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Abstract – In this paper a master-slave teleoperation
system is proposed for reach-and-grasp operations in
hazardous environments. A RGB-D camera and a ro-
bust marker-based Bayesian estimation method is pro-
posed for tracking the human hand joint positions on
the master side. Accuracy and repeatability of the es-
timation algorithm have been measured through the
comparison with the data acquired through optoelec-
tronic system. An anthropomorphic arm-hand robotic
system is used on the slave side. The human oper-
ator can select the robot working area and the type
of grasp action through finger motion. On the other
hand, the human wrist motion is mapped into the robot
workspace in order to teleoperate the robot end effec-
tor during the reaching phase. The optimal robot grasp
configuration is automatically performed by the slave
robot through a grasp synthesis algorithm previously
proposed by the authors. The proposed approach has
been experimentally validated on the KUKA LWR 4+
robot arm and the DLR-HIT Hand II.

I. INTRODUCTION

Telerobotics is the field of robotics that treats opera-
tions in which the robotic system is remotely controlled
by a human operator working in a safe environment [1].
In a telerobotic system the movements performed by the
human operator on the master side can be acquired by
different devices and are mapped into movements of the
robotic platform, namely the slave, directly working in the
hazardous environment. In particular, in telemanipulation
different devices for acquiring the human movements can
be used, e.g. datagloves, magneto-inertial sensors, vision-
based tracking systems, electromyography-based control,
and different approaches for mapping human to robot mo-
tion have been proposed in the literature [2].

Robot arm motion mapping is typically based on the
forward-inverse kinematics in order to replicate, with the
robot end effector, the pose of the human wrist. Non-
linear optimization methods have been used in order to
maximize the similarity between the human movements
and the corresponding robot movements [3]. However,
the drawback of nonlinear programming algorithms is that
they may reach local minima.

On the other hand, for hand motion mapping it is possi-
ble to identify four principal approaches [2]: fingertip map-
ping, joint-to-joint angle mapping, functional pose map-
ping and object specific mapping. The limitations of the
approaches proposed in the literature regard the high cost
of the adopted motion tracking systems and the complexity
of the estimation algorithms.

The objective of this work is to propose a fast, cheap
and easy method for estimating the master movements and
replicating them on the robotic platform. In particular, this
paper is focused on the acquisition of the human arm-hand
configuration on the master side of a telemanipulation sys-
tem through a RGB-D camera-based approach. To this
purpose a Bayesian marker-based estimation technique has
been developed for tracking the human hand joints and
wrist position and a human-robot mapping approach has
been implemented in order to remotely control an arm-
hand robotic platform. The approach could be also used
for a slave side composed of an arm-hand robotic system
mounted on a mobile platform.

The coordination between the robotic systems could be
managed by different combinations of master hand move-
ments. On the master side, the Asus Xtion Prolive mo-
tion sensing device and suitable filtering techniques have
been used for acquiring the human hand motion. Finger
joint positions and wrist trajectories during hand move-
ments have been reconstructed and used as reference for
the robotic platform. Human wrist movements have been
mapped into the robot workspace through an appropriate
scaling factor, thus enabling robot preshaping. On the
other hand, the grasping action is selected by the human
operator through different finger movements and the corre-
sponding robotic hand configuration is chosen in a grasp-
ing database (i.e. specific finger movements correspond to
a database element which contains the robotic hand grasp-
ing configuration).

The proposed approach has been experimentally val-
idated on an anthropomorphic arm-hand robotic system
made of the KUKA LWR 4+ [4] and the DLR-HIT Hand
II [5]. The communication between the motion sensing
device and the arm-hand robotic platform has been real-
ized via a UDP communication protocol that guarantees
high dependability for real-time operations. A geometric
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inverse kinematics method [8] has been used for replicat-
ing the human wrist motion on the robot end effector and a
position control in the joint space is chosen for controlling
the robot arm movements.

The paper is structured as follows: in Section ii. the
marker-based algorithm for estimating the hand joint posi-
tions is presented; in Section iii. the master-slave motion
mapping method is proposed. Experimental results on the
whole system are illustrated in Section iv.. Finally, Sec-
tion v. reports conclusions and future work.

II. ESTIMATION ALGORITHM OF HUMAN HAND
JOINT POSITIONS

In order to acquire the human hand finger joint and wrist
Cartesian positions,11 markers (made of blue paper) have
been positioned on the human hand, as shown in Figure 3
(left side), and a fast detector based on color histogram and
a connected component labeling algorithm have been de-
veloped. A marker-based approach has been chosen since
it does not require a database of predefined hand config-
urations. Furthermore, the wrist does not require to be
linked to other joints by a kinematic model, thus reduc-
ing the complexity of the reconstruction and consequently
the computational cost.

The Asus Xtion Prolive motion sensing device working
at 30fps has been used. It consists of an InfraRed (IR)
laser emitter, an IR camera for measuring depth informa-
tion and a RGB camera, with a resolution of640 × 480.
Then, a probabilistic approach has been applied in order to
robustly track and label the markers attached to the hand.
The algorithm, already proposed by the authors in [6], has
been significantly improved in order to work in real-time
and give information about the flexed finger. The algo-
rithm output is the position of the wrist and finger joints
and a binary string of five elements where each value is
associated to one finger: value1 is associated to a flexed
finger, whereas value0 is associated to an extended finger.

The blob detector gives the position of markers and
clutters in the image plane. Therefore, it is necessary
to make the algorithm robust with respect to the pres-
ence of outliers due to clutters and to the possible appear-
ance/disappearance of markers from the scene. BeingN
the maximum number of markers expected in the scene and
assumed that all the markers projections have linear-state
dynamic and measurement models, driven by zero-mean
white noise, the system state can be written as

{
xk,j = xk−1,j + wk,j

yk,j = xk,j + νk,j ,
(1)

wherewk,j andνk,j are white Gaussian noises with null
mean value. The output model is represented by the pro-
jection of the visible markers on the image space.

Since the association between a measure, given by the
blob detector, and a marker or a clutter is not a priori

known, it has been chosen to solve the estimation prob-
lem by using a general probabilistic approach, via robust
Bayesian filtering [9]. Therefore, the problem can be de-
fined by estimating the filtering (posterior) distribution de-
fined as

p (xk|y1:k) =
∑

ak

p (xk, ak|y1:k)

=
∑

ak

p (xk|ak, y1:k) p (ak|y1:k)
(2)

whereak is the latent variable modeling the measure-to-
marker association [7],p (ak|y1:k) is the posterior dis-
tribution of the data association represented by a set of
particles which are recursively updated and reweighted,
p (xk|ak, y1:k) is the posterior (updated) distribution of
the markers projections, subject to the associationak and
solved by using a Kalman filter. Therefore, the following
relationship holds

p (xk|y1:k) ≈
m∑

i=1

wi
k N

(
x̂k

(
ai

k

)
, Pk

(
ai

k

))
(3)

where a set ofm particles has been defined and contains
the augmented state meanx̂k, the error covariance matrix
Px̂k

of the Kalman filter associated with thei-th sample
and the weightwi

k associated with each particle. The nota-
tion N (·, ·) indicates the multivariate normal distribution
of order2. Therefore, the filtering distributionp (xk|y1:k)
has been solved by Eqs. (2) and (3). In fact, once gener-
ated all the possible hypothesesak = i, i = 0, 1, . . . , N
and evaluated each of them together with the current obser-
vation (by running a Kalman filter), it is possible to eval-
uate the most likely hypothesisa∗

k which gives the highest
score. This will give the most likely marker state according
to (3).

The 3D position of each visible marker (with respect
to the camera frame) can be reconstructed by multiply-
ing the marker pixel coordinates coming from the esti-
mation algorithm by the RGB camera calibration matrix
and by the measured depth value. For the chosen appli-
cation, the algorithm output are the wrist position during
the whole hand movement and the distance, which repre-
sents the finger lengths, between the marker on the finger-
tips and the marker on the corresponding MetaCarpoPha-
langeal (MCP) joint. A calibration phase is envisaged at
the first frame in order to measure the finger lengths when
they are fully extended. Afterwards, a threshold for iden-
tifying when a finger is flexed has been defined. To pass
the threshold during hand movements implies a flexion of
the finger and a corresponding set to1 in the output binary
array.
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III. HUMAN TO ROBOT MOTION MAPPING
METHOD

The whole system is made of a master side, i.e. the hu-
man operator, and a slave side, i.e. the arm-hand robotic
platform. The master movements are acquired with the
RGB-D camera and reconstructed with the algorithm de-
scribed in Sect.2, implemented under ROS (Robotic Oper-
ating System) in order to ensure a real-time approach. In
particular, eleven markers have been applied on the sub-
ject hand joints (see Sect.2). The robotic platform (right
side of Fig. 1) is composed of the KUKA LWR 4+, which
acts as the arm responsible for the reaching task, and an
anthropomorphic robotic hand (i.e. the DLR-HIT Hand II)
mounted on the KUKA LWR end effector and responsible
for preshaping and grasping. The KUKA LWR is a 7 DoFs
anthropomorphic robotic arm, which communicates with a
remote PC through the Fast Research Interface (FRI) Li-
brary. It runs on a remote PC connected to the KUKA
Robot Controller via UDP communication protocol that
guarantees high dependability for real-time operations.

Fig. 1. Experimental Setup adopted for the teleoperated
control. The system reference frames are outlined.

The first joint of the KUKA robot has a range of motion
(RoM) of ±170o; therefore it allows dividing the robot
workspace in 4 quadrants (Fig. 2). Finger flexion on the
master side will identify the working quadrant: index fin-
ger is associated to the first quadrant, middle finger to the
second quadrant and so on. Once selected the working area
of the robot arm, it is necessary to make robot end effec-
tor reach the position defined by the human wrist through
proper transformation matrices. Suppose for example to
select the first quadrant. The wrist movements are mapped
as translations along the 3 unit vectors (in green in Fig. 1)
referred to the robot arm base frame. The following map-
ping has been chosen:

• A movement along thêxc unit vector of the camera
frame corresponds to a movement along the unit vec-
tor x̂ in the KUKA frame;

• A translation along theyc axis implies a translation

Fig. 2. The KUKA joints are outlined, so as the RoM of the
base joint and the quadrants.

along theŷ unit vector in the KUKA frame;

• A movement along thezc axis is a movement along
the ẑ unit vector in the KUKA frame.

The rotation matrix from the camera frame to the KUKA
frame can be expressed asRk

c = Rx(180o)Rz(−90o).

Once the movement directions have been defined as
shown above, a scaling factor is introduced in order to
adapt the robot workspace to the human wrist and RGB-D
camera workspace. The wrist motion has been transmitted
via UDP to the KUKA controller. Once the reaching phase
is completed, the grasping action is selected by the user
with appropriate finger movements. In detail: if the user
flexes the index and the thumb to simulate a pinch grasp,
the robotic hand will perform a pinch grasps; if the user
flexes all the finger, the robotic hand will perform a power
grasp; finally, if the user simulate a tripod grasp by flexing
thumb, index and middle fingers, the task accomplished by
the robotic hand is the tripod grasp. The selection of the
grasping action by the user implies an automatic selection
of finger configuration and robot arm end effector orienta-
tion.

IV. EXPERIMENTAL RESULTS

In the following, the results related to a planar move-
ment along thex axis with respect to the camera frame are
reported in Fig. 3. A cylindrical object of known geomet-
ric characteristics has been positioned in the first quadrant.
To reach and grasp it, the subject on the master side flexed
the index finger for selecting the robot working quadrant
and then moved the hand towards the object. The position
of all the marker centers were acquired with the proposed
estimation algorithm.

The accuracy of the hand joint motion reconstruction al-
gorithm has been evaluated by using an optoelectronic sys-
tem (i.e. BTS Smart-D). The BTS Smart-D motion capture
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Fig. 3. Simulated grasp configuration (Left) and final
grasp configuration performed by the robot (Right).

Fig. 4. Error between the marker 3D coordinates obtained
with the BTS and the motion estimation algorithm.

system is a 7-camera motion analysis system with an ac-
quisition rate of60 Hz. Retroreflective markers have been
positioned on the subject hand in the same configuration
shown in Figure 3 (left side). The subject has been asked to
perform the same movements performed during the acqui-
sition with the RGB-D camera. The marker positions were
measured with the optoelectronic system (i.e. our ground
truth) and compared with the output of the estimation al-
gorithm presented in Sect. ii.. The error of the estimation
algorithm for index, middle and ring fingers during a power
grasp is reported in Fig. 4. In particular, the position error
of the tip and middle joints (y-axis of Fig. 4) is computed
during the whole acquisition (x-axis of Fig. 4). The reach-
ing action starts around frame 300 and the grasping ac-
tion finishes around frame 600. Therefore, before and after
these instants, the error is constant. As evident, the error
is always less than 5 mm, which is acceptable for the ap-
plication proposed in this paper. Similar values have been
obtained for the other type of grasps and during several
repetitions of the same grasp configuration. In particular,
the mean error (±SD) calculated during three repetitions
of the same task is around0.16mm ± 0.33 for the MCP
joints and0.41 ± 0.28 for the TIP joints.

The wrist motion has been scaled and real-time repli-

cated by the KUKA end effector. In Figs. 5, 6 the human
wrist and the robot end effector trajectories are reported
respectively. The results show the estimation algorithm ro-
bustness with respect to outliers.

Fig. 5. Scaled human wrist trajectory.

Fig. 6. Robot end effector trajectory.
After reaching, the subject flexed all the fingers to select
the type of grasp. An array composed by five elements
equal to1 has been generated in order to select the preshap-
ing (i.e. the wrist orientation) and grasping configurations
(i.e. the hand joint angles) resorting to the results of our
previous work on grasp synthesis in [10]. The hand finger
joint torques during grasping have been measured. They
are listed in Table 1. Results show that the thumb and the
index finger are the fingers that apply higher forces in the
grasp, having higher torques than the others.
Table 1. Finger hand joint torques. Values are expressed
in mNm.

CYLINDER
DoF thumb index middle ring little

F/E PIP 18.7 -2.7 -3.0 -1.7 5.0

F/E MCP 256.3 177.7 -5.0 3.7 94.3

A/A MCP 34.3 98.7 146.0 91.3 74.3

V. CONCLUSIONS

In this paper a RGB-D camera-based approach for tele-
operation has been proposed. The master side is composed
of a human operator whose hand joint motion (wrist in-
cluded) is acquired with a RGB-D camera and estimated
via a Bayesian approach. Accuracy and repeatability of
the estimation algorithm have been measured through the
comparison with the data acquired through optoelectronic
system (working as ground truth). The slave side of our
teleoperated system consists of an arm-hand robotic sys-
tem made of the KUKA LWR 4+ robot arm and the DLR-
HIT Hand II. The human operator can select the working
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portion of the robot workspace and the type of grasp ac-
tion through finger motion. On the other hand, the human
wrist motion is mapped into the robot workspace and is
used to directly teleoperate the robot end effector during
the reaching phase. The optimal robot grasp configuration
is automatically performed by the slave robot through a
grasp synthesis algorithm proposed in [10]. The proposed
approach has been experimentally validated. Future works
will be addressed to (i) extend the algorithm to wrist ori-
entation in order to teleoperate the complete pose of robot
end effector; (ii) analyze the possibility of considering a
marker-free approach for the hand pose estimation; (iii)
extend the approach to a mobile manipulator on the slave
side; (iv) coordinate motion of the mobile platform and
with the arm-hand robotic system; (v) provide the operator
on the master side with a haptic feedback.
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