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ABSTRACT

In this study, the kinematic analysis including the forward and inverse kinematic developed for a 5 degree of freedom robotic
arm. The forward kinematic is elaborated using Denavit-Hartenberg (DH) conwention. Inverse Kinematic is established using
Deep Neural Network (DNN) model with five hidden layer each contain 50 neurons fully connected using ReLu activation.
A data of inputs and outputs are created and trained. The inputs are the end-effector position and orientation. The outputs
are the joint angles of the manipulator. The data is generated by the forward kinematics, where a set of joint angles that
limited by their corresponding ranges are inserted to the forward kinematic equations to result the end-effector positions and
orientations. The results of the DNN are tested and show an accuracy of the approach with a Mean Square Error of
0.0002569 which means the approach is highly accurate.

Keywords: Neural Network, Inverse Kinematic, Forward Kinematics, Robotic arm.

INTRODUCTION

The Robotic arm is one of the most significant of automation systems like industrial manufacturing, biomedical
applications, and service robotics. Through various types of manipulators, the 5 DOF robotic arm is characterized
by its simplicity and functional diversity, making it typical for executing some tasks like pick and place operations,
assembly, and sorting. The design of control system for robotic arm starts with the kinematic and kinetics analysis
of the robotic arm which they will lead to the dynamic model which is the fundamental of the control designing
process. The kinematic analysis includes the Forward Kinematics (FK) and Inverse Kinematics (IK) which they
are related to determining the relationship between the joint angles and the end-effector position and trajectory
planning. The FK determines the end- effecter position and orientation depending on the joint angles of the
manipulator by a method called Denavit-Hartenberg (DH) convention. While the IK determines the joint angles
depending on the end- effector position and orientation. Since the relationship of the joint angle with the end-
effector position and orientation are coupled nonlinearly in FK| it is difficult to find the joint angles depending on
the end-effector position and orientation [1]. Accordingly, different methods are used for solving the IK problem.
In (2, 3], metaheuristic optimization techniques used for solving IK, these techniques are slow in real time
application and need a fine initial guess also it some time stuck in local minimum which will not be the best
solution. In [4, 5], geometric approach is used for inverse kinematic, this method offers an accurate result, but it
depend on a sequence of equations which will increase the elapsed time of the computation, this will effect in the
real-time application. In [6], the IK for a 3 DOF robotic arm is determined using multilayer feedforward neural
network (MLFFNN), the data is generated for a sinusoidal of the joint angles and inserted to FK to result the
end-effecter position and orientation, however, the result of the proposed model shows a high reliability and
robustness, the author recommend to apply the proposed method to a higher
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degree of freedom in which will be in this study. In [7], IK for a 2 DOF was implemented using Closed- form
solution which based on robot geometry which result a polynomial where used if the DOF is less than

4. In [8], iterative method was presented for IK of a 2 DOF and 3 DOF planer robotic arm the proposed method
is simple and accurate, but it take several iteration to reach an accurate result which will effect in real- time
application. In [9], Artificial Neural Network (ANN) used for IK for a 5 DOF robotic arm but the inputs for the
proposed model are the end-effector position only while it is better to insert the orientation of the end-effector to
the model.

In this study, the IK for a 5 DOF robotic arm is accomplished using Neural Network (NN) approach and
validated practically. First, a data is generated from the FK then the generated date inserted to the NN to be
trained where the inputs are the end-effecter position and orientations while the outputs are the corresponding
joint angles. Once the training process finished, an NN solver created which will be ready to be used for
simulation or in real-time application. The NN method overcome any traditional methods by its faster
computation with high accuracy.

FORWARD KINEMATIC

The forward kinematic means find the relationship between the joint angles which are inputs and the end-
effector position and orientation which are the output [10]. In this study, the model of the robotic arm is shown
in Figure 1, consisting of 5 revolute joints and a gripper which represent the end-effector of the robot. This type
of robotic arm is usually used for light-industrial applications and as an educational tool. The first step in
deriving the kinematic analysis is the Denavit-Hartenberg (DH) Conventions, which systematically describe the
robotic arm's geometry. It [5]requires attaching a local coordinate frame to each joint and four parameters, which
they abbreviated as (Lj, aj, 8, and ;) giving the location of link i relative

to link (i -1) by the following transformation matrix:

cos0; —sinf;cosa; sinf;sina;  aicos6;

Ti—l _ [sinei cosO;cosa; —cos0;sina; aisinai] (1)
i 0 sina; cosa; L;

0 0 0 1

Where the first three rows of the last coulomb represent the x, y, z coordinate of frame coordinate i relative to i
— 1. The coordinate frames are attached to each joint as shown in Figure l.c. Despite the robotic arm has 5
revolute joint, seven coordinate frames are assigned. At joint 4, two coordinate frame are assigned, this is because
the rotation of joint 5 are orthogonal to those of joint 4, so to align the frame coordinate of joint 4 to the joint
5, the frame coordinate 4 is rotated about z4 by an angle (90 + 6,) which will make x, aligned to x5 while z4 still

perpendicular to z5, then frame 4 is rotated about x5 which will make z4 aligned to zs, after this, the frame

coordinate 5 moves along Zzs to the frame coordinate 6 which it is belong to joint 5, this make the frame
coordinates suitable for the DH Conventions. However, the parameters of the DH Conventions are listed in
table (1). By this table, the transformation matrix of each link will be found.
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To find the end-effector position relative to the base coordinate, the transfer matrices of the whole links are

Table(1) DH parameters of the robotic arm

(©

Figure (1) The model of the robotic arm (a) 3D view (b) Side view (c) Schematic diagram

Frame di(mm) ailmm) Bi(degree) ai(degree)
1 Lo=75 0 0 0
2 A=14 B=12 01 90
3 0 L1 =102 62 0
4 0 L2 =130 03 0
5 0 0 90+04 90
6 L3 =68 0 05 0
7 L4 =105 0 0 0

multiplied as follows:

T° = T°T'T’T°T*T°T® (2)
7 1 2 3 45 6 7
0 00 A3)
70 =[O 1 0 O]
: 0 01 80
0 0 01
coso, 0 sinf, 12 * cos8, 4)
Tl - [sin91 0 —cosf, 12+ sin@l]
: 0 1 0 14
0 0 0 1
cos) —sinf2 0 105 * cos@, 5)
T2 = [Sin92 cos@2 0 105 = sin@z]
’ 0 0 1 0
0 0 0 1
c0s03 —sin@3 0 145 * cosB; (6)
T3 = [Sin93 cosf3 0 145 sin93]
4 0 0 1 0
0 0 0 1
cos (90 + 64) 0 sin(90+8) 0 (7)
T4 - [sin(90 +04) 0 —cos(90 + 64) y
> 0 1 0 0
0 0 0 1
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c0s0s —sinBs 0 0 (8)
T5=[sin95 cosf; 0 O]

¥ 0 0 1 75

6.0 1 0 0

0 0 1 100
0 0 0 1

The resulted transformation matrix in equation(2) will give the position coordinate and orientation of the end-
effector relative to the base coordinate as the following form:

Rxx Ryx Rzx Px
(10)
70 _|Rxy Ryy Rzy Py|
7 IR R R P
Xz vz zz z
[0 o o 1l

Rix, Rxy, Ry represent the orientation of the local x axis of the end-effector to the global xo, Vo, Z, axis respectively,
Ryx, Ryy, R,; represent the orientation of the local y axis of the end-effector to the global x, y, Z axis respectively,
R:x, Rzy, Ry, represent the orientation of the local z axis of the end-effector to the global x, y, z axis respectively,
Py represent the coordinate of the global x axis of the end-effector, , Py represent the coordinate of the global y
axis of the end-effector and , P represent the coordinate of the global z axis of the end-effector. In the result the
position of the end-effector represent in Py, Py, P, while its orientation represent in Rixx, Rxy, Rxz, Ryx,
Ryy,

Rz, Rzx, Rzy, and R,;. The orientation can be transformed to Euler angles y, 8, ¢ which stand for the rotation
about global x,, o, 2.

INVERSE KINEMATIC

The next subject of the kinematic analysis of the robotic arm is the Inverse Kinematics, which is the opposite of the
forward kinematics. It computes the joint angles at a desired position and orientation of the end- effector. The
challenging matter in IK is the difficulty of extracting joint angles from the FK and formulate equations of joint
angles as a function of the end-effector position and orientation. Some methods are utilized such as geometric
method, but it will lead to a set of equations that will be solved numerically and iteratively, which will take time
and will be unsuitable for real-time applications. So, for more effective and faster execution, a Neural Network is
used to create a solver that takes care of the inverse kinematic problem. A data is generated from the forward
kinematics in which a large set of joint angles (61,62, 03,04,85) are inserted into the forward kinematics

to result in the end-effector position coordinate (P, Py, Pz) and orientation (y, , 8, ¢), but the resulted data

contain duplicate solution to visualize this asinusoidal data of the joint angles are inserted to the FK and plot
the results as shown in figure (2).
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Figure (2) end-effector position and orientation (y, 8, @) resulted from FK by sinusoidal joint angles

Repeated or duplicated values appear in y and ¢ for example at time 15 seconds ¢ has two values 2.5 rad and -
2.5 rad this will affect on the training process in the DNN and will result in inaccurate model because DNN will
take the average for the two values. To overcome this problem, it is suggested to generate a data of joint angles
(01, 82, 63, 04) while maintaining 85 constant as it will not affect on the end-effector position then insert them

to FK to result end-effecter position while the orientation is considered as follows:

WY=07+03+04 (10)

Where ¥ refer to the angle of the last link with the horizon. A sinusoidal joint angle are generated and inserted
to FK to visualize the results and check weather it will show repeated solution or not, the results shown in figure
(3). It is shown that the end-effector position and orientation has a smooth behavior and does not contain
repeated values or discontinuity. This make sure that the training process in the DNN will run smoothly without
any estimation of the repeated values.

Then the resulting data is inserted into a Neural Network model, the input data of the model is the end- effector
position coordinate and the orientation, and the output data is the joint angles. After the training was
completed, the model is ready for any input of end-effector coordinates and orientation to result in the joint
angles within a very short time compared to other methods.

Jeviwnt ¥ Senen 3
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Figure (3) end-effector position and orientation resulted from FK when subjected to sinusoidal joint angle
and keeping 85 constant
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NEURAL NETWORK (NN)

The basic idea of NN is to train a model on a data of inputs and outputs, then the model will create a solver that
able to map any inputs to result outputs. There are several types of NN, in this study the Feedforward NN (FNN)
with a Multilayer Perceptron (MLP) is utilized. First a data of inputs which are joint angles with the corresponding
end-effector position and orientation are generated by FK and validated practically by real-time robotic arm.
Then they will be inserted to the FNN training model which it consists input layer, hidden layer, output layer.
Each layer consists neurons where the input layer has 6 neurons of Py, Py, Pz,

¥, Y, ¢, the hidden layer has 5 layers where each layer has 50 neurons and the output layer has 4 neurons stands

for 01, 02,603 and 84 as shown in figure (2)
Input Hidden Outpat
Layer Lavers Layer

Figure (4) Deep Neural Network (DNN) Architecture

RESULT AND DISCUSSION

A set of joint angles are applied to FK to result the end-effector position and orientation. Two sets of data are
generated as shown in Figure (5, a,b) the difference between them is in the joint anglel (8,), that in figure (5,a)
the range of 1 is from 0° to 360° while in figure (5,b) the range is from from 0° to 180¢. This difference result
in a similarity about the y axis this properity is useful for the training DNN where

only half of the data are trained and when it is demanded the other half a simple trick is used illustrated in figure
(6). A data of 351520 is generated for jointl, joint2, joint3, joint4, orientation and the end-effector position.
And for simplcity joint5 is considered fixed because its movement will not effect on the end- effector position.
Since the data collected is very lage, only 10 samples are tabulated in this article as shown in table (2)

5-DOF Robatic Arm Workspacs 4-00F Robotic Arm Workapacs

(2 " o (b)
Figure (5) work space of the robotic arm (a) when 61 is from 0°to 360° (b) when 61 is from 0° to
3600.
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Figure (6) Flow chart of the IK solver

Table(3) Sample of the results of model2

End-effector End-effector

Sample of joint position and Predicted Joint angles position and Absolute error of |Absolute error of end-

No. angles orientation using orientation for the joint angles | effector position and
FK Joint angles from orientation

NN using FK

601-=0 Px =437 Opred1 = —0.0071 | Px =428.0773 | A61 =0.0071 APx =0.8459
1 62 =0 Py =0 Opred2 = 0.0870 Py = —6.5568 AB2 =0.0870 APy =3.0908
63 =0 Pz =94 Opred3 = —0.0673 Pz = 64.0969 AB3 =0.0673 APz =0.0318
64 -0 P=0 Opreds - —0.0882 P=0 AB4 =0.0882 AP = 0.0127
01 =m/6 Px = 355.0502 Opred1 = 0.5061 Px =360.3042 | A61 = 0.0175 APx =5.2540
2 02 =m/12 Py =204.9883 Opred2 = 0.2376 Py =199.6821 | AG2 = 0.0242 APy =5.3062
03 = —m/12 Pz =33.6760 Opred3 = —0.2199 Pz = 36.1805 AB3 =0.041 APz =2.5045
04 = —m/6 P =0.5236 Opred4 = —0.5256 P =0.5238 A64 =0.0020 Ay = 0.0002
01 =m/3 Px =199.7436 Opred1 = 1.0505 Px =198.6320 | A61 =0.0033 APyx =1.1116
3 02 =m/6 Py = 345.966 Opred2 = 0.4956 Py =346.6905 | A62 = 0.0280 APy =0.7245
03 = —m/6 Pz =59.0000 Opred3 = —0.4842 Pz =55.7923 AB3 =0.039 APz =3.2077
04 = —1/6 P =1.0472 Opred4 = —0.5502 P =1.0619 A64 =0.0266 AP = 0.0147
01 = /2 Px =0 Opred1 = 1.5613 Px = 3.6402 AB1 =0.0095 APx =3.6402
4 02 = /4 Py =382.800 Opred2 = 0.7532 Py = 384.6595 | AG2 = 0.0322 APy =1.8589
03 = —m/4 Pz = 80.7462 Opred3 = —0.7389 Pz =79.5894 | A@3 =0.046 APz =1.1568
04 = —m/6 P =1.5708 Opred4 = —0.5431 P =1.5756 AB4 =0.0195 A = 0.0048
01 =2n/3 |Px = —-164.1515 Opred1 = 2.0861 Px = —-162.668 | A61 = 0.0083 APx =1.4835
5 02 -m/3 | Py-284.3187 | Opred2 - 1.0244 |Py - 287.2219 | A62 - 0.0228 APy =2.9032
03 = —m/4 Pz =98.7177 Opred3 = —0.7500 Pz =99.4789 | A3 = 0.0354 APz =0.7612
04 = —1/3 P = 2.3562 Opred4 = —1.0581 P =2.3606 AB4 = 0.0109 AP = 0.0044
01=m Px =437 Opred1 = —0.0071 Px =428.0773 AB1 =0.0071 APx =0.8459
6 02 =0 Py =0 Opred2 = 0.0870 Py = —6.5568 A@2 =0.0870 APy =3.0908
03 =0 Pz =94 Opred3 = —0.0673 Pz = 64.0969 AB3 =0.0673 APz =0.0318
04 =0 P=0 Opred4 = —0.0882 P=0 AB4 =0.0882 AP = 0.0127
01 =mw+m/6 |Px= —355.050 Opred1 = 0.5061 Px = -360.304 | A@A1 = 0.0175 APx =5.2540
7 02 =m/12 |Py = —204.9883 Opred2 = 0.2376 Py = —199.682 | AG2 = 0.0242 APy =5.3062
03 = —m/12 Pz =33.6760 Opred3 = —0.2199 Pz = 36.1805 AB3 =0.041 APz =2.5045
04 = —1/6 P =0.5236 Opred4 = —0.5256 P =0.5238 AB4 =0.0020 AP = 0.0002

The result of the DNN is tested also on prescribed path as shown in figure (5) where the differences between the
prescribed path i.e. True, and the predicted is very small this proves the accuracy of the model.
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True vs Pradicted End-Elfector Pose

Tienes 8] Tievw |

Figure (5) True vs. predicted end effector position and orientation
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