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This paper proposes a new approach for solving the problem of obstacle avoidance during manipulation

tasks performed by redundant manipulators. The developed solution is based on a double neural

network that uses Q-learning reinforcement technique. Q-learning has been applied in robotics for

attaining obstacle free navigation or computing path planning problems. Most studies solve inverse

kinematics and obstacle avoidance problems using variations of the classical Jacobian matrix approach,

or by minimizing redundancy resolution of manipulators operating in known environments. Research-

ers who tried to use neural networks for solving inverse kinematics often dealt with only one obstacle

present in the working field. This paper focuses on calculating inverse kinematics and obstacle

avoidance for complex unknown environments, with multiple obstacles in the working field.

Q-learning is used together with neural networks in order to plan and execute arm movements at

each time instant. The algorithm developed for general redundant kinematic link chains has been tested

on the particular case of PowerCube manipulator. Before implementing the solution on the real robot,

the simulation was integrated in an immersive virtual environment for better movement analysis and

safer testing. The study results show that the proposed approach has a good average speed and a

satisfying target reaching success rate.

& 2011 Elsevier Ltd. All rights reserved.
1. Introduction

Currently, one of the most important goals of researchers in
robotics is achieving a natural interaction between humans and
robots, a satisfying Human–Robot Interaction (HRI). In order to
attain this, a lot of effort is put into designing and developing
‘‘intelligent machines’’. A fundamental interaction between
humans and robot is the transfer of objects, most of the times
seen as part of a more useful activity [1]. Directly handing objects
to robots is a basic yet, highly complex scenario, as several issues
need to be solved: determining goal position within a previously
chosen Cartesian system, solving the kinematics problem, solving
the path planning problem, avoiding environmental obstacles
(whether they are static or dynamic), considering safety prere-
quisites, handling hardware/software problems and many others.

Kinematics problem is one of the most discussed issues in
fields like robotics and computer animation. There are 2 different
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types of kinematics: Forward Kinematics (FK) and Inverse Kine-
matics (IK). FK explicitly solves the position and orientation of
each segment in Cartesian coordinates at a specific time, using
joint angles as input

FkðfÞ ¼ ðX;Y ; ZÞi ð1Þ

In Eq. (1), given the angle vector f and a kinematic chain with n

joints, Fk function provides the Cartesian coordinates (X;Y;Z) for
each i joint, where iA[1,n]. For most robotic structures, the main
goal of FK is to determine the position and orientation of the last
link (the end-effector—EE). Opposite, IK provides direct control
over the position of the EE by computing each joint angle from the
kinematic chain

IkðX;Y ; ZÞi ¼ Fk
�1
ðX;Y ; ZÞi ¼f ð2Þ

Although solving IK is an important issue in robot manipulation,
the problem of path planning also needs to be handled. The path
planning problem contains the following key issues: a space of
states (initial, intermediate and final states), the time, the opera-
tors/actions, a planner (algorithm) and a plan. Several path
planning studies for manipulators have been conducted over the
years, each proposing different manipulation strategies [2,3].

As robots are basically metal structures equipped with sensors
from which they get environmental data, what matters is to
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compute this data fast enough, in order to give the ability to
handle tasks, most of the times, in unstructured environments.
This study focuses on designing a manipulation experiment in
such environments, where obstacle avoidance is needed. Obstacle
avoidance in manipulation tasks is a much disputed field of
robotics. Classical ways of dealing with obstacle avoidance
include straight-forward mathematical apparatus. Obstacle
avoidance is in many cases handled using the pseudo-inverse
Jacobian [4,5]. Given that a multi-layer neural network is able
form any continuous nonlinear mapping from one domain to
another [6], this relatively new technology has been combined
with Q-learning for solving the problem of obstacle avoidance in
manipulation tasks [7,8].

Q-Learning is a specific algorithm which basically implements
reinforcement learning technique [9]. For the case of a robotic
manipulator, the quality of a state-action combination is defined
as a cost function

Q : S� A-R ð3Þ

where Q is the solution set, S is the set of states and A is the set of
actions.

The reward is given if the current trajectory is collision free
and if the EE approaches the goal. The strong point of this
approach is that the algorithm deals with the lack of knowledge
regarding the working environment by using each sequence of
state, action and resulting state, as a sample of the unknown
underlying probability distribution. This information is used to
form a reward parameter that helps in achieving the correct
values. Due the fact that a large number of tests is required to
converge, this algorithm may be wrapped on a feed-forward
neural network. Only a few studies address this type of solution
for solving IK problem [10,11].

Using real physical structures within experiments implies
harder and more time consuming testing activities, mostly due
safety considerations. Thus, this study proposes the usage of
immersive virtual reality (VR) environments for easier testing
and analysis of the developed IK algorithm. After satisfying results
are achieved within the simulated environment, the algorithm is
further tested on real robots.
2. Literature overview

This paper integrates aspects from several research fields.
Thus, it is proposed below a resume of current achievements in
studies related to the problem.
2.1. Obstacle avoidance during robot manipulation

Obstacle avoidance is an issue usually addressed to redundant
manipulators. If a link structure can reach the same EE position by
several different intermediate positions of the kinematic bodies
from the chain, it is called redundant. Redundancy can be used to
meet secondary tasks such as obstacle avoidance, singularity
avoidance [12] or variable optimization (i.e. torque optimization
[13], dexterity optimization [14], energy saving optimization and
others).

One of the most used approaches to solving IK and obstacle
avoidance is based on the use of inverse of Jacobian and its
relatives [4,5,15,16]. The main idea that stands behind this
approach is that a Jacobian matrix contains all the information
necessary to relate a change in any component of EE position
vector to a change in any other component of the configuration
angle vector. The approximation which is usually made for the
angle vector variation Df is

Df¼ J�1DEE ð4Þ

where DEE is the desired incremental change of the EE position
and J is the Jacobian matrix.

After imposing Eq. (4), current algorithms pick a step and iterate
the equation on a loop until the EE reaches the goal or a position
which is fairly satisfying near the goal. Variations on this technique
rely on constructing J�1; most used are the pseudo-inverse ðJþ Þ�1

and the transposed ðJT Þ
�1. Other studies propose a solution that

requires only standard inversion instead of pseudo-inversion, by
using the extended Jacobian method [17]. After the minimum norm
and the homogenous solution are defined, a secondary goal can be
translated mathematically [16]. However, this approach loses sub-
stance when dealing with local minima and highly irregularly
shaped obstacles [18]. To remedy this, some studies propose using
task priority strategies, but these are less suitable for manipulators
with a high number of degrees of freedom (DOF) [12].

Other methods related to the objective of this study, also used
in robot navigation, are the artificial potential field algorithm [19]
and fuzzy logic [20]. Obstacles are viewed as reflecting magnetic
poles while targets are viewed as attractive points. Artificial
potential field algorithm is also suffering from local minima
inconsistency, and because of the issues imposed by arbitrarily
shaped obstacles and manipulators with multiple links, only a few
studies address this approach [21,22].

One of the best approaches to the problem of manipulation in
environments with obstacles is the one that uses the quadratic
problem to minimize the redundancy resolution of the kinematic
chain, with subject to bound constrains [18,23–26].

2.2. Solving IK and obstacle avoidance with artificial neural

networks

Connectionist methods such as recurrent neural networks
provide an alternative solution to IK problem. Solving the pro-
blem of obstacle avoidance using neural networks has been
addressed in literature by several scientists.

One of the most basic approaches to robot arm control with
neural networks uses the base to EE transformation matrix ele-
ments as neuron inputs, a hidden layer with 20 neurons and an
output layer with 6 variables, which are the angles between the
kinematic links [27]. However, this approach reveals high variable
errors, unacceptable for real world use. Another study addresses the
problem of finding an obstacle free position with the help of a
neural network, given the desired EE position [28]. However, this
study does not focus on achieving a trajectory free of obstacles.
More elaborated studies propose using a penalty function corrobo-
rated with the ball covering technique for solving the problem of
collisions [29]. In order to solve the task of obstacle avoidance, Tang
et al. propose the usage of a recurrent neural network called the
Lagrangian network. However, their study assumes that the entire
working environment (together with EE movement trajectories) is
known [10]. In some studies, neural networks are used to regulate
the impedance parameters of manipulators’ EE and avoid obstacles
by ‘‘sensing’’ the contact with the working environment [30].

One of the most interesting cases of usage of neural networks is
presented in the studies of Zhang et. all, focusing on solving
obstacle avoidance with the help of the quadratic problem. Their
latest research is based on a dual neural network design (called
primal-dual neural network—PDNN) which is able to converge to
optimal solutions based on linear variational inequalities (LVI)
approach, basically expressing the minimum-energy redundancy
resolution of the kinematic system [23,24]. However, the obstacles
are modelled as points and the working environment is assumed
to be known at any moment of computation.
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Fig. 1. Experiment steps.
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Genetic algorithms are also used in collaboration with neural
networks for evolving obstacle avoidance behaviour for robotic
arms [31]. However, genetic algorithms are rather slow and have
a ‘‘close to optimal’’ behaviour; there is no guarantee of their
convergence and on the quality of the behaviour found [32].

Hasan et. al. propose an adaptive learning strategy using an
artificial neural network for controlling the motion of a 6 DOF
manipulator, without explicitly specifying the kinematic config-
uration [33] nor the configuration of the working space. In a
recent study [11], Kohonen Self-Organizing Map (KSOM) is used
to build a hint generator to solve the inverse kinematic problem
of a redundant manipulator. A feed-forward network is then used
to learn the obstacle free kinematic map of the robotic arm.

2.3. Robotics and VR technologies

Working with robots assumes the existence of several important
factors: space, time, equipment and determination. While the last
one can be reasonably compensated by scientists, the others require
resources which may not be at the disposal of many robotic
laboratories and industrial facilities out there. Generating simula-
tions of robot behaviour in VR might be the answer to this problem.
So far, simulation has been used with success in education (devel-
oping learning platforms for students [34], commanding robots
within virtual laboratories [35] or reconstructing historical sites
[36]), industry (manufacturing applications [37]) and entertainment
[38]. Scientists have analysed the way in which users perceive
virtual objects in immersive environments (measuring basic values
like perception of distances and sizes [39], quantifying the immer-
sion quality [40] or assessing more complex attributes like the
perception of idle times of virtual industrial robots [41]), interact
with virtual objects or team up to solve some specific scenarios [42].

Modelling robots in VR solves hardware troubleshooting
problems. From a programmer’s point of view, when designing
for example, a new attribute of a physical robot, plenty of time is
spent on setting up collateral systems, time which can be saved
using simulation software [43].

VR technologies solve uniqueness problems. Most of the times
and for trivial reasons, research laboratories have one, maybe two
study platforms, which have to be shared between several research-
ers. Using simulation eliminates the problem of concurrent use [44].

Simulation lowers the entry barrier for young scientists and
improves education process. Using only a personal computer,
inexperienced robot researchers can develop interesting applica-
tions in which they can program physical constrains within the
virtual environments, for obtaining results close to reality.

Although simulation in virtual environments has so many
good aspects, there are also some drawbacks that should be
mentioned. The main weak point of any simulation is the inexact
representation of reality. This translates into secondary issues,
like the lack of noisy data or the usage of incomplete models of
the virtual robots/environments [45]. Other issues relate to the
processing power of the computer on which the simulation is
running, which produces inconstancies between time in virtual
environment and real life [43]. Another variable that should be
taken into consideration is time spent to design and improve the
usability and the realism of simulations. This is mainly occupied
by the parameter tuning process [46].

Only a few studies address the problem performing manipula-
tion experiments outside the real world. Ong et al. propose i.e. the
usage of augmented reality (AR) for performing a path planning
experiment with a 6 DOF robotic arm [47]. Although there have
been several attempts to develop experiments with fixed or
mobile virtual robots [48,49], little interest is shown in building
virtual models into stereo vision mode, within an immersive
virtual environment such as CAVE [50].
3. Hardware and software prerequisites for theoretical and
experimental studies

When building experiments presented in this paper, the
following facts were taken into account: the need of robust
software that can be easily distributed to other operating systems,
the need for flexible software based on object oriented program-
ming paradigm, the need of easily-configurable software and the
need of performance. The working paradigm presented in Fig. 1
has been accepted as optimal for this study.

Cþþ/OGRE programming environment was used for construct-
ing the virtual design part of experiments, as OGRE supplies the
stereo rendering necessary to include simulations in CAVE [51].
Some other CAVE tests were conducted using XVR.

Considering the requirements and the software used, the
application developed has the architecture presented in Fig. 2.
Two configuration files provide the information necessary to
simulate the robot and the working scene in both programming
environments. MATLAB was used for building the neural network
controller. The control information provided by MATLAB program
is sent to either XVR or Cþþ/OGRE, using a TCP/IP communication.
Results are assessed from both sides of the developed application.

3.1. Physical structure of experimental robot

While the aim of this study is to propose an obstacle avoidance
algorithm suitable for manipulation tasks in unknown environ-
ments, the objective of the experiments presented in this paper is
to virtually simulate and control a specific robotic arm (Power-
Cube manipulator). The secondary goal of the experiments pre-
sented in this paper is to reduce accident probabilities.

The physical structure for which this study was conducted is a
PowerBot robot from Active Robots—an US company specialized
in building mobile robots. PowerBot comes equipped with a
6 DOF robotic arm called PowerCube (see Fig. 3).

The joints include a rotating base, a pivotating shoulder, two
rotating links, a pivotating elbow, a pivotating wrist and a 1 DOF
gripper that can grasp objects 6 cm wide. All the joints except gripper
are rotary.

3.2. Modelling the robot

According to Fig. 1, the first step consists in modelling in VR
the scene, the objects inside the scene and the robot. The robot
arm is the most important entity inside the virtual environment.
When modelling PowerCube, due to special attention given to
kinematic details, several assumptions have been made.



Fig. 3. PowerBot with PowerCube arm.

C++/OGRE & XVR             Configuration files    MATLAB
                                                    Control system

                                           Environment configuration  
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Results

Trajectory generation
Robot configuration

Fig. 2. Application architecture.
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3.2.1. Assumptions

The robot arm which needs to be controlled is activating in a
working environment in which are also present static obstacles.
The arm has a predefined starting configuration, and after each
movement, the arm retains the final configuration as the starting
one for the next assignment. The arm tries to reach the goals
given while avoiding obstacles. Aside this scenario information,
the following assumptions are made:

Assumption 1. The arm is activating in an unknown working
space. The collision detection is achieved using a mathematical
method which can be translated in real environments as a
supposition that on each link is installed a network of proximity
sensors.

Assumption 2. The joint angle limits are considered (�p, p) for
simplicity reasons, although in the specific case of PowerCube, the
manual specifications are slightly different [52].

Assumption 3. The orientation of the arm’s EE is arbitrary—the
algorithm focuses on reaching the goal without caring for a
special EE angle configuration.

Assumption 4. At each time instant, the distance between the EE
and target and the distance between each obstacle and each link
are known.

3.2.2. Modelling the robot in VR

Nowadays, scientists have at their disposal several pieces of
software that can help them to achieve a satisfying simulation of
their real life scenario. Starting from modelling and ending with
the simulation itself, one can use various programs such as
SolidWorks or CATIA for CAD design, VRML/X3D or COLLADA as
low level coding languages for animating their designs, or more
focused robot simulators like Player Project, Webots or Microsoft
Robotics Developer Studio which can tremendously help in
reducing programming time.

For experiments presented in this paper, the robot was
modelled using CATIA software (see Fig. 4). The CAD model of
the arm is exported as meshes and imported into Cþþ/OGRE or
XVR for VR testing.

3.2.3. Modelling the robot in MATLAB

In order to control it, the robot arm was modelled in MATLAB.
A commonly used convention for selecting frames of reference in
robotic applications is the Denavit–Hartenberg (DH). The basic
idea behind DH algorithm is to assign coordinate frames to each
joint of the kinematic chain [53]. Each new frame provides a new
homogeneous transformation matrix. When applying the algo-
rithm for solving the DH parameters for the case of PowerCube
arm, the link structure presented in Table 1 is found.

Based on these parameters, PowerCube equivalent arm
scheme can be constructed, with the following amendments:
–
 the width of the links is considered very small, all the links
are lines.
–
 3rd and 4th joints are double, as described by the DH
parameters (see Fig. 5).

Having the information from Table 1, any transformation
matrix from link n-1 to link n may be written as

Tn�1
n ¼

cosyn �sinyn cosan sinyn sinan rn cosyn

sinyn cosyn cosan �cosyn sinan rn sinyn

0 sinan cospn dn

0 0 0 1

0
BBB@

1
CCCA ð5Þ

where di, yi, ri and ai are the DH parameters obtained for link i.
Thus, the coordinates of the EE based on the homogenous



Table 1
DH table for PowerCube.

Link a (cm) a (rad) d y Limits

1 L1¼11.5 �1.571 0 y1 �1.571oFo1.571

2 0 1.571 0 y2 �1.571oFo1.571

3 0 1.571 L23¼30 y3 �1.571oFo1.571

4 L4¼17.25 0 0 y4 �1.571oFo1.571

5 0 �1.571 0 y5 �1.571oFo1.571

6 0 0 L56¼17.7 y6 �1.571oFo1.571

Fig. 5. The equivalent MATLAB arm structure, with last 2 joints as double rotary.

The MATLAB scheme is applied with 50% opacity over arm real picture.

Fig. 4. PowerBot in realty (a) and the resulted CAD model (b).
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transformation matrices are

EEx

EEy

EEz

1

0
BBB@

1
CCCA¼ T5

6 T4
5 T3

4 T2
3 T1

2 T0
1 ð6Þ

3.2.4. Connecting MATLAB with Cþþ

In order to achieve a stand-alone application, a link between
MATLAB and Cþþ is needed. Unfortunately, creating a shared Cþþ
library using MATLAB compiler is not a valid solution, as custom
neural network directives cannot be deployed. Using MATLAB
Engine to directly call for .m files is also not suitable for bigger
projects. In the end, a less-conservative method was chosen: a
TCP/IP server–client communication. The MATLAB sender trans-
mits trajectory details (angle vectors captured at discrete
amounts of time) to Cþþ receiver. The equivalence between the
two different programming environments is illustrated in Fig. 6,
from XOY and XOZ perspectives.

3.3. Modelling the environment obstacles

In real world, working environments have irregular shaped
obstacles. These may vary in size and location with respect to the
arm position. For simplicity reasons, we have defined 3 classes of
obstacles which may be added to the workspace using a config-
uration file designed in the following way (Fig. 7a):
–
 Spheres: (x,y,z, sphere radius).

–
 Parallelograms: (x,y,z, length, width, height).

–
 Cylinders: (x,y,z, radius, height).
The collision detection is implemented using sphere covering
technique. The representation is a set of radii and centres that
models each object as a set of spheres. During arm movement, the
world is checked to verify that no collisions happen between the
spheres (the distance between any 2 circles belonging to different
sets is higher than the sum of their radii).

The clustering into spheres is done using k-means clustering
algorithm [54]. A number of clusters is chosen based on the
resolution of the world. Since this approach is not normally
affected by regular k-means issues, the proposed implementation
of k-means algorithm retries on separation failure, ignores failure
to converge and has a low and defined number of iterations. The
resulted environment presented in Fig. 7b is equivalent with the
environment from Fig. 7a.
4. Neural network trajectory planner

The trajectory planning for obstacle avoidance approach pro-
posed by this study is taking a step forward from most path-
oriented research conducted in this scientific area, by using an
innovative solution that one may call ‘‘self-learning’’. Based on
reinforcement learning paradigm, Q-learning online dynamic
algorithm [55] is combined with a double neural network for
achieving the target with the robotic arm’s EE, while avoiding
environment obstacles.

4.1. Designing the neural network trajectory planner algorithm

For better understanding of the approach presented in this
paper, the problem has been reformulated as follows. Let the



Fig. 6. MATLAB—Cþþ equivalence of experiment start configuration.
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forward kinematics mapping be some surjective and non-injec-
tive function f(q), f : Q6-X3, where Q is the set containing
the angle vectors and X the set containing the Cartesian coordi-
nates of the EE. The set of all possible inverse mappings G is
described as

G¼ f[g9g ¼ q¼ f�1ðxÞg ð7Þ

where qAQ6, xAX3.
Let the angle trail for the robot motion start from a configura-

tion q1 and end to destination qe. The trajectory T(A) is the curve
of points representing the kinematic mapping of the angle trail A

described as

Aðq1,qeÞ ¼ [
t-final

t ¼ 0
qt9qt AG2angle configuration at moment t

� �
ð8Þ

Let the sets of points O1, O2, y, Om represent the m obstacles
located in the working environment. The problem is that, given
the angle configuration q1 and the goal xe, qe needs to be found
such that both equations are satisfied

f ðxeÞ ¼ qe ð9Þ

TðAðq1,qeÞÞ\ [
m

i¼ 1
Oi

n o
¼f ð10Þ
The problem above can be solved using Q-learning [7]. At any
given angle configuration qAT, the robot is at in an intermediate
state and has to choose among all different possible states. The
two conditions formulated in Eqs. (9) and (10) can be represented
within the neural network trajectory planner (NNTP) schema
proposed in Fig. 8
–
 The cost function represents the first condition expressed in
Eq. (9). Here, the cost function is represented by the standard
Jacobian solution from the current state. The cost function is
modelled by ‘‘Theta Net’’ neural network, which is a 35-20-6
Multi-Layer Perceptron (MLP), a configuration that resulted
from a set of preliminary tests (see Fig. 9). ‘‘Theta Net’’ receives
as input y vector which contains the current position of the
arm, and outputs the Jacobian solution, a 6 element vector
which holds joint angle values. The hidden layer contains two
separate levels, for better mapping of the nonlinear problem of
inverse kinematics [6]. Between these 2 levels, tansig transfer
function is used, whereas between the hidden and the output
layer, it is used purelin transfer function (see Fig. 10). The
weights of ‘‘Theta Net’’ neural network are updated on each
iteration, using the adapt function, which receives as input the
Cartesian coordinates of the goal. The process uses gradient



Fig. 7. Working environment with 4 obstacles, 2 cylinders, one sphere and one parallelogram (a) and equivalent scene with active collision detection (b).
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Fig. 10. Transfer functions for ‘‘Theta Net’’ and ‘‘Q-value Net’’.
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descent optimization algorithm. After adapt function is
applied, a 6 value output vector is obtained. If, by moving
the arm, a collision is obtained or the maximum number of
epochs has been reached without reaching the goal, the
weights of ‘‘Theta Net’’ neural network are reinitialized and a
new iteration is started.
–
 The Q-value of each state represents the second condition
expressed in Eq. 10. Q-values are computed in the following
way: upon encountering an obstacle or reaching the maximum
number of epochs, each Q-value is updated in a direction
opposite to the current for each Q belonging to the candidate T.
If the move succeeds, the Q-value is diminished to let the
inverse kinematics dominate. Thus, as long as the number of
failures increases, Q-value also increases. After each iteration,
the weights of ‘‘Q-value Net’’ neural network are computed
with respect to Q-value table. ‘‘Q-value Net’’ neural network is
chosen as a 20-6 MLP which receives as input the current
angle configuration y and outputs a ^ vector that is added to
the output of ‘‘Theta Net’’, for achieving the next state in arm’s
trajectory.

The user inputs the goal coordinates xe. ‘‘Theta Net’’ outputs y
vectors. The Collision Detection module generates Q-values for
each y, to which are then used to train ‘‘Q-value Net’’. ‘‘Q-value
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Net’’ outputs a 6 elements vector that is added to the y vector
generated by ‘‘Theta Net’’, to form the final solution. The use of
neural networks described above has certain similarities with
lookup Dyna tables [56] or potential fields [57,58]. The advantage
of the design proposed by this study relies in the capacity of
the network to learn and its effect on neighbouring points,
resulting in faster convergence. As the robot goes obstacle free,
the Q-values are sent towards zero at a slow pace to counter the
effect of having high values dominating the cost evaluation. After
a determined maximum number of epochs, ‘‘Q-value Net’’ is
reused but the ‘‘Theta Net’’ weights revert to original values.

4.2. Implementing the NNTP

The proposed solution is implemented according to the flow
chart presented in Fig. 11. Both ‘‘Theta Net’’ and ‘‘Q-value Net’’ are
first initialized. On a while loop, it is tested whether the reaching
error e is small enough eo0.5 (meaning that the EE is close
enough to goal) and whether the maximum number of iterations
has been reached. ‘‘Theta Net’’ is adapted using the latest position
of the arm with respect to the goal. In the following step, collision
is tested. In case a collision does occur, ‘‘Theta Net’’ is reinitialized,
the number of epochs is increased and ‘‘Q-value Net’’ is adjusted
accordingly. If the number of epochs reaches the maximum
number allowed (MaxEpochNo), ‘‘Theta Net’’ is again reinitialized
Initialize T

Initialize Q

While (e>0
(iteration_no<M

       

         Adapt Th
        

                      
                   Coll
    Adapt Q-value Net      er

            
Reinitialize epoch_no          

         
    

     No         epoch
Reinitialize Theta Net         MaxEp

      
                                                 

        

Yes       iteratio
MaxIte

        
             

   Algorithm doesn’t                        e < 
      converge      No   
        

Fig. 11. NNTP algori
along with the epoch number, and ‘‘Q-value Net’’ is again adjusted
accordingly. In the event that no collision occurs and the number
of epochs is lower than MaxEpochNo, the arm is moved to resulted
angle configuration, ‘‘Q-value Net’’ is adapted and the iteration
number is increased. If the maximum number of iterations
(MaxIterations) is not reached and the reaching error is lower
than a chosen threshold (0.5), a valid trajectory is discovered.
5. Simulation and study results

Before starting the tests, it is worth to say that the algorithm
performance varies with computer configuration. For tests pre-
sented in this paper, an Intel Core 2 Duo Processor at 2.5 GHz with
2 GB SDRAM and with Windows Vista operating system has been
used. Another thing that should be pointed out is the neural
networks working parameters. These values have been chosen
from data resulted from the pre-testing process of the neural
network solution. The maximum number of epochs before a new
iteration is MaxEpochNo¼200 and the maximum number of
iterations is MaxIterations¼100.

Tests have been performed in MATLAB (for assessing the
algorithm performance), in VR for assessing the quality of the
solution with respect to human–robot interaction (HRI) and also,
on the real robot.
heta Net 

-value Net 

.5) AND 
axIterations)
   Adapt Q-value Net 

eta Net                           
           Increase epoch_no 

                        
ision        Yes                Reinitialize Theta Net 
ror          

         
 No 

     
  

_no<           Yes 
ochNo                                    Move arm 

       
    Adapt Q-value Net 

     Increase iteration_no 

n_no<              No          e < 0.5 
rations

         
No         Yes 

0.5                Success 
      Yes     
  

thm flow chart.



M. Duguleana et al. / Robotics and Computer-Integrated Manufacturing 28 (2012) 132–146140
5.1. Testing in MATLAB

In order to assess the performance of the NNTP, a series of
tests were conducted, focusing on the following indicators:
–
 Number of iterations necessary to reach the goal.

–
 Number of epochs necessary to reach the goal during last

iteration.

–
 Time spent between start and finding the solution.

–
 Percent of convergence fails.

–
 Distance error from goal.
These parameters have been evaluated in different cases, with
respect to
–
 The number of obstacles present in the working environment:
no obstacles, 1 obstacle, several obstacles.
t2 (-30;-20;35)       Z        t 3 (-30;20;35)

t1 (30;-20;35)            t4 (30;20;35)

O                Y

X

Fig. 12. Targets from the 4th sections of Cartesian coordinate system.

Fig. 13. Different results while achieving same goal t1 (30;20
–
 The target position—each of the 4 sections of the Cartesian
coordinate system are tested, as in Fig. 12.

As the values that initialize the network weights are randomly
assigned, given the same start conditions (the angle configuration q1

and the goal xe), repeated tests produce different trajectories
T(A(q1,qe)). In Fig. 13, the presented final arm configurations differ
in all 6 cases. Thus, a fairly large number of tests is need in order to
assess the average working performance of the proposed algorithm.
For illustrating the aspects presented above, 3 test cases have been
chosen:
–

;35)
case 1—no obstacles in the working field

–
 case 2—a cylinder bar in the working field

–
 case 3—4 obstacles (a cylinder bar and 3 spheres) in the

working field
For a complete assessment, the arm is given the command of
reaching all 4 points t1, t2, t3 and t4 in ascending order, while the
number of epochs, iterations and time between each 2 targets is
measured.
5.1.1. Test scenario 1—no obstacles in working field

The results presented in Table 2 are collected during tests
performed with no obstacles in the working environment. The
starting configuration of the robot influences the way in which the
robot achieves the targets. Note the average epochs number is
directly proportional with the average time spent by the learning
algorithm to find the first suitable T(A(q1,qe)) for each of the targets.
After the first target point t1 is reached, in most cases, the perfor-
mance of the algorithm improves as the network is already trained
when searching for the next target points t2, t3 and t4. Best
performance is reached when searching for the last target. This is
, with no obstacles in working environment (case 1).



Table 2
Testing results in Case 1.

Number of tests Variable t1 t2 t3 t4 Average Total

5 Iterations no. (average) 1 1 1 1 1 4

Epochs no. (average) 86.400 36.800 27 17 41.800 167.200

Time in seconds (average) 25.980 11.550 12.430 8.979 14.735 58.942

10 Iterations no. (average) 1 1 1 1 1 4

Epochs no. (average) 70.800 36.300 25.700 20.400 38.300 153.200

Time in seconds (average) 21.878 12.451 12.150 9.810 14.073 56.292

20 Iterations no. (average) 1 1 1 1 1 4

Epochs no. (average) 71.150 34.750 24.600 20.050 37.637 150.550

Time in seconds (average) 21.495 11.969 11.769 9.380 13.653 54.613

40 Iterations no. (average) 1 1 1 1 1 4

Epochs no. (average) 63.825 33.925 27.150 20.750 36.412 145.650

Time in seconds (average) 20.260 12.683 11.666 9.841 13.613 54.453
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Fig. 14. Number of epochs analysed by NNTP for reaching each target, with no

obstacles in working environment (case 1).
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showed in Figs. 14 and 15 by the linear trend lines. After 40 tests, we
conclude that the network converges to solution (with a small
distance error er0.5 for each target) after 1 iteration, with an
average of total number of epochs of 14.565 and with an average of
total time spend of 54.4532 s. The average time for reaching one
target is 13.613 s.
5.1.2. Test scenario 2—a cylinder bar in the working field

The results presented in Table 3 are collected during tests with a
cylinder bar in the working environment, located at Cartesian
coordinates (5, 15, �40), of radius 3 and with height 80 (see Fig. 16).

As before, we have same 4 target points, each in different
sections of Cartesian coordinate system. After 40 tests, the
average number of total epochs to reach all 4 solutions with
same small error er0.5 is 209.475 (but now the average number
of total iterations is 12.3) and the average time spent to reach all
4 targets is 84.79915 s. The last 2 targets have the biggest average
number of iterations, 3.65 and 4.925.

As one can see, the performance of the proposed solution is
fairly influenced by the position of the target with respect to the
position of the obstacles and the start configuration of the arm.
Imposing a small distance error e (er0.5) translates into slower
convergence times, but with higher precision, which is usually
necessary in any manipulation application. What is to be noticed
is that the average performance values are influenced by just a
few cases (7.5% of tests have the number of iterations higher then
7, with target t4 being the hardest to achieve) where the random
chosen weights are bad enough to ask more than 5 iterations for
training (see Fig. 17).

As one can see in Fig. 18, the average time spent to reach
targets t1, t2, t3 and t4 is actually, in most tests, less than 20 s.
Extreme cases (when time spent is higher than 30 s) have a big
impact in this brief data collection.
5.1.3. Test scenario 3–4 obstacles in the working field

The results presented in Table 4 are collected during tests
performed within a working environment which contains a
cylinder bar located at the same coordinates as in case 2, and
3 spheres located at Cartesian coordinates (�20, 20, 20), (�20,
�20, �20) and (20, �20, �20), all with radius 4 (see Fig. 19).

After 40 tests, the average time spend to reach all 4 targets is
101.9573 s. Due to custom configuration of the working environ-
ment, the fastest target reached is t2 (see the linear trend lines in
Fig. 20), within 19.11505 s on average. Also, the convergence of
the proposed solution is 100%.

As in case 2, the performance of the neural network controller
is influenced by just a few cases (10.6% of tests have the number
of iterations higher then 7) where the random chosen weights ask
more than 5 iterations for training (see Fig. 21).

5.2. Testing in VR

The experiments developed in VR focus on 2 issues: testing the
usability of the NNTP and assessing the performance of the solution.



Table 3
Testing results in Case 2.

Number of tests Variable t1 t2 t3 t4 Average Total

5 Iterations no. (average) 1.600 1 5.200 6 3.450 13.800

Epochs no. (average) 71.400 24.400 73.400 14.6 45.95 183.800

Time in seconds (average) 23.952 10.239 32.925 13.991 20.277 81.108

10 Iterations no. (average) 2.500 3.700 3.400 4.100 3.425 13.700

Epochs no. (average) 95.700 54.400 64.600 16.400 57.775 231.100

Time in seconds (average) 30.967 20.507 26.139 12.747 22.590 90.361

20 Iterations no. (average) 2.150 2.550 2.500 5.400 3.150 12.600

Epochs no. (average) 85.450 54.050 50.400 37.550 56.862 227.450

Time in seconds (average) 27.096 19.546 20.616 21.374 22.158 88.633

40 Iterations no. (average) 1.775 1.950 3.650 4.925 3.075 12.300

Epochs no. (average) 74.125 43.900 48.125 43.325 52.368 209.475

Time in seconds (average) 24.244 16.986 21.367 22.200 21.199 84.799

Fig. 16. Case 2 scenario—a cylinder bar present in the working field.
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The main problem that arises when performing experiments in
immersive VR is detecting the target (in this case, target has been
chosen as the position of the user’s right hand). This can be
achieved through various technologies: using magnetic fields
[59], video processing of fiduciary markers [60], sound processing
by acoustical trackers [61], optical trackers [62] and others. The
method used in this research is optical tracking. Optical trackers
use infrared light sources coming from optical sensors (cameras)
that bounce off from small reflective spheres attached to the
object that needs to be tracked. Knowing the orientation and
position of the spheres with respect to a reference point, the pose
of the target can be computed [63].
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Within CAVE, the testing program was extended to include the
usage of ArtTrack optical tracker system. With the help of Art-
Track, a rigid body attached to subject’s hand can be localized
inside CAVE (Fig. 22a). Thus, the user is able to move the goal
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Fig. 18. Time spent (in seconds) by NNTP for reaching each target, with one

obstacle in working environment (case 2).

Table4
Testing results in Case 3.

Number of tests Variable t1 t

5 Iterations no. (average) 3.600

Epochs no. (average) 110.400 6

Time in seconds (average) 38.594 2

10 Iterations no. (average) 2.800

Epochs no. (average) 92.900 5

Time in seconds (average) 31.299 2

20 Iterations no. (average) 2.400

Epochs no. (average) 98.650 4

Time in seconds (average) 31.607 1

40 Iterations no. (average) 2.200

Epochs no. (average) 78.500 4

Time in seconds (average) 26.171 1

Fig. 19. Case 3 testing—a cylinder bar a
position within the working environment of the robotic virtual
arm (Fig. 22b).

After assuming that the user is located at a certain distance in
front of the virtual manipulator, several tests have been con-
ducted for continuously reaching the target, which in the pro-
posed case, is a virtual bottle attached to the detected position of
the rigid body (Fig. 23). The subject is asked to sequentially place
his hand in different positions and to hold each position for a
small amount of time (5 s), for validating the goal. The robot
reaches the goal with an average time of 21 s (data obtained in
test scenario number 2, after 40 trials).
5.3. Testing in real environment

Achieving a safe testing is the first reason for which this
study was needed. Testing real life manipulation scenarios with
PowerCube (and other robotic manipulators) imposes additional
work in solving security issues, foreseeing and solving possible
hardware and software malfunctions and preparing additional
equipment for possible injuries. The proposed virtual solution
eliminates all these problems. However, in order to validate
virtual tests, real experiments also need to be performed.

Although the virtual model presented above is close to the real
life robot, there still are some issues that need to be handled. The
2 t3 t4 Average Total

2 8.400 8.600 5.650 22.600

1.200 56.600 64.800 73.250 293

5.721 40.232 28.719 33.316 133.267

1.900 5.100 8.600 4.600 18.400

8.300 42.900 60.900 63.750 255

3.286 28.168 31.369 28.531 114.124

1.600 4.700 7.850 4.137 16.550

8.500 47.400 56.500 62.762 251.050

9.623 26.455 31.487 27.293 109.173

1.575 5.425 6.475 3.918 15.675

8.625 55.375 46.975 57.368 229.475

9.115 28.264 28.406 25.489 101.957

nd 3 spheres in the working field.
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real robot has wires between each link, wires that have not been
integrated into the simulated model. Another issue is the incon-
stancy between the real environment and the simulated one.
Careful measures have been taken in order to have a good virtual
replica the real setup, however, due to the nature of the measur-
ing process (which is inexact), the simulated arm slightly differs
in some dimensions, as well as the virtual working environment,
compared with the real one. The real values of the angles of each
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Fig. 20. Time spent (in seconds) by NNTP for reaching each target, with 4 obstacles

in working environment (case 3).
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Fig. 22. Using a rigid body with passive markers attached to its hand (a), the subject
joint are read via a serial data interface (which is also used to give
motion commands)—CAN-BUS. These may be slightly different
from the actual values given for movement, due to encoder errors,
physical constrains and so on. Voltage pays a high role in Power-
Cube movement. Because PowerCube is a relatively massive
structure mounted on a mobile platform, it relies on batteries
which may give variable voltage, depending on their degree of
charge. There may be cases when, because of the low voltage, the
arm will execute an unexpected movement geometrically differ-
ent from the simulated one.

In order to solve most of these problems, the trajectory
generated by the proposed solution is spitted into several frames,
each asking for manual user approval before actually performing
the movement. Based on this, testing scenario 2 was replicated in
laboratory conditions. The simulated working environment had to
be modified to include the robot body, chairs and the ground level
as obstacles. The arm is given 3 different target positions (t01(55,
20, 0), t02(55, 40, 0) and t03(5, 40, 0)). The movement was closely
supervised by a human operator. The resulted movements for all
3 targets are presented in Fig. 24.
6. Conclusions and further development

As final words, it is concluded that this study has focused on
solving the problem of performing a robotic manipulation experi-
ment. A new neural network path planning algorithm based
on reinforcement learning was proposed for solving obstacle
avoidance problem. Taking advantage of several VR techniques,
the usage of physical structures was eliminated to the gain of
software implementation. A redundant manipulator was
designed, modelled and animated.

There are several further developments which the authors
intend to pursuit:
1.
is t
Eliminate the cases in which the randomly chosen values used
to initialize the weights of the neural network lead to a high
number of iterations before achieving convergence.
2.
 Assess the quality of virtual HRI, a useful step for validating
the presented approach.
3.
 Assess whether collision detection may be improved by repla-
cing the sphere covering technique with an algorithm based on
‘‘artificial potential fields’’ method [21].
4.
 Assess whether the proposed solution may be used for solving
the path planning problem in the case of having moving
obstacles inside the workspace [64].
5.
 Develop complex industrial scenarios for further testing of the
proposed solution.
esting scenario 2 (cylinder bar present in the working field) inside CAVE (b).



Fig. 23. Testing in VR.

Fig. 24. PowerCube movement during 3 different testing cases.
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