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Abstract— Traditional methods of Robot teaching require
human demonstrators to program with a teaching pendant,
which is a complex and time-consuming exercise. In this paper,
we propose a novel method based on teleoperation which
allows a demonstrator to train robot in an intuitive way. More
specifically, at the beginning the demonstrator controls a robot
by visual interaction. And then a learning algorithm based on
radial basis function (RBF) network is used to transfer the
demonstrator’s motions to the robot. To verify the effectiveness
of this developed methods, several simulation experiments have
been carried out which based on Microsoft Kinect Sensor
and the Virtual Robot Experimentation Platform (V-REP).
The experimental results show that this method has achieved
satisfactory performance. With the help of this method, the
robot can not only complete the task autonomously after
teaching, but also can learn the details of demonstrator’s
behavior.
Index Terms— Robot Teaching, Teleoperation, radial basis
function (RBF) network

I. INTRODUCTION
With rapid development of robotics, the application of
robots in industries has been extended to various fields.
Before being applied to carry out a useful task, the robot
needs to be taught to learn specific skills. According to traditional robot teaching methods, it requires professionals to
use a teaching pendant to program [1], and then an industrial
robot can master the specific work skills. Apparently this
approach is too time-consuming and inefficient to adapt to
the work which requires frequently updated skills. Compared
with traditional method, teaching by demonstration(TbD) is
more efficient and more convenient. It just shows the robot
what to do and then the robot will learn it automatically
[2]. So it allows a robot to perform a different task in a
new environment [3] [4]. As a variety of methods are being
explored for TbD, different approaches have been taken
to teach a robot [5]. Among them, the teleoperation-based
TbD methods make a robot can be programmed directly
by learning human-like manipulation skills from a skilful
demonstrator through teleoperation [6]. And this method can
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enable the robot to learn a new skill in an intuitive way, e.g.
the face-to-face interaction.
Formally, a TbD method consists of a demonstration
phase, a learning phase and a reproduction phase [7]. In
demonstration phase, teleoperation based on human-robot
interaction(HRI) attracted much attention [8]. In [9], a TbD
method is presented, which combined haptic feedback and
demonstrators variable stiffness to transfer the human physical interactive skill to a robot. To extract the demonstrator’s
variable stiffness and hand grasping patterns, they collected
and processed muscle surface electromyography (sEMG). In
[10], using an exoskeleton device as the HRI device, they
develop a master-slave teleoperation system. And the system
is used in teaching motions of dual arm robots without a
teaching pendant. To enhance performance, many techniques
or devices are used in HRI, especially visual interaction,
which has become one of the most widely utilized techniques
[11].
While in learning phase, neural networks have been widely
applied as a training and learning tool. In [12], they used
artificial neural networks(ANN) to recognize gesture patterns
and then used a data glove to program a robot. In [13],
they presented an estimating stable dynamical systems which
mainly based on a neural learning scheme. And the method
using ANN can evaluate the system accurately.
In this paper, we propose a robot teaching method which
uses a virtual teleoperation system based on visual interaction, and uses a neural learning method based on RBF
networks. To map human motions on to a robot by HRI,
Kinect V2 is used to track human body motion and the hand
state. And a simulation experiment has been conducted based
on the V-REP platform where the Baxter robot is guided to
learn the demonstrator’s motion skills. And a neural learning
method based RBF networks is developed. It can use a
number of training data to approximate a trajectory which is
taught by humans to the robot. Compared with other neural
network, RBF neural network has a strong nonlinear fitting
ability to map any complex nonlinear relationship [14].
The rest of the paper is structured as follows: section II
shows the architecture of the teleoperation system. In section
III, a TbD method based on RBF network is presented.
Finally, the experimental results are revealed in Section IV
followed by the conclusion given in Section V.
II. THE TELEOPRATION SYSTEM
The virtual teleoperation system, which can simulate the
real system, consists of a human demonstrator, a Kinect
sensor, a computer with V-REP. Separately, the human should

make a demonstration of a specific task; Kinect is applied to
capture the human body motion; and V-REP is used to build
a virtual work environment and robot.

Fig. 1.

The architecture of the teleoperation system.

Fig. 2. The skeleton of a human body which consists of 25 joint points,
and three hand state recognized by Kinect V2.

A. Kinect Sensor
In our work, we use Microsoft second generation Kinect
V2 for Windows because of its powerful capacity. With
an RGB color camera, an IR emitter, and a depth sensor,
Kinect can be applied to full-body 3D motion capture, facial
recognition and so on [15]. Compared with the Kinect V1,
Kinect V2 can capture 25 body joints in totally [16]. With
such an advantage, Kinect V2 is able to recognize the human
hand state as shown in Fig.2. In the teleoperation system,
three hand states are used to control switching modes. When
running simulation in V-REP, to start the control switch, it
uses the sequence of the left hand as follows: Lasso⇒ Open
hand ⇒ closed hand. That is to say, if a human demonstrator
makes the above action in front of Kinect, then the Baxter
will follow the movement of the him.
B. Baxter Robot
Baxter robot is a semi-humanoid industrial robot developed by Robotics Rethink company. Baxter has a torso, a
2-DOF head and two 7-DOF arms(shoulder joint: S0, S1;
elbow joint:E0, E1; wrist joint:W1, W2, W3) [17]. And the
Baxter research robot is usually used in scientific research,
especially in HRI and human-robot collaboration(HRC). The
core of the simulation is the verisimilitude of the robot
model. As shown in Fig.3, the Baxter robot in V-REP is
similar to a real one. And they have the same kinematic
parameters. So controlling a Baxter in V-REP is able to allow
the human user to obtain quite real interactive experience.
C. V-REP and its remote API
V-REP is an open source robot simulator with an integrated development environment [18]. Its internal model
browser provides a variety of robot models, including ABB
robot, KUKA robot, Baxter Robot and so on. In the way
of controlling the robot, V-REP is a highly customizable
simulator which has six programming approaches to control

Fig. 3.

The Baxter in V-REP and its joints.

each model [19]. These approaches allows a model in VREP being controlled by an embedded script, an add-on,
a plugin, a remote API client, a ROS node or a custom
client/server respectively. To simulate real-world physics and
object interactions, V-REP provides four physics engines
(Bullet Physics, ODE, Vortex Dynamics and Newton Dynamics).
Using remote API, a V-REP simulation can be controlled
by an external application. In the remote API functionality,
there are two separate entities, namely the client side and the
server side, respectively. The front one can be an application
which is written by C++, python, MATLAB and so on.
The latter one is a scene or an object in V-REP. To ensure
an external API client communicates with a scene in a
synchronous manner, V-REP uses a socket communication.
It can reduce the communication delay and the network load
to a large extent.

In addition, to decide one of the mechanisms to execute function calls, V-REP provides four types of operation
modes( blocking function calls, non-blocking function calls,
data streaming and synchronous operation). To control a
robot in V-REP by Kinect, we should send joint angle to
the robot. So a non-blocking function call, meant for the
situations when we simply want to send data to V-REP
without the need for a reply [20], is used in our work.

−−→
and the joint 2 is BC, the angle between two joints can be
calculated as,
−−→ −−→
−−→ −−→
AB · BC
(3)
cos(AB, BC) = −−→ −−→
|AB| · |BC|
Using the Equ.2, we can convert all the coordinates
detected by Kinect to the corresponding vectors. And the
respective angles of the joints in 3D space can be calculated
by the law of Cosines according to Equ.3 .

D. Communication between Kinect and V-REP
The communication structure of the virtual teleoperation
system is shown in Fig.4. To connect the computer and
Kinect V2, we use the Kinect SDK 2.0 for Windows, which
works under the environment of widows. And we use remote
API in the system, where a custom C++ application is used
as the client side and a V-REP scene is the server side. To
connect the C++ application and V-REP, one command need
to be put into them, respectively.
The code in C++ project:
clientID = simxStart((simxChar*)”127.0.0.1”, 19999, true,
true, 2000, 5);
The script in V-REP:
simExtRemoteApiStart(19999);
To prevent causing delay when controlling the robot by
Kinect, we use a non-blocking function call to send the joint
angle to the robot. At the same time, a C++ application
record the data of the joint angle and save it in a file. A
sample command is shown below:
simxSetJointTargetPosition(clientID,
jointhandle,jointPosition,simxOpmodeOneshot);

Fig. 4.

The communication structure of the virtual teleoperation system.

E. Space Vector Approach
Calculating the human joint angle is the key of controlling
the Baxter by Kinect. Kinect V2 is able to capture 25 joint
point of a human body in Cartesian space.
In a 3D space, the distance between two points
A(x1 , y1 , z1 ) and B(x2 , y2 , z2 ) can be calculated by the
following equation,
p
d = (x2 − x1 )2 + (y2 − y1 )2 + (z2 − z1 )2
(1)
−−→
And the Vector AB can be expressed as
−−→
−−→
AB = (x2 − x1 , y2 − y1 , z2 − z1 ), d = |AB|

(2)

In 2D or 3D space, we can use the law of Cosines to calculate
any desired angle between two vectors. And a joint in Kinect
−−→
coordinate can be expressed as a vector. If joint 1 is AB,

Fig. 5.

The geometry model of human left arm[modified from [21]

.
According to the above equation, we get all the location
coordinates from Kinect, then we build a geometry model of
human left arm as shown in Fig. 5. The directed straight line
OX, OY and OZ form a coordinate system in Cartesian
space of Kinect From three points O, E and F , we can
−−→
−−→
get the vectors OE and EF . Finally we will calculate the
shoulder pitch angle ∠OEF. Using the same method, we can
get the elbow pitch ∠EFG. And projecting points D, O and
F to the plane XOZ, we can calculate the shoulder yaw
angle ∠KOJ.
−→
−−→
The LE and M E can be calculated by vector product,
 −→ −−→ −−→

 LE = EF × F G
(4)

−→ −−→ −−→
 −
M E = EF × DE
So we can get the angle of shoulder roll ∠LEM can be
solved. Using the same method, we can calculate the elbow
−→
−−→
roll, which is the angle between LE and GN , and the hand
−−→
−−→
yaw, which is the angle between GN and GQ.
In this work, to make data processing simple, we control
the shoulder joint S0, S1 and elbow joint E1 by space vector
approach.
III. LEARNING AND REPRODUCTION
A. The Process of Training and Trajectory Reproduction
In demonstration phase, the robot has completed certain
tasks, and the joint angle is record as training data, which

are the input of the neural network. Trough training and
learning by a RBF network, we can get a new set of joint
angle. These output data shows the characteristics of the
demonstrator motions. In the next step, the data is sent to the
robot in V-REP by MATLAB. Then the robot will reproduce
the trajectory which is taught by a human demonstrator.
Similar to a C++ application, a non-blocking function call
is used as the same function in the communication between
MATLAB and V-REP. Here, We use it to send the joint
angle, which is out put by the RBF network, to the robot
in V-REP. The difference is that some M files provided by
V-REP need to be included in the folder. Such as remApi.m,
remoteApiProto.m and simpleSynchronousTest.m. And a
sample command to send data is shown below:
vrep.simxSetJointTargetPosition(clientID,
jointhandle,jointPosition,vrep.simxOpmodeOneshot);

To achieve this goal, we use a method based on RBF
network, which has universal approximation and regularization capabilities. If the radical basis function can be suitably
chosen, the RBF network will approximate any continuous
function arbitrarily well [14]. To use the RBF network in
the teleoperation system, the goal is to learn the mapping
1 ,··· ,TL
. As shown
f : x → ẋ based on the dataset {x, ẋ}Tt=0
in Fig. 7, to a neural network with a hidden layer, the input
layer has n nodes, which is the dimension of x. In the hidden
layer, the target function is,
f) = W
f T S(Xin )
fe(Xin , W

(6)

n

where the Xin ∈ ΩXin ⊂ R is the input vector. fe is the
RBF network output.
f is the adjustable parameter vector, which can be
W
expressed as,
f = [w
W
e1 , w
e2 , ..., w
em ]T
(7)
S(Xin is a non-linear vector function of the inputs, which
can be expressed as,
S(Xin = [s1 (Xin ), s2 (Xin ), ..., sm (Xin )]T

(8)

B. TbD based on RBF network

As Eq.(8) shows, S(Xin ) consists of basis functions
si (Xin ). Here, a Gaussian function is used, which can be
expressed as,


(Xin − ci )T
(9)
s(Xin ) = exp −
r2

Using the virtual system, we can control the Baxter to
move according to a trajectory. And these point-point motions can be modeled to be a dynamical system, which can be
expressed by a first-order autonomous ordinary differential
equation

where ci = [ci1 , ci2 , ...ci 1N ]T ∈ RN is a vector which
represent the center of the ith basis function, and r is the
variance.
Using RBF network, the function f can be approximated
to any arbitrary accuracy as,

Fig. 6.

The process of training and trajectory reproduction

ẋ = f (x) + ε

(5)

where x denotes the robot’s end-effector position or joint
angles,and ẋ is the first derivative of x. The dataset is
1 ,··· ,TL
{x, ẋ}Tt=0
, ε is a zero mean gaussian noise [22]. The
goal is to obtain an estimation of fˆ from f .

f (Xin ) = fe(Xin , W ∗ ) + ε(Xin ), ∀Xin ∈ ΩXin

(10)

∗

whereε(Xin ) is the approximation error. And W is the ideal
RBF network weights, which can be expressed as,
"
#
f ) | (11)
W ∗ = arg min
sup | f (Xin ) − fe(Xin , W
(W )

Xin ∈ΩXin

And the errors is uniformly bounded by
| ε(Xin ) |6 ε∗ , ∀Xin ∈ ΩXin

(12)

The parameters of the neural network include the center
of the RBF function δ, the variance of the RBF function σ,
the weight W . Usually, δ is selected from the sample and
each base function uses a uniform partial expansion constant.
And then select the Gaussian function Φ(x) = s(Xin ) as the
basis function, σ can be expressed as,

Fig. 7.

RBF network

dmax
(13)
δ=√
2M
where dmax is the maximum distance between the centres
of the selected data, M is the number of data centres. Using
Least mean square (LMS) the weight W can be expressed
as,
W = Φ+ d
(14)

where Φ+ is the pseudo inverse of Φ,
Φ+ = (ΦT Φ)−1 ΦT

(15)

IV. EXPERIMENT AND RESULTS
A. The Effectiveness of the teleoperation System
Our goal is to explore whether a robot can accomplish a
task after teaching by teleoperation which is based on visual
interaction and RBF network. To verify the effectiveness of
this TbD method, a simulation scene is designed in V-REP.
And the scene consists of a Baxter robot, a desk and some
rectangular building blocks. As shown in Fig. 8, using the
Kinect, a human demonstrator controls the Baxter robot to
pull down a building block, and then the robot’s arm returns
to its original position. This action will be done many times.
At the same time, the robot joint angle in this process is
recorded at regular intervals.
Because each simulation time we control the robot is
different, the number of data recorded in the experiment
is also different. We randomly interpolate the experimental
data. Use these processed joint angles to control the robot,
the robot can reproduce the same trajectory, which confirms
that this method has no effect on the effect of the robot’s
trajectory. Therefore, a sample with dimension 142×3 is got
from the each simulation after data processing. As shown in
Fig. 9, it can be seen that the difference between each set of
data is very large.

Fig. 9.

Fig. 8. Controlled by the human with a Kinect, the Baxter can push down
the building block on the desk.

B. The Effectiveness of the learning method
We implement the learning algorithm based on RBF
network in MATLAB. The function newrb() in MATLAB is
mainly used to build the RBF network. During the training
process, the input data is time ti , and the output data is the
joint angle qi (i = 1, 2, ..., 142). The relationship mean square
error(MSE) and the number of hidden neurons is shown in
Tab.I. Using the constructed RBF network to approximate the
robot trajectory, we get three groups of output data. As shown

Four randomly selected training samples.

is Fig. 10, they are the values of the robot’s corresponding
joint angles, respectively.
In the next step, the data is sent to V-REP through
MATLAB to control the Baxter robot. As shown is Fig. 11,
the Baxter in V-REP can autonomously completes the task
which is taught by a human Demonstrator.
V. CONCLUSION
In this paper, we have developed a teleoperation system
based on visual interaction, and put forward a robot teaching
method based on RBF network. In the teleoperation system,
Kinect is used to control the robot in V-REP by human
body motion. Through learning and training, the robot can
reproduce the trajectory which is provided by the RBF
network. The experimental results show that robot can learn
the motion from human demonstration in a natural manner.

TABLE I
THE RELATIONSHIP MSE AND THE NUMBER OF HIDDEN NEURONS

Neurons
MSE(S0)
MSE(S1)
MSE(E1)

50
0.0122
0.0391
0.0073

100
0.0088
0.0183
0.0072

150
0.0081
0.0117
0.0071

200
0.0079
0.0107
0.0070

250
0.0079
0.0106
0.0070

300
0.0079
0.0106
0.0070

Fig. 11. The experiment results 3: Through learning and training by RBF
network, the Baxter can push down the building block autonomously.

Fig. 10. The output data of the RBF network. (a),(b),(c) are the joint
angles of S0, S1 and E1. And (d) is the trajectory of the Baxter arm moving
downward in Cartesian space.

And this method does not require analytical modelling of a
robot. So it can be customised for various types of robots
Further work will test the performance of different neural
networks to find a most suitable one in robot teaching. And
we will experiment with a real robot and design some of the
more complex tasks.
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