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Abstract
We present our work on tele-operating a complex humanoid robot with the help of bio-signals collected from
the operator. The frameworks (for robot vision, collision
avoidance and machine learning), developed in our lab,
allow for a safe interaction with the environment, when
combined. This even works with noisy control signals,
such as, the operator’s hand acceleration and their electromyography (EMG) signals. These bio-signals are used
to execute equivalent actions (such as, reaching and grasping of objects) on the 7 DOF arm.

1

Introduction

More and more robots are sent to distant or dangerous
environments to perform a variety of tasks. From space
exploration to nuclear spill clean-up are scenarios these
systems are usually used. In most of these cases the robots
are controlled remotely. Yet these systems, to be able to
perform interesting tasks, become increasingly complex.
To teleoperate intricate systems requires extensive training. Even then efficient operation is not possible in most
cases and it is not clear how to operate these complex,
remote robots robustly and safely. Furthermore these control interface systems should aim to be as intuitively to the
operator as possible. It has been hinted that intuitive user
interfaces can improve the efficiency and the science return of tele-operated robotic missions in space exploration
scenarios. To improve such systems an abstraction from
the low level control of the separate motors to a higher
level, such as, defining the action to be taken, is generally
performed. To further improve the intuitiveness of the interface bio-signals from the operator have been proposed.
In this case the operator’s intuition would be transferred to
the robot. In particular electromyography (EMG) [1], i.e.
signals that represent the user’s muscle activations tend to
be interesting for such remote robotic control.

2

Background and Related Work

The presented research combines a variety of subsystems together to allow the safe and robust teleoperation of
a complex humanoid robot. For the experiments herein,
we are using computer vision, together with accelerometers and EMG signals collected on the operator’s arm
to remotely control the 7 degree-of-freedom (DOF) robot
arm – and the 5 fingered end-effector – during reaching
and grasping tasks.

2.1

Robotic Teleoperation

Telerobotics usually refers to the remote control of
robotic systems over a (wireless) link. First use of telerobotics dates back to the first robotic space probes used
during the 20-th century. Remote manipulators are nowadays commonly used to handle radioactive materials in
nuclear power plants and waste management. In the space
exploration scenario tele-operated mobile robots, such as,
the Russian lunar and NASA’s Martian rovers, are routinely used.
More complex robotic systems have only recently
seen use in tele-operation settings. One of these system,
NASA’s Robonaut, was the first humanoid robot in space.
It is currently on-board the International Space Station
and used for tests on how tele-operation, as well as, semiautonomous operation, can assist the astronauts with certain tasks within the station [2].
For complicated robotic systems to perform tasks in
complex environments, a better understanding – i.e. perception – of the situation and a closer coordination between action and perception – i.e. adapting to changes occurring in the scene – are required [3, 4]. For the robot
to safely interact with the environment sensory feedback
is of critical importance. Even when tele-operated robots
require the ability to perceive their surroundings, as it is
generally not feasible or possible to transfer all the information back to the operator.

A nice overview of the history of telerobotics and the
problems arising when tele-operating robots is the textbook by Sheridan [5]. Since then a variety of labs at
NASA, ESA and JAXA have investigated how to efficiently control remote robots. Furthermore tests of controlling robots on the ground from the space station have
been conducted to investigate how intermittant data transmission and the time-delay effect the operations [6, 7, 8].
Recently quite a few telepresence robot have entered
the market, these though provide only a very limited, easyto-control mobile robot. In addition tele-operated robots
have been proposed to support medical staff. They could
allow doctors to perform various medical check-ups in remote locations on Earth or space.

2.2

Electromyography (EMG)

Biomedical signal generally refers to any electrical
signal acquired from any organ or part of the human body
that represents a physical variable of interest. Like other
signals, it is considered a function of time and described
in terms of its amplitude, frequency and phase. The electromyography (EMG) signal is a biomedical signal that
represents neuromuscular activity. An EMG sensor measures electrical currents generated in a muscle during its
contraction. The signal itself stems from the control of
the muscles by the nervous systems and is dependent on
the anatomical and physiological properties of muscles.
Furthermore the signal collected contains noise acquired
while traversing through varying tissues. In addition the
collection of the signal by the electrode most likely contains the signal from multiple motor units, generating interference and signal interactions.
The first documented about electricity and its relation
to muscles is the experiments by Francesco Redi. In the
mid-1600 he discovered that highly specialised muscles
in the electric ray fish are generating electricity [9]. In
the 18th century the famous experiments by Luigi Galvani showed that electricity could also be used to stimulate muscle contraction [10]. The first recording of electrical activity during voluntary muscle contraction was performed by Étienne-Jules Marey, who also introduced the
term electromyography, in 1890 [11]. In the 20th century
ever more sophisticated methods of recording the signal
were invented, with the first sEMG electrodes being used
by Hardyck in the 1960s [12].
There are two methods to collect EMG signals, directly in the motor units with invasive electrodes or with
non-invasive, surface attached electrodes. Both methods
have their own advantages and disadvantages. We are focussing on surface EMG (or sEMG) herein. The comparatively easy setup has the drawback of increased noise,

motion artefacts and possible readout failures when losing
the contact to the skin. EMG has previously been used in
medicine to measure the rehabilitation in case of motor
disabilities, but only recently has it been identified as a
possibly useful input in applications, such as, prosthetic
hand control, grasp recognition and human computer interaction (HCI) [13].

2.3

Machine Learning for EMG

Machine learning techniques have already been used
to classify EMG signals from one subject or one instrument previously. Of interest nowadays is to compare how
well these techniques perform with multiple subjects, as
well as, collected with multiple instruments. Furthermore
we investigate how classification can still be achieved with
limited available training data. This is of interest, not
just to allow flexibility in who is controlling the robot but
also in other areas of application, such as rehabilitation or
prothesis control. It is important to not exhaust (or annoy)
the subjects, amputees or people with other impairments,
with too much training. Reaz et al. published an overview
of techniques applied to the problem of detection, classification and decoding EMG signals [14].
The NASA JPL developed BioSleeve [15] contains an
array of electrodes and an inertia-measurement unit that
can easily be put onto a subjects forearm. The detection
of the signals is using a machine learning approach (multiclass SVM) to decode static and dynamic arm gestures.

3

Setup

Our experimental platform is an open-hardware,
open-software humanoid robotic system developed within
various EU projects, called iCub [16] (shown in Figure 1).
It consists of two arms and a head attached to a torso
roughly the size of a human child. The head and arms follow an anthropomorphic design and provide a high DOF
system that was designed to investigate human-like object manipulation. It provides also a tool to investigate
human cognitive and sensorimotor development. To allow for safe and ‘intelligent’ behaviours the robot’s movements need to be coordinated closely with feedback from
visual, tactile, and acoustic sensors. The iCub is an excellent experimental platform for cognitive, developmental
robotics and embodied artificial intelligence. Due to its
complexity it is also a useful platform to test the scalability and efficiency of various machine learning approaches
when used together with real-life robotic systems. To our
knowledge the platform has though so far not been used
in tele-operation scenarios.

Figure 1. The iCub humanoid robot consisting of two 7-DOF arms, each with
a 5 digit hand.

Figure 2. Grasping a variety of objects,
such as, tin cans, cups and tea boxes.

The grasp of the iCub are controlled using a
light-weight, easy-to-use, one-shot grasping system
(LEOGrasper1 ) developed at IDIA. The system has been
in operation in our lab for a variety of scenarios (see Figure 2). It can be configured to perform one of multiple
grasps. Each type of grasp requires the closing of the fingers in a coordinated fashion, may it be for a power grasp,
pinch grasp or even just a pointing gesture. Instead of the
noisy touch sensors on the fingertips, the errors reported
by the PID controllers for the motors of each digit are providing estimates of contact with an object.

3.1

Control and Obstacle Avoidance

To control the complex humanoid with all-in-all 41
DOF, the Modular Behavioral Environment (MoBeE) [17]
was built. It is a software infrastructure to facilitate complex, autonomous, adaptive and foremost safe robot actions. It acts as an intermediary between three loosely
coupled types of modules: the Sensor, the Agent and the
Controller. These correspond to abstract solutions to problems in Computer Vision, Motion Planning, and Feedback Control, respectively. An overview of the system
1 Source

code available at: https://github.com/Juxi/iCub/

Figure 3. The Modular Behavioral Environment Architecture (MoBeE) implements low-level control and enforces
necessary constraints to keep the robot
safe and operational in real-time.

is depicted in Figure 3. The framework is built open
the robot middleware YARP [18] to be as independent of
the hardware as possible. The behavioural components
are portable and reusable thanks to their weak coupling.
While MoBeE controls the robot constantly, other ‘forces’
can be sent by the Actor to move the robot’s end effector.
The control is following the second order dynamical
system:
X
M q̈(t) + C q̇(t) + K(q(t) − q∗ ) =
fi (t)
(1)
where q(t) ∈ Rn is the vector function representing the
robot’s configuration, M, C, K are matrices containing
mass, damping and spring constants respectively. q∗ denotes an attractor (resting pose) in configuration space.
Mechanical constraints and infeasibilites of the system
are implemented by forcing the system via fi (t). The
model computes fictitious constraint forces, which repel
the robot from self-collisions, joint limits, and other infeasibilities. These forces, fi (t), are passed to the controller,
which computes the attractor dynamics that governs the
actual movement of the robot. Obstacles in the world create additional forces providing a simple way to react and
avoid collisions.

3.2

Obstacle Detection

The obstacles need to be detected and tracked prior
to be avoided. This is done using our icVision [19] subsystem. It has been developed at IDSIA over the last
years and is an open-source framework consisting of distributed modules performing robot and computer vision
related tasks, supporting a variety of applications. The

framework contains a set of modules, including subsystems for for the detection and identification of objects (binary segmentation of the camera images), as well as, the
localisation of the objects (in the robot’s operation space).
The main part in obstacle detection, the binary segmentation of the object from the background in the visual
space, is performed in separate icVision filter modules.
A variety of filters have been learnt using CGP-IP [20] –
which we already showed to work for Martian rock detection [21] – and most of them are able to perform the object
detection in near real-time. To avoid collision or interact
with the objects the robot also needs to know where the
object is located, wrt. to the robot’s reference frame. Developing an approach to perform robust localisation to be
deployed on a real humanoid robot is necessary to provide
the necessary inputs for on-line motion planning, reaching, and object manipulation. icVision provides modules
to estimate the 3D position based on the robot’s pose and
the location of object in the camera images [22]. It has
been used extensively at IDSIA for various robot vision
experiments [23].

3.3

Integration

The sensory and motor sides establish quite a few
capabilities by themselves, yet to perform a safe teleoperation, e.g. to grasp objects successfully while avoiding obstacles, a close integration is necessary. The continuous tracking of obstacles and the target object is required
to create a reactive reaching behaviour which adapts in
real-time to the changes of the environment.
We created interfaces between MoBeE and icVision
allowing for a continues visual based localisation of the

Figure 4. Overview of the modules and the
on-going research towards a functional
eye-hand coordination system on the
iCub. The modules are shown by subsystem: perception (green), action (yellow) and memory (blue).

detected objects to be propagated into the world model.
This basic eye-hand coordination allows for an adaptation to changing circumstances, while executing the behaviours specified by the operator, improving the usability
of the whole system.
Figure 4 gives an overview of the research in our lab.
Various modules (grey boxes) were developed and integrated into a functional system. The perception side consists mainly of object detection and localisation (top area,
depicted in green). The bottom area (yellow) shows the
action/motion side, while the blue area on the right represents the memory modules, including a world model.
The forcing of the dynamical system to control the
robot in operational space, allows to project the operator’s motion onto the 7 DOF of the iCub. Because of the
controller’s interconnection with MoBeE and icVision, the
robot is still able to prevent collisions between itself and
obstacles perceived in the environment. It is therefore safe
to send the signals recorded at the operator directly to our
robot. To avoid colliding the robot will stop before impeding collisions, the human in the loop needs therefore
not to worry about unwanted collisions (with the table for
example) just about reaching and grasping.

3.4

EMG Measurement

The collection of EMG signals on the operator allows
to control the robot’s grasp by performing the grasp itself.
To necessary signals are collected using surface electrodes
mounted on the operator’s lower arm (Figure 8). In this
figure you can also see the accelerometer placed at the
back of the hand (or the wrist) of the subject. To collect
the data we use a system called BITalino (also visible in
the picture) developed and produced by the Instituto de
Telecomunicaçōes in Portugal and their spin-off PLUX.
It is a small stand-alone embedded system with its own
battery, allowing to collect up to 8 data channels without cables running from the subject to the computer. The
channels, which can be either EMG or ECG (electrocardiography) signals, accelerometer data or luminosity information are transferred from the system via Bluetooth
to a computer in real-time. With this signal we are able to
detect the intent to grasp an object. This results in a command to the robot to perform the equivalent action (using
the subsystem mentioned above).

4

Experiments and Results

We ran two separate test setups to show that the humanoid can be controlled safely from a remote operator.
In both cases we were able to avoid self-collisions and
collisions with the environment.

4.1

Remote Control using Accelerations

We first tested our setup with a standard 6-axis
gamepad to show the efficacy of our approach and control system. Figure 5 shows this in action. The two control sticks are used to control the two arms respectively.
Up/down, left/right motions of the sticks would apply the
respective forces to the robot’s end effector. To force the
arms forwards (away from the body) or back, two more
buttons per side were incorporated. Various test subjects
were allowed to control the robot, without receiving too
much information on how the system or controller works.
After their initial fear that they could break the robot and
the realisation that the robot would prevent all impeding
collisions, they were enjoying to control the both arms of
the robot simultaneously.
They also realised quickly that the robot is able to react to changing environments. When an obstacle is moved
into the robot’s path, the hand is repelled to avoid collision (Figure 6 shows MoBeE and its information about
impeding collisions, and Figure 7 shows a sequence of
images visualising the robot’s arm motion). This is even
performed when the arm of the robot is not tele-operated.
Additionally they were able to place a hand close to target
specified by us.
This setup worked very well for when the user was
placed behind the actual robot, when the operator was facing the robot, a few test subjects had issues because from
their point-of-view the right stick would control the left
arm. It was also seen that the control of the arms alone
yields only a very limited reach space for our humanoid
robot. An intuitive way to also control the torso would
clearly improve this.

Figure 5. The iCub being controlled by a
standard 6-axis gamepad.

Figure 6. MoBeE during one of our experiments. Parts in red indicate (an impeding) collision with the environment. The
inset shows the actual scene.

Figure 7. The reactive control of the left
arm, permitting the iCub to stay clear of
the static and non-static obstacles.

Figure 8. The setup for one the bio-signal
(EMG) collection. The data is colleceted by the BITalino sensor, which then
sends the accelerations (from the hand)
and EMG signals via Bluetooth to the
operator’s computer.

4.2

Measuring the Operator for Control

During our next experimental setup the recorded accelerations and the EMG signals of the operator were used
to control one arm of the iCub humanoid. Instead of the
gamepad used previously a 3-axis accelerometer was connected to the BITalino system. It was placed on the operator’s hand (back) or wrist for some individuals. The
BITalino was furthermore facilitated to collect the EMG
signal measured at the extensor digitorum communis (see
the electrodes in Figure 8). The differential between the
two electrodes is measured and sent back via Bluetooth, a
third electrode is used as reference/neutral and is attached
around the elbow.
The low-pass filtered accelerations of the arm are
used directly to ‘force’ the end-effector, similar like with
the gamepad in the previous experiment. In addition the
EMG readouts are used to trigger a closing or opening of
the iCub’s hand. A simple MAV thresholding was used,
which seemed to reasonable for most subjects after a quick
manual tweaking. The opening and closing though required to be more forced than a regular use of the hand
to provide a better signal-to-noise ratio.
We tested this with a handful of test subjects. While
the setup is less comfortable than the gamepad, a certain
sense of excitement was clearly visible in the subjects.
The motion of the arm though produced a rather noisy
signal. Reasons are most like the motion of electrodes on
the skin (or even detachment from the skin), some interference in the cables while they are being moved around,
and last but not least the change of the EMG signal due to
the change in the dynamics of the system (e.g. counteracting gravity effects the muscle contraction therefore the
signal). A third setup is planned during which we aim to
use machine learning techniques to use both the acceleration data and the EMG signal (probably of more channels)
to allow a more robust classification and maybe the separation of different grasp types.

celerometer attached to its hand. The robot then performs
the equivalent operation, while still avoiding obstacles and
collisions. We also showed that a simple EMG measurement can be used to trigger grasps.
In every tele-robot system time lag and the connection bandwidth will limit a full immersion of the operator.
Therefore to ensure a safe operation various modules need
to take over certain aspects on the robot side. These modules, mainly, the low-level control, obstacle avoidance and
obstacle detection are integrated into a full system. This
is of interest not just in space but also during other telerobotic operations, such as, handling radioactive materials or bomb disposal, or disaster response scenarios (as
selected for the DARPA Robotics Challenge).

5.1

Future Work

This proof-of-concept will be extended in the future
to include more sophisticated bio-signal processing. Furthermore a significant amount of user testing will be done
to further improve the operator interface.
Especially the EMG and machine learning side can
still be improved to include multiple grasp types and reduce the amount of learning required for each operator.
We are confident that this will also be useful in other scenarios, such as, prosthetics control by amputees. Different collecting methods, different number of channels,
and instruments have so already been used to collect new
datasets for a variety of grasp types. We aim to classify
these with machine learning techniques, such as, supportvector machines, artificial neural networks – including recurrent variants – and genetic programming.
The most interesting problem to solve will be the robust detection of the signal while the operator is moving
the arm. Here the noise is high and the signal will contain
artefacts from other muscle activations (e.g. to counteract
gravity and the dynamics of the motion).
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Conclusions

Our aim is to generate a tele-operation system for our
iCub humanoid robot. The operation of complex robots
remotely is of interest not just in space but also during
other tele-robotic operations, such as, handling radioactive materials or bomb disposal, or disaster response scenarios (as selected for the DARPA Robotics Challenge).
For this to work, functional motion and vision subsystems are integrated to create a closed action-perception
loop to allow for a safe operation. The operator is able to
control the end-effector using either a gamepad or an ac-
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