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a b s t r a c t
Compared with traditional robot teaching methods, robots can learn various human-like skills in a more
eﬃcient and natural manner through teleoperation. In this paper, we propose a teleoperation method
based on human-robot interaction (HRI), which mainly uses visual information. With only one teleoperation, the robot can reproduce a trajectory. There is a certain error between this trajectory and the optimal
trajectory due to the cause of the human demonstrator or the robot. So we use an extreme learning machine (ELM) based algorithm to transfer the demonstrator’s motions to the robot. To verify the method,
we use a Microsoft KinectV2 to capture the human body motion and the hand state, according to which
a Baxter robot in Virtual Robot Experimentation Platform (V-REP) will be controlled by the command.
Through learning and training by the ELM, the robot in V-REP can complete a certain task autonomously
and the robot in reality can reproduce this trajectory well. The experimental results show that the developed method has achieved satisfactory performance.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
With the recent rapid advances in robotics, the application of
robots in industries has been extended to various ﬁelds. Through
a teaching by demonstration (TbD) method, a robot can perform
a task which is different from the previous one in a new working
environment [1,2]. Traditionally, only after the professionals spend
a lot of time for programming by keyboards or joysticks [3], the
industrial robots can learn ﬁxed skills on the assembly line. Apparently this approach is usually time consuming and not ﬂexible to
adapt to modern manufacturing. While a robot can be directly programmed by learning human-like manipulation skills from a skilful demonstrator through teleoperation. Therefore, this method can
enable the robot to adapt to different tasks or environment eﬃciently.
Teleoperation based on HRI has been recently attracted much
attention due to the advantages described above [4]. In [5], a TbD
method is presented, enhanced by transferring the stiffness pro-
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ﬁle during HRI. In their work, muscle surface electromyography
(sEMG) is collected and processed to extract the demonstrator’s
variable stiffness and hand grasping patterns. In [6], various hand
gestures are recognized through the proposed HRI method based
on hand guided demonstration. In [7], a teleoperation-based robot
programming method is proposed. To verify the method, they develop a master-slave teleoperation system and an exoskeleton device is used as the HRI device.
There are many techniques or devices that are applied to
HRI for enhanced performance. Generally, visual interaction has
been one of the most widely utilized techniques [8]. Because visual interaction based on body motions tracking is comparative
easy to implement, most of them are applied to capture human
motion [9].
While in the TbD method for robot, neural networks have been
widely applied. In [10], a TbD method for building an adaptive control system is presented. And the robot will improve its work performance by repeated a task with the help of the neural network.
In [11], a neural learning scheme which can be used in estimating
stable dynamical systems is presented. The result shows that the
method is able to evaluate systems accurately. Slightly less than
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2. Using the programming approaches to control each object/model: V-REP is a highly customizable simulator, because it has
6 programming approaches to control each model [18]. That is to
say, a model in V-REP could be controlled by an embedded script,
an add-on, a plugin, a remote API client, a ROS node or a custom
client/server, respectively.
3. Select the physics engine and set the simulation parameters: To
simulate real-world physics and object interactions, V-REP provides
4 physics engines (Bullet Physics, ODE, Vortex Dynamics and Newton Dynamics). So the dynamics calculations can be faster and easier, and be customizable. [19].
In this work, a model of Baxter robot is used for simulation,
and two API clients are developed to control the Baxter in V-REP.
Fig. 1. The KinectV2 sensor [16].

the robot teaching based on neural learning is too complex to cost
much time.
In this paper, we put forward a robot teaching method which
uses a virtual teleoperation system based on visual interaction, and
uses a neural learning method based on ELM. More speciﬁcally, in
our work, Microsoft second generation of motion capture device,
which is called Kinect V2, is used to track human body motion
and the hand state. 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 learning algorithm
based on ELM [12], which can teach the robot to learn some skills
from human, is developed. Compared with robot teaching based on
other neural network, this ELM requires less training samples, and
has a high generalization capacity [13].
The rest of the paper is structured as follows: In Section 2, we
introduce Kinect sensor, V-REP and its remote API. In Section 3,
we present system included a virtual teleoperation system and a
learning and training system. In Section 4, the design methodology about the system is introduced. In the Section 5, a space vector approach, a data processing method and a TbD method based
ELM is presented. Finally, the experimental results are revealed in
Section 6 followed by the conclusion given in Section 7.
2. Preliminaries
2.1. Kinect sensor
The second-generation Kinect for Windows is used in our work.
Kinect has an RGB color camera, an IR emitter, and a depth sensor
which is composed of an IR camera and an IR projector. With these
devices above, Kinect Sensor provides full-body 3D motion capture,
facial recognition and other capabilities [14]. Compared with the
Kinect V1, Kinect V2 allows us to track up down 25 body joints
[15], included the ﬁsts and thumbs. Because of such an advantage,
the Kinect V2 can recognize the hand state. Such as Open, Closed
and Lasso. The Lasso state means you close your hand and with the
middle and extend your middle ﬁnger and index ﬁnger. (Fig. 1).
2.2. V-REP
V-REP is an open source robot simulator with an integrated development environment [17]. The procedure of construction and
simulation of a robot is illustrated as follows:
1. Set up the robot model and work environment in V-REP scene:
On the construction of a robot model, one way is to create the
model in other software, then save it to a certain ﬁle format, such
as OBJ, STL, 3DS, DXF, COLLADA or URDF, and ﬁnally import it to
V-REP. Another way of doing it is to use the model directly which
is provided by the internal model browser.

2.3. The Remote API in V-REP
As mentioned above, The V-REP remote API allows to control a
simulation or the V-REP itself from an external application or a remote hardware. There are two separate entities in the remote API
functionality, namely the client side and the server side [20], respectively. The server side is usually a V-REP scene. And the client
can be a C++ application or an application written in MATLAB . In
order to ensure real-time communication between a V-REP scene
and an API client, a socket communication is used, which could reduce the lags and the network load to a large extent. Therefore, it
could allow an external application to communicate with V-REP in
a synchronous manner.
The remote API in V-REP provides four types of operation
modes which can decide one of the mechanisms to execute function calls. They are blocking function calls, non-blocking function
calls, data streaming and synchronous operation, respectively. The
process of transferring data in blocking function calls and nonblocking function calls are shown in Fig. 2. Using a blocking function call, we should wait for a reply from the API client. Using a
non-blocking function call, do not need to wait for a reply, we are
able to send command and data to V-REP.
2.4. Baxter robot
Baxter is a semi-humanoid industrial robot developed by Rethink Robotics. Baxter has a 2-DOF head and two 7-DOF arms
(shoulder joint: S0, S1; elbow joint: E0, E1; wrist joint: W1, W2,
W3) [21]. In addition to being applied in industry, it can also be
used in scientiﬁc research, especially in HRI and human-robot collaboration (HRC) [22]. As is shown in Fig. 3, the Baxter robot in
V-REP is similar to a real Baxter robot, except the head and the
animated face. They share the same kinematics and dynamics.
3. The architecture of the system
As is shown in Fig. 4, the system we design contains a virtual
teleoperation system and a training and learning system. In the
ﬁrst stage, a human demonstrator controls the Baxter in V-REP by
Kinect. In the second stage, a neural network will be used to train
and learn the data, which is recorded in the ﬁrst stage. And then
the output data is sent to the Baxter, to make it complete the previous task.
The virtual teleoperation system, which is the simulation of the
real one, can verify the proposed algorithm in the virtual physical
environment. The core of the virtual system is the verisimilitude of
the model. Therefore, it is able to allow the human user to obtain
quite real interactive experience.
The virtual teleoperation system we proposed, which is based
on HRI, consists of a human demonstrator, a Kinect, a computer
with V-REP. Separately, the human demonstrator occupies the
dominant position in the teleoperation system; the Kinect is used
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Fig. 2. The process of transferring data in blocking function calls and non-blocking function calls modiﬁed from [20].

work structure; and V-REP offers another simulation scene to test
the effectiveness of the learning neural.
4. Design methodology
4.1. Acquiring information from Kinect

Fig. 3. The robot on the left is the Baxter in reality [23] and the robot on the left
is the Baxter in V-REP.

to capture the human body motion and the hand state; and V-REP
offers the virtual robot model and work environment. The control
target is the Baxter robot’s arms in V-REP, which are expected to
follow the movement of the human demonstrator.
The training and learning system we proposed consists of a
database, a learning neural network and also a computer with VREP. Separately, the database can record and store robot joint angles; the a learning neural network based on ELM can get the data
from data storage, and then train it by its three-layer neural net-

Kinect skeletal tracking is not affected by ambient lighting because of the infrared information. 3D depth images can be captured by the Kinect due to the mechanism of binocular vision [26].
There are three steps for the Kinect to capture the demonstrator’s body information: At ﬁrst, Kinect adopts the method of image segmentation to distinguish the human body from the complex background. Then Kinect ﬁnds the object in the image that
is more likely to be human and evaluates depth of ﬁeld image to
identify different parts of the human body. Finally, it uses the results of the previous phase, and generates a skeletal system based
on the 25 traced joint points.
4.2. Communication between Kinect and V-REP
To connect the Kinect V2, the computer should use a USB 3.0
port. And we install the Kinect for Windows SDK V2.0 and V-REP
PRO EDU in the computer.
In the virtual teleoperation system, the client side is a custom
C++ application and the server side is the V-REP scene.
To enable the Remote API on the client side, the C-language
ﬁles provided by V-REP should be included in the C++ project,

Fig. 4. The architecture of the system. The teleoperation system consists of a human [24], Kinect V2 [16], a V-REP sence . And the a training and learning system consists of
a database, ELM [25] and another V-REP sence.
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way: to open/close the human demonstrator’s right/left hand could
open/close the robot right/left gripper.
4.4. The process of training and trajectory reproduction

Fig. 5. The communication structure of the virtual teleoperation system.

Through human demonstration based on HRI, the robot has
completed certain tasks, and the data of the joint angle is recorded
and saved in a storage ﬁle. As the time of robot teaching is different, there is a difference in the time dimension of the collected
experimental data. To ensure the data is valid, and has the same
dimension, we need to process them. The joint angle of the robot
changes over time, so each of them is a time series, which can be
aligned by Dynamic Time Warping (DTW) algorithm. And then the
data will be trained by ELM to learn the action of human demonstrator. (Fig. 7).
MATLAB is used to send the joint angle which are processed by
DTW and ELM to the Baxter in V-REP. Similar to the C++ application, a blocking function call and a non-blocking function call are
used as the same function in the communication between MATLAB
and V-REP. The blocking function call is used to get the data of every robot joint in V-REP. And the non-blocking function call is used
to send the joint angle, which is output by the ELM, 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.
5. Key techniques

Fig. 6. The ﬂow chart of the control scheme. After turning off the control switch,
you can turn on it again by using the hand state.

such as extApi.h, extApi.c, extApiPlatform.h and extApiPlatform.c.
To enable the remote API on the server side, the remote API plugin
should be loaded when the V-REP is started up.
To control the Baxter in V-REP, the blocking function call is used
to get the data of every robot joint in V-REP. So the client side can
get information about the robot joints in V-REP. While the nonblocking function call is used to send the joint angle to the robot
in V-REP. And then the C++ application will be used to record the
data of the joint angle and save it in a ﬁle.

4.3. Design of the control scheme
In the teleoperation system whose communication structure is
shown in Fig. 5, the human body motion is applied to control
the movement of robot’s arms, while the hand state is applied to
control switching modes. The ﬂow chart of the control scheme is
shown in Fig. 6.
To turn on the control switch, the teleoperation system uses the
sequence of the left hand as follows: Lasso⇒ Open hand ⇒ closed
hand. As a result, the Baxter follows the movement of the human demonstrator. On the contrary, to turn off the control switch,
it uses the sequence of the left hand as follow: Lasso⇒ Closed
hand ⇒ Open hand. The robot grippers are controlled in such a

5.1. Space vector approach
The key of controlling the Baxter by Kinect is how to calculate
the human joint angle. Kinect is able to get the 3D Cartesian coordinates of the joints of a human body. 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:

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| And in 3D space, the law of Cosines can calculate the
angle between two joints. A joint in Kinect coordinate can be ex−
→
−
→
pressed as a vector. The joint 1 is AB, and the joint 2 is BC , so the
angle between two joints can be calculated as,

−
→ −
→
−
→ −
→
AB · BC
cos(AB, BC ) = −
→ −
→
|AB| · |BC |

(2)

According to the above equation, the coordinates returned by
Kinect can be converted to corresponding vectors. And the respective angles of the joints can be calculated by the law of Cosines.
Getting all the location coordinates from Kinect, we can build
the geometry model of human left arm as shown in Fig. 8. In
Cartesian space of Kinect, The directed straight line OX, OY and
OZ form a coordinate system. To calculate the shoulder pitch angle
−
→
−
→
ࢬOEF, we get the vectors OE and EF from three points and then
calculate the angle. And using the same method, we can get the

Fig. 7. The communication structure of the training and learning system.
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Fig. 8. The human skeleton obtained by Kinect V2 and the geometry model of human left arm.

Fig. 9. (a)The two sample values of the joint angle S0.(b)Two sample values are aligned by DTW.

elbow pitch ࢬEFG. Project Points D, O and F to the plane XOZ, we
can calculate the shoulder yaw angle ࢬKOJ.
−
→
−→
Through vector product, we can get the LE and ME , which can
be calculated as

−
→

→
−
→ −
LE = EF × F G
→
−→ −
→ −
ME = EF × DE

(3)

So the calculation of shoulder roll ࢬLEM can be solved. In the same
way, 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 .
And the Baxter coordinate system is different with the Kinect
coordinate system. So we should map the coordinate axis between
them, which can be calculated as



XBaxter = −ZKinect
YBaxter = XKinect
ZBaxter = YKinect

Fig. 10. Extreme learning machine.

(4)

So using the space vector approach, we can calculate the human
joint angle and then use them to control the robot in V-REP by
Kinect.
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Fig. 11. The experiment results 1:human body motion is used to control the Baxter in V-REP. The ﬁrst experimental results show that Baxter can follow the motions of
human in a real time manner.

Fig. 12. The experiment results 2: Controlled by the human with a Kinect, the Baxter can push down the workpiece on the desk.

5.2. Dynamic time warping

Under the constraint of match path WP, the distance between x
and y can be expressed as

DTW is a well-known algorithm to process the time series signal, which not only can calculate the similarity between two temporal sequences, but also can align the timeline of them with a
dynamic programming.
Given two lengths of different time series,x[x1 , x2 , . . . , xm ] and
y[y1 , y2 , . . . , ym ]. Suppose the matrix WP is the match path between two given time series bulit by DTW, where



wp11
WP =
wp12

wp21
wp22

···
···

wpL1
wpL2


(5)

L is the length of the match path. And wpk1 ∈ {1, 2, . . . , m}, wpk2 ∈
{1, 2, . . . , n}, k ∈ {1, 2, . . . , L}.

ρ (W P, x, y ) =

L


(xwpk1 − ywpk2 )2

(6)

k=1

where [wpk1 , wpk2 ]T is the kth column of the matrix WP. And the
match path WP must satisfy the following constraint:
1. Boundary condition:
[wp11 , wp12 ] = [1, 1] and [wpL1 , wpL2 ] = [m, n].
2. Monotonicity condition:
For k = 1, 2, . . . , L, wp11  wp21  . . .  wpk1 and wp12 
wp22  . . .  wpk2 .
3. Step size condition:
For k = 1, 2, . . . , L − 1, wpk+1,1 − wpk1  1 and wpk+1,2 −
wpk2  1.
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Fig. 13. Four randomly selected training samples. It can be seen that the difference between each set of data is very large.

Table 1
the value of the hidden layer biases β .

5.3. TbD based on extreme learning machine

Joint

1

2

3

4

5

6

S0
S1
E1

0.6029
0.5672
0.6948

0.7756
0.1846
0.3170

0.3044
0.0722
0.9502

.8459
0.3726
0.0344

0.0224
0.9727
0.4387

0.8578
0.8949
0.3815

Joint

7

8

9

10

11

12

S0
S1
E1

0.8620
0.1044
0.7655

0.4827
0.9107
0.7952

0.7025
0.5869
0.1869

0.7762
0.8424
0.4898

0.0673
0.2982
0.4456

0.1802
0.7795
0.6463

Using the virtual teleoperation system, we can control the Baxter to move according to a trajectory. However, in the process
of accomplishing a task, human action is not necessarily optimal.
Therefore, Controlled by teleoperation, the robot’s trajectory will
have some deviation compared with the target trajectory. Through
the neural network learning based on ELM, the robot trajectory can
approach the target trajectory. The dynamical system can be expressed by a ﬁrst-order autonomous ordinary differential equation

s˙ = f (s ) + ε
There are multiple paths that satisfy the above constraints. The
goal of DTW is to ﬁnd the optimal match path, which can be expressed as

DT W (x, y ) = min(ρ (W P, x, y ))

(7)

Using the dynamic programming to solve DTW(x, y), it builds a accumulated cost matrix R which has a dimension of m × n. R(i, j)
can be expressed as

R(i, j ) = (xi − y j )2

⎧
0
⎪
⎪
⎨R(i, j − 1 )
+ R ( i − 1, j )
⎪
⎪
⎩min(R(i − 1, j ),
R(i, j − 1 ), R(i − 1, j − 1 ))

if i = 1 and j = 1
else if i = 1 and j > 1
else if i > 1 and j = 1

where s denotes the robot’s joint angles, and s˙ is the ﬁrst derivative
T1 ,...,TL
of s. The dataset is {s, s˙ }t=0
, ε is a zero mean gaussian noise [27].
The goal is to obtain an estimation of fˆ from f.
To achieve this goal, we use a method based on ELM, which
is more eﬃcient than the traditional learning algorithm under
the same conditions. To use the ELM in the teleoperation system,the goal is to learn the mapping f : s → s˙ based on the dataset
T1 ,...,TL
{s, s˙ }t=0
. As shown in Fig. 10, to a neural network with a hidden
layer, the input layer has n nodes, which is the dimension of s. In
the hidden layer, the target function is,

s˙ = o =

L

i=1

(8)

otherwise

Using the DTW algorithm to process the sample, We can align
them on the timeline, as shown in Fig. 9.

(9)

βi fi (s ) =

L


βi g(ωiT s + bi )

(10)

i=1

where g is activation function, W=(ω1 , ω2 , ...,ωL )T is the input
weights, which has dimension L × d, and β =(β 1 , β 2 , ...,β L )T is the
output weights, which also has dimension L × d, b=(b1 , b2 , ...,bL ) is
the hidden layer biases, ωiT s is inner product of W and s.
The learning goal of a single hidden layer neural network is
making the output error minimized. So ELM solves the problems
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Fig. 14. The output data of the ELM. (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. The
reference angle value are output by the ELM network. And the actual angle value are recorded from the real Baxter robot.

as follows:

translate into a problem about solving a linear system. The solution
is

min H β − O

(11)

β

β = H+O

(13)

H+

where

H ( ω1 , ω2 , . . . , ωL , b1 , b2 , . . . , bL , s1 , s2 , . . . , sL )

⎡

g(ω1T s1 + b1 )
⎢
..
=⎣
.
g(ω1T sL + b1 )

···
..
.
···

(12)

⎤

g(ωLT s1 + bL )
⎥
..
⎦
.
g(ωLT sL + bL )

is the output of the hidden layer node, O=(o1 , o2 , ...,oL )T is
expected output. In the system, O is the target value which is
generated by demonstration.
Once the input weights and hidden layer biases are ﬁxed, the
output matrix of the hidden layer H is uniquely determined. Then
the problem about training single hidden layer neural network can

where
is the Moore–Penrose generalized inverse of the matrix
H.
For any t ∈ R, the activation functions g(t) should be continuous
and continuously differentiable. We use a kind of activation functions which satisfy that



g(t ) = 0,
g(t ) > 0,

t=0
∀t ∈ R

(14)

In order to satisfy the above properties, a bipolar sigmoid function

g(t ) =

2
−1
1 + e−t

(15)

is used. The sigmoid functions are continuous and continuously
differentiable, so they have not an impact on the performance of
ELM.
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Fig. 15. The joint angle recorded from the real Baxter robot. It can be seen that the other values are approximately 0.

Fig. 16. The experiment results 3: Through learning and training by ELM, the Baxter in V-REP and in reality can reproduce the action of the human demonstrator.

6. Experiment and results
6.1. The Effectiveness of the virtual teleoperation system
In order to verify the validity of the proposed method, we build
a virtual teleoperation platform which mainly consists of Kinect
and V-REP. At ﬁrst we verify the effectiveness of controlling the
robot by human body motions. Four motions are designed to verify that the Baxter robot arms can be moved ﬂexibly in the virtual
space.
As shown in Fig. 11, the ﬁrst two motions show that the Baxter robot arms can swing up and down controlled by the human
demonstrator. And the rest motions show that the Baxter robot

arms can swing back and forth. In addition, it can be seen that
the motion of the human arms and the motion of the robot are
symmetrical. That is to say, the human left arm controls the robot’s
right arm, while the human right arm controls the robot’s left arm.
Therefore, the robot is able to follow the human motion accurately.
The experimental results show that this virtual teleoperation system can make the human control the Baxter in V-REP in a realtime and accurate manner.
6.2. The collection and processing of experimental data
To verify the effectiveness of the TbD based on ELM, We designed a simulation scene. Controlled by the Kinect, the Baxter
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in V-REP moves its arm and pulls down a square workpiece on
the desk. Then the workpiece is transferred to a conveyor belt. In
the above process, we have recorded the robot joint angle, which
changes with time. Finally, we have repeated this process more
than 20 times. (Fig. 12) Because the robot movement time is different in each experiment, the length of the experimental data is
different. To ensure that the length of each set of data same, some
data are interpolated. Then we can get a sample with dimension
142 × 3 from each experiment. After the processing of DTW, we
can get a set of data with 317 × 3.
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features of this trajectory.
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7. Conclusion
In this paper, we have developed a virtual teleoperation system
based on visual interaction. The human body motion is used to
control the robot’s arms, and gesture are used to control the beginning and end of the simulation. In addition, through a TbD method
based on ELM, the system can transfer the human motions to the
robot. We use Kinect to acquire the body skeleton data and hand
states. Then we use V-REP, to build a Baxter robot and its work
environment. To verify the effectiveness of the TbD based on ELM,
we control the Baxter in V-REP to move its end-effector according
to a certain trajectory. Through learning and training, the robot in
V-REP can autonomously repeat such tasks and the robot in reality
can reproduce this trajectory well. The results show that robot can
not only learn the motion from human demonstrator in a natural
manner, but also perform well in repeating a certain trajectory.
Since there exits a certain distance between human eyes and
the computer screen, a good performance can not be always
achieved. In the future, the virtual reality technique will be further introduced into the developed teleoperation system, in order
to enable human demonstrator to obtain enhanced teaching experience by capturing 3D information.
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