping
between human and robot hand configurations assuming that
a virtual sphere is held between the human thumb and index
fingers. The parameters of the virtual object (size, position
and orientation) are scaled independently and non-linearly,
to create a corresponding virtual object in the robot hand
workspace, that is then used to compute the robot fingertip
locations. Recently Gioioso et al presented in [12] and [13] an
extension of the object based approach to map synergies from
human to robot hands with dissimilar kinematics.

Regarding human to robot arm motion mapping, most of
the previous studies followed a forward-inverse kinematics
approach in order to achieve same position and orientation for
the end-effectors (wrists) of the human and the robot arm. An
analytical computation of inverse kinematics for seven Degrees
of Freedom (DoFs) redundant arms was performed in [14] and
[15]. Artemiadis et al proposed in [16], a biomimetic approach
for the inverse kinematics of a seven DoF redundant robot arm
(Mitsubishi PA10), using captured human arm kinematics, to
describe and model human joint angles dependencies with a
Bayesian Network. The model extracted was then used in a
closed loop iterative inverse kinematics algorithm.
For more complicated kinematic models such as highly
articulated figures, various optimization based approaches have
been proposed. In [17] the manipulation of an articulated
figure, is formulated as a non-linear optimization problem. In
[18] authors handle the inverse kinematics of highly articulated
figures with nonlinear programming, performing constrained
minimization of a nonlinear function. Recently we formulated
the problem of human to robot arm hand system motion
mapping as a constraint non-linear optimization problem,
achieving human like motion for robot arms and hands with arbitrary kinematics (hyper redundant robot arms and m-fingered
hands) [1]. It must be noted that nonlinear programming
algorithms may terminate at local minima, but typically even
the local minima may be sufficient. The latter hypothesis
can be validated with a series of experimental paradigms.
Anthropomorphism of robot motion, has been examined in
[19] where authors focused on the extraction of human-like
goal configurations for robotic arm hand systems, using a
criterion “borrowed” from ergonomics studies [20] that yields
a score of posture’s ergonomical quality. In [21] authors used
a combination of bio-inspired optimization principles (e.g.,
minimization of hand jerk) to formulate an optimization problem and compute robot reaching motions similar to human’s.
Finally in [22] a nonlinear optimization problem that used
obstacle constraints, between the arm hand system and the
environment, was formulated to generate human-like motion.
In this paper, we propose a generic methodology for transferring skills from humans to robot artifacts with arbitrary
kinematics, mapping human to robot motion using criteria of
Functional Anthropomorphism. More specifically, we formulate different mapping schemes for different applications. A
real-time analytical scheme - proposed for real-time teleoperation and telemanipulation studies with robot arm hand systems
[23] - performs human to robot arm motion mapping following
a forward/inverse kinematics approach and applies the jointto-joint motion mapping method for the case of the hand.
Redundancies are handled selecting the most anthropomorphic
solution, for which the scores of specific criteria of Functional
Anthropomorphism become optimum. Another scheme based
on numerical methods, formulates human to robot motion mapping as an optimization problem that solves inverse kinematics
under position and orientation goals (task space functional
constraints) and handles once again redundancies with specific
criteria of Functional Anthropomorphism.

A series of criteria of Functional Anthropomorphism and
mapping schemes proposed for different applications, are
discussed in detail in this paper. The rest of the document
is organized as follows: Section II presents the equipment
required and the kinematic models of human and robot arm
hand systems, Section III present different methods used to
map human to robot motion, Section IV focuses on a series
of metrics for the quantification of Functional Anthropomorphism, Section V presents the results of a series of simulated
paradigms, while Section VI concludes the paper.
II. A PPARATUS AND K INEMATIC M ODELS
A. Equipment
In order to record the motion of the human arm hand
system and to extract the corresponding joint angles (27 DoFs
modeled) appropriate motion capture systems must be used.
Our equipment consists of magnetic position tracking system
and a dataglove. The magnetic position tracking system is the
R
Liberty⃝
(Polhemus Inc.) which is equipped with four position
tracking sensors and a reference system. In order to capture
human arm kinematics, three sensors are placed on the human
shoulder, the elbow, and the wrist respectively.
In order to measure the rest 22 DoFs of the human
R
hand and the wrist we use the Cyberglove II⃝
(Cyberglove
Systems). The Cyberglove II has 22 flex sensors capturing
all twenty DoFs of the human hand and the two DoFs of
the human wrist. More specifically, the abduction-adduction
and flexion-extension of the wrist, the flexion-extension of the
MetaCarpoPhalangeal (MCP), Proximal Interphalangeal (PIP)
and Distal Interphalangeal (DIP) joints of each finger and the
abduction/adduction of the fingers, can be measured.
The acquisition frequency of the Cyberglove II is 90 Hz
and the accuracy is 1 degree. The position measurements are
provided by the Liberty system at the frequency of 240 Hz.
The Liberty system provides high accuracy in both position
and orientation, 0.03 in and 0.15 degrees respectively.
Liberty
(Polhemus Inc.)

Cyberglove II
(Cyberglove Systems)

Fig. 1. Motion capture systems used to measure human arm hand system
motion.

B. Kinematic Model of the Human Arm Hand System
In this paper we use a kinematic model of the human
hand, inspired by the positioning of Cyberglove II flex sensors.
The model consists of twenty DoFs, four DoFs for index,
middle, ring and pinky fingers (three for flexion/extension
and one for abduction/adduction) and four DoFs for thumb

(two for flexion/extension, one for abduction/adduction and
one to model thumb’s opposition to other fingers). A more
sophisticated human hand model, like the one proposed in
[24], could have been used if a more sophisticated motion
capture system - capable of measuring all DoFs of the human
hand - was available. Typically human hand digit/link lengths,
can be easily measured, but in order to define the finger
base frames positions and orientations relatively to the hand
reference frame at the base of the wrist, advance techniques
like fMRI [25] are required. In order to define the link lengths
of each finger, we use parametric models defined - relatively
to the hand length and hand breadth - in hand anthropometry
studies like the one reported in [26].
In order to define human arm kinematics, we use a kinematic model with seven DoFs. Human arm model consists
of three DoFs for the shoulder (abduction/adduction, flexion/extension and internal/external rotation), two DoFs for the
elbow (flexion/extension and pronation/supination) and two
DoFs for the wrist (flexion/extension and abduction/adduction).
C. Kinematics of the Robot Arm Hand Systems
Regarding robot hand kinematics we examine the problem
of mapping human to robot hand motion for the DLR/HIT
II five fingered robot hand [27] which has 15 DoFs, three
DoFs for each finger (one for abduction/adduction and two
for flexion/extension), while the last two joints of each finger
(middle interphalangeal (MIP) and distal interphalangeal (DIP)
corresponding joints) are coupled with a steel-wire based
mechanical coupling.
Regarding robot arm kinematics, we examine different
redundant and hyper redundant robot arms. More specifically
the first robot arm is the Mitsubishi PA10 7 DoF manipulator
[28] which is considered to be anthropomorphic. The rest arms
are hyper redundant robot arm models with 9, 18 and 27 DoFs
that consist of 3n spherical joints and n3 links of equal length,
where n is the number of DoFs. The total length of the hyper
redundant robot arm has been set to be, equal to the 90% and
the 125% of the mean human arm length that we use in this
study. In order to conclude to a common human arm length,
we used the mean value of the 50th percentile of men and
women, as reported in [29].
III. M ETHODS
A. Mapping Human to Robot Arm Motion Methods
1) Mapping Human to Robot Arm Motion using a Forward/Inverse Kinematics Approach: The first human to robot
arm motion mapping scheme described in this paper is a
typical forward/inverse kinematics mapping like the one proposed in [2]. Human and robot arm end-effectors achieve
once again same position and orientation in 3D space (task
space functional constraint), and for the redundant robot arm
Mitsubishi PA10 all possible inverse kinematics (IK) solutions
are computed, in an analytical manner. Closed-form analytical
solutions are desirable for fast motion planning, for two main
reasons; are much faster than the numerical IK solvers and can
explore the null space of the solution set, as all solutions are

computed. Thus from the set of all possible IK solutions we
choose, as the most anthropomorphic solution, the one that
minimizes the distance between human and robot elbows in
3D space. Human and robot elbow positions can be easily
computed using the human and robot forward kinematics.
More details regarding the forward/inverse kinematics approach can be found in [2]. A study focusing on teleoperation
and telemanipulation with the Mitsubishi PA10 7 DoF robot
manipulator, using the analytical IK approach can be found in
[23].
2) Mapping Human to Robot Arm Motion as an Optimization Problem: In this section, we present the second mapping
scheme following the optimization approach for mapping
human to robot motion. The second scheme formulates the
mapping as a constrained non-linear optimization problem.
Even if the algorithm terminates at a local minima, the
solutions acquired suffice for our purposes. Similar hypotheses are typical in related studies [18] and the efficiency of
the optimization schemes is typically proved using extensive
experimental paradigms.
Formulation: Let xRA = fRA (qRA ) denote the forward kinematics mapping from joint to task space for the robot arm,
let xRAgoal ∈ R3 denote the desired end-effector position (i.e.
human end-effector position) and let oRAgoal ∈ R4 denote the
desired end-effector orientation represented with quaternions.
We can define an objective function using position and orientation goals, as follows:
FRA (qRA ) = wRAx xRA − xRAgoal

2

+wRAo oRA − oRAgoal

2

(1)

where wRAx and wRAo are weights that adjust the relative
importance of the translation goal with respect to the rotation
goal. Typically wRAx = 1 and wRAo = 10.
We handle multiple goals by combining individual goals
into a global objective function using a series of appropriate
weight factors. The problem formulation for the global objective function, can be defined as follows:
minimize FRA (qRA )

(2)

subject to the inequality constraints of joints limits
+
q−
RA < qRA < qRA

(3)

where qRA ∈ Rn is the vector of the joint angles for the hyper+
redundant robot arm with n DoFs and q−
RA , qRA are lower and
upper limits of the joints respectively. More details regarding
the optimization approach can be found in [1].
3) Shoulder Offset to Increase Dexterous Workspace in
Teleoperation and Telemanipulation Studies: When we compute the human arm end-effector (wrist) position and orientation relatively to the human shoulder and use them as position
and orientation goals for the robot arm end-effector, the
solution of the robot arm (Mitsubishi PA10) inverse kinematics
results to configurations where the robot arm is quite folded.
This is an undesired behavior caused by the fact that the robot
arm has typically a total length (sum of links lengths) quite

bigger than the human arm length. In order for the user of the
teleoperation system to be able to explore a greater part of the
robot arm workspace, we choose to assign as “virtual” human
shoulder the reference system of the liberty motion capture
system, introducing a dynamic offset between the actual human
shoulder and the assigned “virtual” shoulder, which varies as
the user moves. More details regarding the shoulder offset can
be found in [23].
4) Algorithms for Real Time Computation of IK: Some applications that require mapping of human to robot motion, may
also require real time computation of inverse kinematics (IK).
For example in teleoperation studies, an interface that controls
the robot at a rate of 100Hz (at least) or faster (preferably) is
required. In this section we present the algorithms used in order
to perform real time computation of IK, following either the
analytical or the optimization approach, that we have already
described.
Analytical IK using the IKFast library of OpenRAVE:
The IKFast module of OpenRAVE simulation environment
is used to compute analytically robot inverse kinematics equations, as well as to generate optimized C++ files. Some features
of the IK fast module are: can handle robots with arbitrary joint
complexity, calculates all possible discrete solutions, generates
C++ code independent of OpenRAVE or any other library,
detects cases where 2 or more axes align and cause infinite
solutions. More details regarding the IKFast algorithm can be
found in [30] and [31].
Real Time Implementation of the Optimization Scheme:
In order for the proposed scheme to be able to compute
efficiently and fast the inverse kinematics of the robot arm and
consequently to compute anthropomorphic robot motion we
chose to develop the formulated optimization problem in C++
using the NLopt open-source library for nonlinear optimization
and more specifically the Cobyla algorithm. More information
regarding the NLopt can be found in [32] and for the Cobyla
algorithm in [33].
B. Mapping Human to Robot Hand Motion Methods
Regarding the DLR/HIT II robot hand, two different human
to robot motion mapping schemes can be applied, the jointto-joint mapping that is a simple yet effective method for
teleoperation and telemanipulation studies and the optimization
based approach that can be used mainly for applications that
don’t require an online human to robot motion mapping.
1) Joint to Joint Mapping: In order to map human to
robot hand motion using the joint-to-joint mapping scheme,
we must first calibrate the dataglove used (Cyberglove II),
mapping dataglove raw values to joint angles. For doing so
we use the robot hand specific fast calibration procedure, that
we described in [34]. In this paper we use a modified version
of the joint-to-joint method, mapping actually the Cyberglove
II raw values to robot joint angles, ignoring some dataglove
measurements and keeping some robot DoFs fixed to zero
(e.g., middle finger abduction/adduction). The last two joints
of each DLR/HIT II robot finger are coupled with a mechanical
coupling based on a steel wire, so we are not able to map all

the measurements of the Distal Interphalangeal Joint (DIP), the
Proximal Interphalangeal Joint (PIP) and the MetaCarpoPhalangeal Joint (MCP) of human hand, to the corresponding
joints of the robot hand. Thus some correspondences must be
defined and some Cyberglove II values must be ignored.
In this paper we map the cyberglove values of the PIP joints
of the human hand to both the PIP and the DIP joints of
the robot hand (due to the mechanical coupling). We choose
the PIP joint as the human is able to flex PIP independently,
but not DIP (due to tendon coupling), so if we had selected
the DIP there would be cases in which the user would flex
only the PIP joint of the human hand and the corresponding
robot finger wouldn’t move as the DIP value provided by
the Cyberglove II motion capture system would be zero. The
MetaCarpoPhalangeal (MCP) joints of the human hand are
mapped one-to-one to the corresponding joints of the robot
hand. Finally abduction/adduction of human fingers is mapped
in a one-to-one manner to the robot fingers, with the exception
of the middle finger whose abduction/adduction DoF is kept
fixed to zero, as it cannot be measured by the Cyberglove II.
2) Mapping Human to Robot Hand Motion as an Optimization Problem: In order to formulate mapping human to
robot hand motion as an optimization problem for a fivefingered robot hand, we use five objective functions one for
each finger, under position goals or position and orientation
goals, according to the task specifications.
Let xRF = fRF (qRF ) be the forward kinematics mapping
from joint to task space for each robot finger and let xRFgoal
∈ R3 and oRFgoal ∈ R4 denote the desired fingertip position and
orientation (in quaternions) respectively. Then, the objective
function for the case of each robot finger can be denoted as
follows:
FRF (q) = wRFx xRF − xRFgoal + wRFo oRF − oRFgoal

(4)

In order to incorporate in our analysis possible couplings
between subsequent joints of a robot finger, we introduce
them as equality constraints. Thus the problem formulation
for mapping human to robot finger motion can be defined as:
minimize FRF (qRF )

(5)

subject to the inequality constraints of joint limits
+
q−
RF < qRF < qRF

(6)

and equality constraints set for possible joint couplings, among
sequential joints
qn = qn−1
(7)
where qRF ∈ R4 is the vector of the joint angles for each finger
of the five fingered robot hand. More details regarding the
optimization approach can be found in [1]. A wrist offset can
also be applied - during robot arm IK computation - in case that
the human and the robot hands have significant dimensional
differences, following the directions provided in [2]. A much
more sophisticated optimization problem has been formulated
for the whole arm hand system in [1].

IV. M ETRICS FOR THE Q UANTIFICATION OF F UNCTIONAL
A NTHROPOMORPHISM
In this section we will present a series of criteria of anthropomorphism that result to the minimization of the structural
dissimilarity between the human and the robot arm, using the
position of the human elbow as a reference.
A. Volume of the convex hull created by human and robot joint
positions
In order to incorporate in the objective function an anthropomorphic criterion that will handle redundancy presented at
the solution space of a hyper-redundant robotic arm, or if we
want to use a metric capable to extract the most humanlike
solution of all solutions computed using the analytical IK approach, we first examine the volume of the convex hull created
by the human and the robot joint positions, the common base
frame (shoulder) and the common end-effector (wrist).
The convex hull of a set of points S in three dimensions is
the intersection of all convex sets containing S. For N points
s1 , s2 , ..., sN , the convex hull C is given by the expression:
{
C≡

N

N

}
(8)

k=1

The volume formula of a simplex:
|det(s2 − s1 , ..., sn − s1 )|
(9)
n!
where ∆(s1 , ..., sn ) denotes the simplex in Rn with vertices
s1 , ..., sn ∈ Rn . Moreover, when the triangulation method is used
to decompose the polytope into simplices, then the volume of
P is simply the sum of the volumes of the simplices:
Vol(∆(s1 , ..., sn )) =

N

Vol(P) = ∑ Vol(∆(i))

(10)

i=1

There are plenty of methods available to compute the convex
hull of a set S of points. In this study we choose to use the
well known quickhull algorithm for convex hulls, that has been
proposed in [35]. More details regarding the decompositions of
the convex hulls and their volumes the reader can find in [36]
and [37]. Thus, the objective function FRA defined for the case
of the hyper-redundant robot arm in eq. 1, under position goals,
orientation goals, and the convex hull based anthropomorphic
criterion becomes:
FRA (q) = wRAx xRA − xRAgoal

2

+ wRAo oRA − oRAgoal

B. Distances between robot joint positions and human elbow.
Another useful criterion of anthropomorphism would be to
minimize the distances between the robot joint positions in 3D
space and the human elbow. Let selbow ∈ R3 be the position
of the human elbow in 3D space and SRA be the set of the
n robot joint positions in 3D space. For n points s1 , s2 , ..., sn ,
the distance between the robot joints positions and the human
elbow, is given by the expression:
n

D=

∑

s j − selbow

2

2

+wCH Vol(C(SRA ∪ SHA ))
(11)
where SRA and SHA are the sets of the joint positions of the
robot and the human arm respectively, wCH is the weight that
adjusts the relative importance of the convex hull volume,
relatively to the translation and orientation goals and C denotes
the convex hull created by the human and the robot joint
positions in 3D space.

(12)

j=1

Thus the objective function FRA for the case of the hyperredundant robot arm, under position goals, orientation goals,
and the “distances” anthropomorphic criterion becomes:
FRA (q) = wRAx xRA − xRAgoal

∑ ak sk : ak ≥ 0 for all k and ∑ ak = 1

k=1

In case that we choose to use the analytical IK approach
(if applicable, e.g., hyper-redundant robot arms typically don’t
have an analytical IK solution), we select from all solutions
computed the robot arm’s configuration that minimizes the
metric’s value.

+wRAo oRA − oRAgoal

2

2

(13)

+ wD D

where wD is the weight that adjusts the relative importance of
the metric of anthropomorphism, relatively to the translation
and orientation goals and D denotes the sum of distances
between the human elbow and the robot joint positions in 3D
space. Once again the metric can also be used for selecting the
most anthropomorphic solution computed with the analytical
IK approach.
C. Area of the triangles defined by human and robot joint
positions.
Consider a n-link robotic arm, where n is in general
different from the number of the human arm links. We initially
interpolate extra “virtual” joints in both human and robotic
arms, according to the normalized length along their links
from the common base to the end-effector. In this respect,
both arms possess equal number of “virtual” joints with the
same normalized length. Selecting one of the arms (e.g., the
human arm), the structural similarity is quantified via the sum
of the area of all facet triangles that are formed by joining
every internal joint (besides the common base and the end
effector) of the human arm with the corresponding and its
subsequent joint of the robot arm. Such similarity criterion is
reasonable since its minimum value, which is zero, implies that
all triangle areas are zero and consequently that the triplet of
joints that form each triangle, are collinear. Thus, the human
arm when the criterion reaches its minimum, coincides with
the robot arm. To compute the area of the triangles defined by
the human and the robot joint positions in 3D space, we use
the Heron’s formula:
1√
(a + b + c)(a − b + c)(a + b − c)(−a + b + c) (14)
T=
4
where a, b and c are the lengths of the sides of each triangle.

No Criterion

Distance Criterion

Convex Hull Criterion

Triangles Criterion

Fig. 2. Comparison of optimization solutions with and without criterion for anthropomorphism, for a 18 DoF robot arm. DC = Distance Criterion, CC = Convex
Hull Criterion, TC = Triangles Criterion.

V. R ESULTS AND S IMULATIONS
In order to test the aforementioned methodologies and
check the correctness of the forward and inverse kinematics
computations we used the ninth version of Robotics Toolbox,
while to visualize the convex hulls and compute their volumes
we used the multiparametric toolbox (MPT) [38].
The efficacy of the presented criteria of anthropomorphism
is assessed with simulated paradigms in Fig. 2. All three
criteria result to anthropomorphic configurations for the 18
DoF robot arm, in contrary with the no-criterion case.
In Fig. 3, Fig. 4 and Fig. 5, we perform an extensive comparison of the different criteria of anthropomorphism proposed,
for 9, 18 and 27 DoF hyper redundant robot manipulators (i.e.,
robot arms). It must be noted that following the directions
provided in [1] our methodology can be applied to robot arm
hand systems that consist of hyper redundant robot arms with
arbitrary number and type of DoFs and m-fingered hands (e.g.
three, four or even six-fingered hands) with arbitrary number
and type of DoFs per finger.
It must be noted that all metrics perform satisfactory in
terms of achieving humanlike configuration for redundant and
hyper-redundant robot arms, while their speed of execution
is considerably high (C++ implementations perform in “real
time”). Generally we choose the “Distance Criterion”, because
we concluded that it provides the most anthropomorphic solutions (through qualitative assessment) and because it’s the
fastest method examined.
VI. D ISCUSSION AND C ONCLUSIONS
In this paper, we proposed a series of directions, methods
and metrics that can be used to synthesize a complete human
to robot motion mapping scheme that facilitates skill transfer
from humans to robot artifacts with arbitrary kinematics (e.g.,
even for the case of hyper redundant robot arms). Different
human to robot motion mapping schemes are examined and
proposed for different applications. A fast analytical scheme
based on a forward/inverse kinematics approach for mapping
human to robot arm motion and a joint-to-joint mapping for
mapping human to robot hand motion, can be used for teleoperation/telemanipulation studies. A numerical scheme formulates
mapping human to robot motion as an constrained non-linear
optimization problem. A series of criteria of anthropomorphism can be incorporated in a composite objective function

with position and orientation goals in order to derive humanlike
robot motion and handle redundancies, or can be used to select
the most anthropomorphic solution, of all solutions computed
using an analytical IK approach. Those criteria minimize the
structural dissimilarity between the human and the robotic
artifact, while guaranteeing specific human-imposed task space
functional constraints. The proposed methodology can be
used for teleoperation or autonomous operation applications,
where anthropomorphism is required and skill transfer must
be achieved in a learn by demonstration manner.
Regarding future directions the authors plan to map human
to robot motion for Mitsubishi PA10 DLR/HIT II robot arm
hand system in order to perform various telemanipulation
tasks, extending the work presented in [23].
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Fig. 3. Human to robot motion mapping using the joint positions distance minimization criterion for hyper-redundant robot arms with 9, 18 and 27 DoFs, HL =
Human Arm Length, RL = Robot Arm Length.
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Fig. 4. Human to robot motion mapping using the joint positions convex hull minimization criterion for hyper-redundant robot arms with 9, 18 and 27 DoFs,
HL = Human Arm Length, RL = Robot Arm Length.
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Fig. 5. Human to robot motion mapping using the joint positions triangles area minimization criterion for hyper-redundant robot arms with 9, 18 and 27 DoFs,
HL = Human Arm Length, RL = Robot Arm Length.

