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1 Introduction

Robot systems mostly depend on static visual information, taking into account only the posirions of points
of interest. On the other hand, living organisms use continuous feedback from their eyes in order to interact
with their dynamically changing environment. In the meantime. there is sensory activity due to ego-motion
which is taken care of.

In this paper it is investigated how visual feedback can be incorporated in a monocular robot arm control
system, in order to position the arm directly above an object while the system must be at rest: the velocity,
acceleration, and higher derivatives must also be zero. It will be shown that by using time derivatives of
the visual data, criteria can be developed which specify a trajectory which ends in a rest state (i.e.. zero
velocity and higher derivatives) at the end point. These criteria will be the visual setpoints along the followed
trajectory. Thus it is possible that the eye-in-hand robot arm exactly stops on an observed object by use of
optic flow, without having visual depth information.

The use of optic flow for robot navigation is no novelty. Cipolla and Blake [1], for example, describe
a system for estimating time-to-contact from the flow-field, and use this for obstacle avoldance of a robot
arm with known kinematics. Sharma [2] uses time-to-contact derived directly from the optic flow as a
basis for mobile robot trajectory planning. Vernon and Tistarelli [4] use visual velocity vectors to estimate

depth in a complex visual scene, but again for a robot with known kinematics. In this paper, a method is
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Figure 1: The robot tries to grasp an object. The object is observed by the camera relative to the coordinate
system of the end-effector. Subsequent measurements of the object occur at subsequent time steps. The
figure also shows the projections of the vectors and objects on the z = 0 plane.

presented which does not have any knowledge of the robot at the kinematic level; instead, a self-learning
neural controller learns the camera-robot mapping directly from the behaviour of the robot, without any

prior knowledge.

2 System and problem description

The robot system used is a 6 DoF anthropomorphic robot arm, as depicted in figure 1. The length of the
lower and upper arm of the robot are 50 and 51 cm, respectively. The camera, as depicted in the figure, is
situated in the end-effector. By controlling the wrist joints 4, 5, and 6. the camera is always kept looking
down: only joints 1, 2, and 3 are used for positioning.

The task of the controller is to move the robot arm to a state where the distance d(t) between the camera

and the object is zero, and the arm is at rest. This can be formally specified as,
VE>0: d¥(ry) =0, (1)

i.e., the d(t) and its time derivatives must be zero at some user-specified 74, which we call the desired time-
to-contact. No detailed model of the robot, camera, or object is available; the robot-camera mapping must

be autonomously learned by the neural controller from the behaviour of the system.



3 The solution

In order to solve the posed problem, we decompose the distance d(t) in finite Taylor series for its z, y. and
z components, such that

d(t) = ao[i] + a1 [t]t + ... + a,[i]t" (2)

where the a;’s are different for the z, y, and z. The index i indicates a feedback step, i.e., ao[i] is the

trajectory parameter ap measured in time slot 7. Then the stopping criterion (1) for finite n

VE,0<k<mn: d® (r4i]) =0 (3)

leads to the following constraint on the parameters of the trajectory:

A proof of this assumption is available.

Equation (4) shows that, by putting restrictions on the parameters of the motion, the deceleration profile
can be controlled. By repeatedly, in subsequent time steps, adhering to (4), deceleration leading to the
stopping criterion can be guaranteed. Note that the value of ag. which is the position of the camera relative
to the object at ¢ = 0, and a;, which is the camera’s velocity, need not be known, but rather their ratio.
Without knowledge of the dimensions of the object, ap and a; can indeed not be measured with a single
camera. However, from the change of the observed area of the object, ag/a; is a measurable quantity. and

the desired values in (4) can be used as visual setpoints for ag/a; along the trajectory.

4 Controller structure

The neural controller for this experiment consists of an 15-input feed-forward neural network with 35 hidden

units in a single layer. The neural controller A/ performs the mapping
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where 0[] are the joint values for joints 1, 2, and 3, and ditto ® and 6. The visual input to the neural

network consists of the measured ag/a; in the «, y, and z direction, and their desired values 74 [i]/n. Once
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Figure 2: The left figure shows the velocity of the end-effector in cm/tick at 7 = 0. Typical end-effector
velocities are between 0.5 and 2.0. The right figure shows the distance between the end-effector and the
approached object at 7 = 0. The horizontal axis indicates the trial number. A typical deceleration path, in
which the whole reach space of the robot can be transversed, takes 30 ticks.

the transition ¢ — 7+ 1 has been made, the actual visual transition ao[é]/a;1[i] — ao[i+1]/a1[i +1] is available
and can be used as a learning sample. The learning method used is a conjugate gradient optimisation

algorithm [3].

5 Results

The method is applied to a simulated robot as described above. The results in figure 2 show that after only
a few trials, the neural network is able to generate joint accelerations which lead to the optimal path towards
the object. Implementation on a real robot arm is currently being realised. Due to the fact that only the

first derivative of the visual data needs to be measured. the system is robust against noise.
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