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Abstract

Most methods for visual control of robots formulate the
robot command in joint or Cartesian space. To move the
robot these commands are remapped to motor torques usu-
ally requiring a dynamic model of the robot. In this paper
we present a method for parameterizing joint torques and
learning to map visual input directly to them. The system
is implemented and used to control a CRS 465 robot. The
results of the implementation demonstrate that the parame-
terization of the torques allows both the motion and position
of the robot's end effectors to be controlled. Moreover, it is
shown that it is possible to map visual input directly to joint
torques.

1. Introduction

There is a variety of methods for creating robotic mo-
tions using visual input, which extract information from one
or more images and map it to a set of robot commands in
joint or Cartesian space [2]. These commands cannot be
used directly to move the robot, but rather require some
mechanism to convert them to joint torques. By not directly
specifying joint torques, the ability to shape the motion of
the robot and/or control robot pose is diminished, unless
the desired motion is speci�ed with a large number of small
movements. Producing a large number of commands is es-
pecially dif�cult when the motions are fast and short in du-
ration.

This paper will outline a method of generating joint
torques directly from visual input using neural networks.
This direct mapping minimizes motion latency. To facili-
tate the mapping process the joint torques are parameter-
ized using a model of human motor commands [3]. This
parameterization allows the system to produce short, quick
motions that can be shaped with only three parameters per
joint. The proposed method is intended for repetitive tasks
that are short in duration and tolerant to small positional er-
rors. It assumes a �xed initial robot pose, but can handle

signi�cant variation in the desired end position.
In the next section we brie�y review some related work.

Then we present a method for encoding the joint torques.
Building on this method, Section 4 describes a general sys-
tem for mapping visual input to the encoded torques. The
paper then describes how the general system can be imple-
mented to perform an interception task in Section 5. The
results of evaluating the implementation are shown in Sec-
tion 6. The paper concludes with a discussion of the results
and the contributions made.

2. Related Work

There is a variety of methods for producing a repetitive
motion. The simplest is recording a set of robot poses which
the robot moves through during the motion. The poses
can be generated manually or autonomously [5, 1]. Au-
tonomous methods can generate a large number of points
on the desired trajectory providing �ne control over the mo-
tion. Unfortunately, these systems produce motions that are
reproductions of the original, have no mechanism to han-
dle variations in the task, and do not learn. Moreover, re-
producing a motion from points does not guarantee success
because it ignores the kinematics and dynamics of the sys-
tem [1].

There has also been signi�cant research into the use of
open loop control to learn repetitive motions [8, 9, 2], but
unlike the methods above open loop methods make use of
visual input to accommodate small variations in the task.
The method outlined in [8] uses a lookup table to deter-
mine desired robot commands needed given the visual in-
put. In [9] the lookup tables, which can be large and cum-
bersome, are eliminated by using basis functions to deter-
mine the needed command. While the authors achieved
some success with basis functions, it is important to note
that their system was evaluated using a throwing task where
success is independent of the shape of the motion and posi-
tion of the robot's end effector. A summary of other meth-
ods where image input is mapped to Cartesian or Joint com-
mands can be found in [2].



Visual servoing creates robot motions directly from vi-
sual input (See [4] for a summary). These methods are par-
ticularly useful when the robot needs to work in a changing
environment and motions are rarely repeated because ser-
voing systems do not “learn” the motion, but creates the
motions directly from image information. Such motions
contain signi�cant latency and are often iterative, requiring
multiple images to complete. They also do not produce joint
torques, directly relying on the robot controller to generate
them.

3. Torque Pulses

A method for parameterizing torque pulses is required
for directly mapping image input to joint torques. The de-
sired encoding of the joint torques must minimize the num-
ber of parameters to facilitate learning, while maintaining
the system's ability to control the motion and position of
the robot's end effector. The method used in this work was
based on the torque pulses outlined by Bartoet. al. [3],
which emulate human muscle activations. While this pa-
rameterization was demonstrated only in simulation on a
simpli�ed, planar model of a human arm, its ability to spec-
ify a complex motion with only three parameters per joint
led to it being adapted for use with this work.

The torque pulses are speci�ed by the set of vectors
T = f ~�1; :::; ~�m g, wherem corresponds to the number of
robot joints. The vector~� j 2 < 3 delineates the torque pulse
to be applied to thej th joint. The three vector~� j is de-
�ned as [tsj ; tdj ; M j ]T , wheretsj , tdj , and M j delineate
the initiation time, duration, and magnitude of the pulse re-
spectively (see Figure 1). The distance that the manipulator
moves during the pulse intervalt i is dictated by the magni-
tude of the torques, while the shape of the motion is manip-
ulated by altering the delay and duration of the pulses.

4. Method

Given the parameterization used to specify the joint
torques, a method to map information extracted from one
or more imagesF directly to the torque pulsesT is needed.
The �rst step in determiningT is extracting features from
the image(s), which are processed and combined to create
F . The format ofF may simply be an ordered set of image
points corresponding to the extracted features, the location
an object in the image with its velocity, or a set of stereo
image pairs. The exact composition of the input vector is
determined by the information that is needed to complete
the task.

4.1. Torque Pulse Generation

OnceF is constructed it is converted to the set of torque
pulsesT that will produce the desired motion. There are

Figure 1. Example torque pulses used to con-
trol a robot with three joints. The tick marks
on the x-axis of the plot delineate the sample
instances.

several methods that can be employed to map the image
points to the desired torque pulses. One such method re-
constructs the image and determines the required motion
in Cartesian space. Then, using the Cartesian information
and a dynamic model of the robot, a boundary value prob-
lem can be formed and solved iteratively. We dismiss this
method because it is time consuming, the dynamics of the
robot can be dif�cult to model, and modeling the camera
and the robot can lead to signi�cant errors. One could also
use a lookup table to store input/output pairs, but lookup
tables can adversely effect the latency of the system.

In order to avoid the problems above we employ neu-
ral networks to perform the mapping ofF ! T . Neural
networks have been used in motion learning by a variety
of researchers [1, 12, 11]. They have even been used to
approximate the solution of a boundary value problem re-
quiring an iterative soltion [12]. Neural networks also offer
more �exibility than models and parametric functions be-
cause they do not impose constraints on the approximation,
making them well suited for this task.

There is a large array of neural network function approx-
imators capable of acceptable performance in learning to
mapF ! T . This work focuses on feed forward multi-
layer perceptron neural networks (MLPNN). Speci�cally, it
utilizes the simplest MLPNN capable of providing a satis-
factory approximation of the desired mapping in an effort
to minimize computation time and ensure that the network
generalizes well. Some tasks may require the system to em-
ploy a more complicated network structure. Doya et. al. [6]
suggests humans use several layer of neural networks to
map image information to muscle activations (e.g. one to
reconstruct active stereo information [7] and another to con-
vert the reconstructed points to the desired torque pulse).

Barring the need for the additional neural networks, the
process of mappingF ! T is accomplished in two steps.
First, the delays needed to minimize the deviation of the
robot end effector from the optimal path are estimated using
only F . Then the calculated delays are paired withF to



Figure 2. The physical system that consisting
of a camera, CRS 465, and ball.

determine the torque magnitudes. This two step process is
used because the torques needed to reach the desired �nal
position are dependent on the values of the delays.

Training: The method by which the neural network
learns the mappingF ! T is dictated by the type of heuris-
tic available and the task being performed. The heuristic
function must be able to determine the performance of the
system given the available feedback collected. It can be bi-
nary (success or failure), qualitative, or quantitative. The
richer the information the easier the learning task becomes.
If there is an obvious relationship between the output of the
heuristic function with respect to changes inT , creating a
learning mechanism becomes trivial, but this relationship
is not always known. Below we outline a mechanism for
learning the relationship for an interception task; Modi�ca-
tions may be needed for other applications.

5. Implementation

In order to show that a robot motion can be produced
using torque pulses estimated directly from image infor-
mation, the method proposed in this paper has been imple-
mented on a physical robotic system. The goal of our im-
plementation was to intercept a ball0:16s after it has been
observed using a linear motion. This includes0:01s to con-
struct the torque pulse and a0:15s pulse interval with a �xed
pulse duration of0:13s.

5.1. Experimental Setup

The experimental system is composed of a Fire-i400
camera, CRS 465 robot, and a ping-pong ball. So that
a more complete description of the setup can be made
a world coordinate system is de�ned at the base of the
robot seen in �gure 2. The z axis is aligned with the hip
joint of the robot and the surface of the table is in the xy
plane with the manipulator pointing in the direction of the
x axis. The ping-pong ball is mounted on the end of a
string and is suspended from the ceiling:610m in front
of the robot. The camera is mounted behind the robot at
(� 0:432m; 0:3175m; 0:432m) in the world frame.

The CRS 465 is a limiting factor in the our investigation.
It is intended for laboratory use with very small payloads;
thus the maximum joint torques are relatively small. This
dictated the duration of the torque pulse to be �xed at0:13s.
Even with the �xed pulse duration making up the majority
of the pulse interval the robot is only able to move to points
inside a window that is0:178m by 0:127m and0:610m in
front of the robot1. While it would be ideal to demonstrate
the system intercepting a ball that is thrown, without attach-
ing the ball to the ceiling with a string it is dif�cult to ensure
that the ball passes through the area that the robot can reach.
Additionally, the ability of the system to shape the motion is
limited because of the long pulse duration. The robot server
(see below) used a sample rate of100 Hz. leaving only
three possible delay values per joint:0s, 0:01s, or 0:02s.
The ability of the system to operate under these conditions
demonstrates its robustness.

The implementation was distributed across two comput-
ers because of resource constraints related to the real time
kernel used to produce the torque pulses, which makes im-
plementing the full system on one machine impossible. The
distributed system consistes of a server and a client. The
robot server containes the real time kernel and robot control
law, while the robot client generates the torque pulse com-
mands. Both systems are described in more detail below.

Robot Client: The robot client application is executed
on a 1.4 GHz Athlon computer running Redhat 7.3 equipped
with the Fire-i400 camera and generates the commandsT .
The �rst step in constructing the command is gathering the
required visual input, which consistes of the centroid of the
ball in two consecutive images. The input is then processed
to obtain the approximate position of the ball in the image
at t i = 0 :16s denoted~p3 = [ u; v], whereu andv describe
the horizontal and vertical position of the ball's centroidin
the image respectively. By approximating the path of the
ball as a linear motion over the0:16s interval the value of
~p3 can be estimated given the location of the ball in the �rst
and second images,~p1 and~p2 respectively, along with the
time between the images� t. Using the given information
~p3 is calculated as~p2 + ~p2 � ~p1

� t � 0:16. The linear approx-
imation allowed the simpli�cation of the visual input from

F =
h
~p2; ~p2 � ~p1

� t

i
to F = [ ~p3] with minimal loss of infor-

mation.
The inputF is then used to estimate the delays needed to

produce the desired motion. Each joint employes a MLPNN
containing one hidden layer of six sigmoidal neurons and
one linear output neuron per possible delay value, using a
winner-take-all approach to estimate the delays (i.e. the de-
lay corresponding to the output neuron with the highest ac-
tivation becomes the output of the network). The estimated
delays are then paired withF and input to the torque magni-

1It is important to note that the limited motion of the system is byno
means related to the proposed method, but an artifact of the CRS465.



tude estimation network, which consistes of a MLPNN with
one hidden layer of six sigmoidal neurons and three linear
output neurons. The output of the three linear neurons cor-
respondes to the torque magnitudesM 1, M 2, andM 3. The
�nal output T , a combination of the estimated delays and
magnitudes, is sent to the server to be executed.

Robot Server: The robot server is a 400 MHz Pentium II
Windows 2000 system, which executes the torque pulses re-
ceived from the client through TCP/IP with minimal delay.
The robot controller used to change the values of the joint
torques and gather the joint positions runs at 100 Hz. The
positions of the robot throughout the motion are recorded
and the values sent to the client so that they can be used to
evaluate the motion and update the MLPNN's.

5.2. Learning

The implemented system is constructed to learn through
experience. After each motion feedback is gathered, the
motion evaluated, learning data extracted, examples stored,
and the weights for each network updated. The two tier
structure of the network dictated two separate learning
mechanisms. The basic construction of the learning method
used in each system is the same, but small portions are mod-
i�ed to achieve the best results. Each system containsmem-
ory for storing input/output pairsX . The memory for this
simple implementation is a unmanaged queueQ. The obvi-
ous drawback to an unmanaged queue is its increasing size
making it unwieldy. In future work, a method for culling ex-
amples and limiting the size ofmemorywill be presented.
When the learning system creates a new exampleXnew and
adds it toQ, the corresponding network's weights are up-
dated8X 2 Q using back propagation [10]. The training
uses four epochs with a learning rate of 0.01 and a momen-
tum term of 0.5. Building on this general outline, the train-
ing techniques speci�c to each network are created.

Delay Estimation Network: The delay estimation net-
work is responsible for determining which of the discrete
set of possible delay combinations is optimal givenF . The
optimal delays are de�ned as those that minimize the devi-
ation

dev =
Z sf

0
k (s)opt �  (s)act kds; (1)

where (s)opt and (s)act are the optimal and actual path
respectively. Using eq. 1 and the motion feedback, it is not
dif�cult to determine the performance of the motion. Un-
fortunately, it is not apparent how to calculate or estimate
@dev
@tsj

without a quality model of the robot. Moreover, even

with an accurate model of robot dynamics determining@dev
@tsj

is a non trivial and time consuming operation. A system-
atic search could be employed during the practice motions
to determine the optimal delay combination, but this would
require a large increase in training time. To avoid this a

teacher (described below) is used to estimate of the optimal
delays

�
t̂s1 t̂s2 t̂s3

�
.

The examples needed to train the delay estimation net-
work are created by combining the teacher's delay esti-
mates with the input to the network to obtainXnew =�
F t̂s1 t̂s2 t̂s3

�
. Initially the system constructed a new ex-

ample and adds it toQ with each motion. This results in
the network settling in a local minima where the MLPNN
estimate alternated between one or two delay combinations
which where present in mostX 2 Q . This leads to the sys-
tem being modi�ed to only add new examples toQ when
the MLPNN estimate does not agree with the teacher, which
avoids over representations of certain delay combinations
resulting in improved performance.

Torque Estimation Network: The input to the torque
estimation network requires the addition of the delays to
the inputF + = [ F ts1 ts2 ts3]. The optimal estimate of
M 1, M 2, andM 3 is de�ned as the one which places the end
effector of the robot at the desired position at timet i . The
joint positions that produce the ideal robot pose are calcu-
lated using the robot kinematics. The error~e 2 < 3 is the
difference between the desired and actual joint positions.
Given the error for thej th joint ej a corrected estimate of
theM j can be found with

M̂ j = M j + K j ej ; (2)

where K j is a user speci�ed gain2. Once the cor-
rected magnitudes are calculated the exampleXnew =h
F + M̂ 1 M̂ 2 M̂ 3

i
is created and added toQ for each mo-

tion. Because the torque magnitudes are analog values that
vary signi�cantly over the motions the dif�culties relatedto
an over representation of certain values does not occur.

Teacher: Due to the lack of a dynamic model and
the high overhead of creating one, the teacher in our im-
plementation is a lookup table. Lookup tables are too
bulky and cumbersome to meet our goal of producing mo-
tions with minimal latency, but because the training takes
place after the motion is complete these limitations do
not effect performance. The table consists a set of en-
tries

�
F i

lut T i
lut

�
2 LUT , where T i

lut contains the ex-
perimentally determined optimal torque pulses givenF i

lut .
After a motion has been performed the teacher estimates
T given F returning theT opt

lut corresponding toF opt
lut =

min
�
jjF � F i

lut jjF 2
�

8F i
lut 2 LUT .

The most important function of the teacher is to aid in
learning the relationshipF ! [ts1; ts2; ts3]. As mentioned
above there is no apparent method for determining the@dev

@tsj
.

Fortunately, by evaluating the lookup table it is apparent
that the delays varies smoothly over the workspace. More-
over, by investigating the value ofdev during the creation

2K j is set to the maximum value that does not generate oscillationsin
theej .



Figure 3. Each point in represents the suc-
cess rate of the robot intercepting the ball 30
times.

of the lookup table it is apparent that the deviation varies
smoothly with respect to thets1, ts2, andts3. This allowed
us to assume that the teacher's estimate of the delays is rea-
sonable without introducing signi�cant errors.

6. Results

In our investigation the robot was to use a linear motion
to intercept the ping-pong ball. The height that the ball was
dropped from along with the length of the string was varied
randomly over30 trials and the number of times the robot
successfully made contact was recorded. For the motion
to be considered a success the front of the plate (70mm in
diameter) used for mounting the gripper must make contact
with the ball. If the ball hits the side of the robot or plate
the motion was recorded as a miss.

Each data point in �gure 3 represents the success rate
for 30 attempts at intercepting the ball. The investigations
showed that the majority of the misses were eliminated af-
ter about 40 practice motions, but the robot failed to hit the
ball at least 10% of the time even with 100 practice mo-
tions. This was likely caused by variations in the latency
of the system, which was visible at times. The observed la-
tency may be due to increased network traf�c and the inter-
rupt routine employed inside the operating system. The la-
tency could be eliminated with the use of a dedicated micro-
controller.

The deviation of the robot end effector from the desired
linear path is quanti�ed bydev, which was calculated us-
ing eq. 1. In order to demonstrate the ability of the robot
to shape the motion of the end effector we create110sim-
ulated ball trajectories. The system was trained by moving
the physical robot to intercept the simulated ball. Ten of
the simulated trajectories were selected at random for use
in testing. Once the training was complete the value ofdev

was found for each motion in the test set. With just 100
practice motions the averagedev was reduced to less than
3cm2 with a maximum of9cm2 with a motion of at least
6cm.

7. Discussion

We have outlined a system for mapping visual input di-
rectly to a robot command in joint torque space. Addition-
ally, we presented a method for parameterizing torques to
facilitate the mapping process. The system was demon-
strated on a simple ball interception task. The results show
that the the proposed method is able to quickly learn a task.
Moreover, it is apparent from the results that the parameter-
ization of the torques, while simple, allows the motion to be
shaped.
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