International Journal of Roboticsand Automation (1JRA)
Vol. 1, No. 3, September 2012, pp. 145~151
ISSN: 2089-4856 d 145

Kinematic Analysisof a Planer Robot Using Artificial Neural
Networ k

Jolly Shah’, SS.Rattan’, B.C.Nakra~
*ME Department, NIT, Kurukshetra, 136118, India.
** ME Department, ITM University, Gurgaon,12200hdia

ArticleInfo ABSTRACT

Article history: Automatic control of the robotic manipulator invels study of kinematics
. and dynamics as a major issue. This paper invdhedorward and inverse

Received May 31, 2012 kinematics of 3-DOF planer robotic manipulator wath revolute joints. In

Revised Aug 10, 2012 this study the Denavit- Hartenberg (D-H) model $gdito model robot links

Accepted Aug 17, 2012 and joints. Also forward and inverse kinematicsutioh has been achieved

using Artificial Neural Networks for 3-DOF robotimanipulator. It shows

that by using artificial neural network the solutioe get is faster, acceptable
Keyword: and has zero error.

Artificial Neural Network
Forward Kinematics
Inverse Kinematics

Robotic Manipulator
Robotics Copyright © 2012 Institute of Advanced Engineering &cience.
All rights reserved.

Corresponding Author:

Jolly Shah,

Departement of Mechanical Engineering,
National Institute of Technology,
Kurukshetra, 136118,India.

Email: jollyshah80@yahoo.com

1. INTRODUCTION
A kinematic equation provides the relationship kestwthe joint displacement and the resulting end-
effector position and orientation.

1.1 Forward and inver se kinematics

The problem of finding the end-effector positiondaorientation for a given set of joint
displacements is referred to as the forward kinasagiroblem. That is, the forward kinematics proble
allows one to specify in a uniqgue manner the refsthip between the (n x 1) joint vectband the (m x 1)
Cartesian vectax as:

x(t) = f(6(t))

Where f is the function defining the forward kindmoaelation of the manipulator. Normally, the
forward Kinematic equation can be obtained from spatial geometry of the manipulator or by solving
certain matrix algebraic equations. As the numbedegrees of freedom (n) increases, the kinematic
equation becomes more complex. Hence, the amourroputation required to compute the end-effectors
position can become quite large.

The inverse kinematics problem consists of therd@tation of the joint variables corresponding to
a given end-effectors orientation and position srgiven by the equation,

0(t)=f(x(1)

As compared to forward kinematics problem, the isge&kinematics problem is much more complex
due to the following reasons:
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- In the joint variables, the equations to be solaaslin general nc-linear form and, thus, mostly,
is not always possible to find a closed form sol

- Multiple solutions ma exist.

- Infinite solutions may also exist, exam in redundant robot manipulatc

In order to find the solutions to the inverse kimtics, problem can be formulated either by finc
a closed form solution using algebra or geometrypyiffinding a wmerical solution by some success
approximation algorithm.[1,2,3,5

1.2 Artificial neural network

It is an area of computer science, which is basicancerned wittdesigning intelligent comput
systems It is mostly inclined towards those systt that exhibit the characteristics we associate
intelligence in human behavior. In other worAtrtificial Intelligenceis a branch of computer science the
concerned with the automation of intelligent bebavin order to build intelligent syste, it includes
various technologies in its domain suchexpert systems, neural networks, fuzzy logic, tailautomat:
and probabilistic reasoning.

“A Neural Network is a massive parallel distributgacessor made up of simple processing t
has a tadency to acquired the knowledge from its environiméhrough a learning process, store
knowledge and making it available for us.’

Artificial neural networks are widely used as affeefive approach for handling n-linear and
noisy data[7], espedlg in situations where the physical processestigiahips are not fully understood a
they are also particularly well suited to modellicmmplex systems on a r-time basis. Basic structure
any artificial neural network is shown iFigure 1. Also bas neural network architecture is shown
Figure 2.
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Figure 1. Representation of ANN Structure

In mathematical terms , we may describe a neK by writing the following term:

Uk=(w11x1+w12x2+...wkmxm)

and

Yk=¢(uk+bk)

Whereg x1, X2, X nare the input signa

WKkjare the synaptic weights of neulK,

Uk is the linear combiner output due to the input alg

Bkis the bias,

¢ (.)is the activation functic

Here the work focuses on a popular feed forwardehotineural networks
In this model a set of inputs are applied to thevoek, and multiplied by a set of connection wegy

All of the weighted inputs to the neuron are themmed and an activaticfunction is applied to th
summed value. This activation level becomes theramesi output and can be either an input for o
neurons, or an output for the network. Learninghis network is done by adjusting the connectiogies
based upon trainingectors (input and corresponding desired output)elVa training vector is presentec
a neural net, the connection weights are adjustedinimize the difference between the desired artdad
output.

IJRA Vol. 1, No.3, Septemb&(12 : 145-151



IJRA ISSN: 2089-4856 a 147

! {

Network with no hidden Network with numbers of
layer hidden layers

Output

Hidden
layer

Input

Figure 2. Artificial Neural Network Architecture

Artificial Neural networks provide a fast, methofll@arning to produce a set of output states g
a set of input states. The advantages of usingtéitial neural network approach in robotics applions
such as in the forward kinematics prob are given below and also discussed in [6]:

- Programming required is not compl

- The time to obtain a solution is independent ofrthmber of manipulate or degrees of freec

- Fault tolerance;

- Capability of operating in re-time.

2. RESEARCH METHOD

In this study, the Dena-Hartenberg (DH) approach has been used for modeling t-DOF
robotic manipulator. The forward and inverse kindmaolutions have been deduced using kinen
equations for 3-DOF robiatmanipulator as shown Figure 3.

Figure3. Representation of BOF robotic manipulat

By MATLAB programming a data set has been generdbada obtain in form of set of positi-
orientation of robot is used to train an artificrdural network, feed forward neural network isdused
trained by using MATLAB toolbox

3. RESULTSAND ANALYSIS

3.1. Work-volume of 3-DOF robotic manipulator
Denavit-Hartenberg (B4) representation is used to model the joints &fC3 robotic manipulatol
as discussed in [1,2]. The Bparameters are describecdi (distance on the axis between two successi
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normals),ai (distance between joints alomgaxis), di (rotation about the axis onxy plane) andui (joint
twist). These parameters describe the locationrabat link frameFi (a joint) from a preceding link frame
Fi-1 (previous joint) through the sequence of transtetiand rotations.

The D-H parameters for 3-DOF robotic manipulater given in Table 1.

Table 1. D-H Parameters For 3-Dof Robotic Maniprat
Joint  6() () a(mm) d(mm)

1 0 -90 0 226
2 -90 0 179 0
3 0 0 177 0

In this paper, a 3-DOF robotic manipulator has beemsidered with link lengthkl = 226 mm,
L2=179 mm andL3 = 177 mm, respectively, as shown in fig.1, whéte,L2 andL3 are link lengths andl,
62 and 63 are joint angles, respectively. In forward kineicgtsolution, if the link lengths and angles are
known, then it is possible to calculate the co-oatits of the end-effectors of the robot at anyaimstThe
MATLAB program has been run to find the co-ordirsate, y, 3 of the 3-DOF robotic manipulator and
which has found out to be (0,177, 325) mm, respelgtiat the home position.

The forward kinematics equations for 3-DOF robat&nipulator have been deduced as:

X=1L,xcosf, +L,xcos@, +6,+893 (1)
y=L,%xsing, +L,xsinl@, +86,+83 2)
®=0;+ 6, + 65 (3)

Using the forward kinematic equations of the robatanipulator, all thex( y) co-ordinates of the 3-
DOF robotic manipulator have been generated anavidnk-volume has been plotted for all possiéle 62,
63 combinations as represented in Figure 4. [9]

XY coordinates generated for all theta1 theta2 theta3 combinations using forward kinematics formulae
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Figure 4. Work-volume of 3-DOF robotic manipulator.

3.2. Forward kinematics using artificial neural network

Data obtain in form of set of position-orientatiohrobot using MATLAB programme is used to
train neural network. Feed Forward neural netwsrided and trained by using MATLAB toolbox. Tramin
graph is as shown in fig.5. X-axis and Y-axis df.%i represents number of epochs and performance
respectively. Also comparison between actual tapg#its and predicted target points are showngréfiX
co-ordinate values and Y-coordinate values areesegmted by blue and green colours respectivelyn édg
represents actual targets and dash representsteetirgets values.
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Figure 5.Training graph for forward kinematics @si#iNN
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Figure 6.Comparison between actual and predicrggtsfor forward kinematic.
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Figure 7. Training graph for inverse kinematicsngsANN

3.3. Inverse kinematics using artificial neural network
Data obtain in form of set of orientation-positiohrobot using MATLAB programme is used to
train neural network. Feed Forward neural netwergsed and trained by using MATLAB toolbox. Trampin
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graph is as shown in fig.7. X-axis and Y-axis dof.Ti represents number of epochs and performance
respectively Also comparison between actual tapgéits and predicted target point are shown ir8f{d0]

X co-ordinate values and Y-coordinate values aprasented by blue and green colours respectifésy.

dot represents actual targets and dash represewdlisted targets values.
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Figure 8. Comparisons between actual and prediatgets for inverse kinematics.

4. CONCLUSION

The differences in deduced and predicted valuesggyusNN for 3-DOF robotic manipulator, shows
that zero error is achieved by the proposed metAbidN can be trained so that fast and acceptablgisak
are achieved. ANN can become an alternate methowothe forward and inverse kinematics solutions.
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