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Abstract: There are many researches on using human neuro-biological signals for various problems such as controlling a

mechanical object and/or interfacing human with the computer. It is one of very interesting topics that human can use various

instruments without learning specific knowledge if the instruments can be controlled as human intends. In this paper, we

proposed an intelligent motion planner for a redundant manipulator, which is controlled by humans neuro-biological signals,

especially, EOG (Electrooculogram). We found the optimal motion planner for the redundant manipulator that can move to

the desired point. We used neural networks to find the inverse kinematics solution of the manipulator. We also showed the

performance of the proposed motion planner with several simulations.
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1. Introduction

Controlling robots by human thought was a science fiction.

However, it’s being realized in some applications nowadays.

Owing to the rapid growth of research and technique of hu-

man body, we could put the knowledge into the human com-

puter interface [1]. There are many researches on using hu-

man neuro-biological signals for various problems such as

controlling a mechanical object and/or interfacing human

with the computer. It is one of the very interesting topics

that human can use various instruments without learning

specific knowledge if the instruments can be controlled as

human intends. In this paper, we will consider the motion

planner of a robot manipulator, which is controlled by EOG

as shown in Fig. 1 [2].

The motion planning of robot manipulators is one of the

most challenging problems in robotics. This problem can be

solved either in the joint space or in the task space. Mo-

tion planning in the task space for the desired trajectory is

usually considered as an inverse kinematics problem. The

closed-form solution is hard to obtain and can be given only

for the certain types of robot manipulators. This is partic-

ularly true in the case of a robot with a redundant degree

of freedom(DOF), i.e., the dimension of the joint space is

larger than the dimension of the task space. However, a re-

dundant manipulator is using in many application, because

it has advantages especially in the obstacle avoidance.

The inverse kinematics problem with mechanical redundan-

cies has historically been solved using the generalized inverse

method. This method was first introduced to the robot con-

trol by Whitney in 1969 [3]. The inverse kinematics solution

for the redundant robot is not unique without extra design

criteria. Therefore, several design objectives, such as obsta-

cle avoidance [4], singularity avoidance [5], torque minimiza-

tion [6], energy minimization [7], etc. are used to get an

appropriate solution. The problem can be also solved with

an iterative method [8].

In this paper, a new intelligent motion planner for the redun-

Fig. 1. Human Computer Interface

dant manipulators controlled by human’s neuro-biological

signals is proposed. It uses the neural networks to solve the

inverse kinematics problem. To obtain the optimal trajec-

tories, several criteria for the tracking and the energy mini-

mization are used.

This article is organized as follows. In section 2, the in-

verse kinematics problem of a redundant robot is formulated.

Then the structure of the proposed method is described in

section 3. The experiment setup and results are given in

section 4. Finally, we conclude this paper in section 5.

2. Motion Planning for Redundant Robot

The forward kinematics of robots can be solved with various

techniques [8-9]. Consider a redundant manipulator with

n degrees of freedom, which manipulates in m-dimensional

task space (n > m). And then, the discrete-form forward

kinematics at step k can be formulated as
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(1)

where θi(k) denotes the joint variables, ri(k) is the manip-

ulation variables in m-dimensional space and fi(k) is the



function that describes the forward kinematics.

Suppose θi(k) be represented as

θi(k + 1) = θi(k) + ∆θi(k) (2)

then Eq. (1) becomes
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(3)

We introduce two criteria for the energy minimization and

the tracking error. The motion planning problem of a redun-

dant robot can be formulated as an optimization problem as

follows:

Minimize

∆θ(k)
Φ =

n
∑

i=1

wθi
∆θi(k)2 +

m
∑

i=1

wri
(rid(k) − ri(k))2

(4)

subject to

r(k+1) = f(θ1(k)+∆θ1(k), θ2(k)+∆θ2(k), . . . , θn(k)+∆θn(k))

(5)

where rid is desired end-effect position vector, wθi
and wri

are relevant weights. In Eq. (4), the first term on the right-

hand side is introduced to minimize the energy which closely

related to control effort and the second term is applied to

minimize the tracking error. This optimization problem can

be solved using the dynamic programming procedure.

3. Intelligent Motion Planner

The objective of this research is to design an intelligent mo-

tion planner for a redundant robot manipulator by human

neuro-biological signals. There are many kinds of neuro-

biological siganls, such as EEG (Electroencephalogram),

EMG (Electromyogram) and EOG (Electrooculogram). We

use the EOG signal generated by human when he sees the

objects. As the human looks at a point, the horizontal EOG

and vertical EOG signals are generated and recorded with

electrodes using the human computer interface. The user’s

will must be interpreted as the commands that control the

robot manipulator. Therefore, we use a fuzzy classifier to

achieve this objective, and finally we get the target point

that the robot will move. After that, the motion planner

find the optimal trajectories.

The proposed motion planning method is based on neural

networks. Neural networks are a powerful tool in classifi-

cation and function approximation, where the input is high

dimensional and noisy. We use neural network to approxi-

mating the inverse kinematics of the manipulator. Because

the manipulator is a redundant one, there can be several so-

lutions for a fixed point. To solve this, we fix some joint

variables so that the other joint variables can be obtained

uniquely. We gather the training data for the fixed joint

angle having several different values. We construct motion

training data using various target points that are spaced reg-

ularly in the task space. After constructing motion training

data, we train the neural networks. The inputs of the neu-

ral networks are the desired x-, y- coordinates, etc. and the

outputs are each joint angle. Finally, we get the multiple

models with several different joint angles.

Next, we have to select the joint configurations among mul-

tiple models at each time step. To do this, we apply the

dynamic programming procedure to obtain the optimal so-

lution for the problem as in Eq. (4). With the given weights

and time steps, we can get the optimal trajectories that min-

imize the objective function. In Fig. 2, the structure of the

proposed motion planner is shown.
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Fig. 2. Structure of Proposed Motion Planner

4. Experiments

The actual robot manipulator and the defined joint angles

are shown in Fig. 3 and Fig. 4. It has 4 degrees of freedom

and experimental setup is as follows: The control module

for the manipulator is based on 8-bit processors. Each con-

trol module can control 2 motors simultaneously and total

3 control modules are used. Motion commands are com-

municated through RS-232C serial connections between the

host computers and each control module. The desired goal

point for the manipulator is one of 3 points as shown in the

Fig. 5. As the human looks at each point, the fuzzy clas-

sifier informs to the control system which points the human

looks at. Then according to the point index given by the

fuzzy classifier, the 2-dimensional target point is sent to the

control module for the robotic manipulator. After receiving

the target point, the manipulator moves according to the se-

ries of motion commands produced by the proposed motion

planner.

First, we tested the neural networks. The neural network

used was a feed-forward multilayer perceptron which has one

input, two hidden layers, and one output layer. The inputs

are the coordinates in Cartesian space and the outputs are

the 3 joint angles. These layers have 3, 20, 20 and 4 nodes

respectively, and a bipolar sigmoid function was used. The



Fig. 3. Redundant Robot Manipulator
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Fig. 4. Joint Angle Configuration

343 training data which are uniformly distributed in Carte-

sian space were obtained. The tracking result with a circu-

lar motion is shown in Fig. 6. In this figure, θ3 was fixed

as 0. With this approach, we could move the manipulator

even when new target point, which was originally not in the

training data set, was given.

Next, we tested the proposed motion planner. In Fig. 7 and

Fig. 8, we show the results with angle differences criteria

only. We used the weights, wθi
= 1 and wri

= 0 for all i.

Next, the results with both angle differences and tracking

error criteria are shown in Fig. 9 and Fig. 10. We used

the weights, wθi
= 1 and wri

= 10 for all i. In both cases,

the planner generated the optimal path and showed good

performances. We note that θ3 was not changing in Fig. 8.

We can adjust the weights as desired performance property.
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Fig. 6. Tracking Result of Neural Networks
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Fig. 7. Tracking Result with Difference Criteria

5. Conclusion

In this paper, an intelligent motion planner for the redundant

manipulator is proposed. The manipulator is controlled by

the EOG signals. As the human fixes his eyes on the target

points, the robotic manipulator is controlled to that point

by the proposed intelligent motion planner. The proposed

motion planner find several candidate motions with prede-

fined target points with neural networks and then produces

the optimal motions according to the given EOG signals.

Although only 2 dimensional target points are used in this

paper, it is not a difficult problem to extend the proposed

approach to the 3 dimensional target points.
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